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Preface

The 18th event of the Industrial Conference on Data Mining ICDM was held in
New York again (www.data-mining-forum.de) under the umbrella of the World
Congress on Frontiers in Intelligent Data and Signal Analysis, DSA 2018
(www.worldcongressdsa.com).

After the peer-review process, we accepted 25 high-quality papers for oral pre-
sentation. The topics range from theoretical aspects of data mining to applications of
data mining, such as in multimedia data, in marketing, in medicine and agriculture, and
in process control, industry, and society. Extended versions of selected papers will
appear in the international journal Transactions on Machine Learning and Data Mining
(www.ibai-publishing.org/journal/mldm).

In all, 20 papers were selected for poster presentations and six for industry paper
presentations, which are published in the ICDM Poster and Industry Proceedings by
ibai-publishing (www.ibai-publishing.org).

The tutorial days rounded up the high quality of the conference. Researchers and
practitioners got an excellent insight in the research and technology of the respective
fields, the new trends, and the open research problems that we would like to study
further.

A tutorial on Data Mining, a tutorial on Case-Based Reasoning, a tutorial on
Intelligent Image Interpretation and Computer Vision in Medicine, Biotechnology,
Chemistry and Food Industry, and a tutorial on Standardization in Immunofluorescence
were held before and in between the conferences of DSA 2018.

We would like to thank all reviewers for their highly professional work and their
effort in reviewing the papers.

We also thank the members of the Institute of Applied Computer Sciences, Leipzig,
Germany (www.ibai-institut.de), who handled the conference as secretariat. We
appreciate the help and understanding of the editorial staff at Springer, and in particular
Alfred Hofmann, who supported the publication of these proceedings in the LNAI
series.

Last, but not least, we wish to thank all the speakers and participants who contributed
to the success of the conference. We hope to see you in 2019 in New York at the next
World Congress on Frontiers in Intelligent Data and Signal Analysis, DSA 2019
(www.worldcongressdsa.com), which combines under its roof the following three
events: International Conferences Machine Learning and Data Mining, MLDM (www.
mldm.de), the Industrial Conference on Data Mining, ICDM (www.data-mining-forum.
de), and the International Conference on Mass Data Analysis of Signals and Images in
Medicine, Biotechnology, Chemistry, Biometry, Security, Agriculture, Drug Discovery
and Food Industry, MDA (www.mda-signals.de), as well as the workshops, and
tutorials.

July 2018 Petra Perner
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Effective Mechanism of Mapping Labels in
Financial Tables using Machine Learning

Yan Chen1, Agrima Srivastava2, and Dakshina Murthy Malladi3

1 Factset Research Systems Inc. New York, USA
2 Factset Research Systems Inc. Hyderabad, India

ychen@factset.com, agrima.srivastava@factset.com and
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Abstract. In order to give a better picture of a company’s financial
health to the investors we need to map the reported financial labels in
the current year with the labels reported in past. The main issue in
mapping these labels is that the companies keep changing their report-
ing patterns and the same labels which are semantically similar across
the years may or may not remain the same syntactically. Hence, in this
work we have proposed, built and analyzed an effective mechanism for
mapping semantically similar and syntactically dissimilar financial labels
of a company across the years. We map the problem statement as a clas-
sification task, make use of machine learning to build models and use it
to predict an appropriate matching label for the newly reported filings.

Keywords: Finance · xbrl · Support Vector Machine · Natural Lan-
guage Processing

1 Introduction

With the fast moving markets, the investors have to analyze the current market
trends and make quick decisions [1][2]. In order to do so they need to apply
business intelligence on a holistic view of statements over the period of years [3].
To achieve this task we need to map all the financial labels in the newly reported
filing with the financial labels of the filings reported in the past. These financial
labels can differ across the years as they may or may not be reported in the
same way each time the reports are filed. For e.g. the financial label “Property,
plant and equipment, net” could have been reported as “Plant, rental machines
and other property net” in the past. Therefore, there is a need for an efficient,
scalable and intelligent mapping service which can not only speed up the entire
process and reduce the manual effort, but can also learn from the prior experi-
ence, thereby providing highly accurate predictions in future.

In summary, the main contributions of the work are as follows : To the best
of our knowledge we are the first ones to come up with this problem statement
for the financial domain and have proposed, built and analyzed an effective so-
lution for mapping syntactically dissimilar financial labels. We extract financial
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labels from the highly unstructured and voluminous financial data, build clas-
sification models and deploy a scalable and fault tolerant solution for mapping
them.

2 Related Work

An extensively used method for the similar kind of problem is the Latent Seman-
tic Analysis (LSA) which comes under the corpus based similarity method [4]. In
general LSA is more appropriate for longer texts whereas the shorter sentences
would result in sparse representations. Anna et al [5] have experimented with
wide varieties of distance functions and similarity measures and have used it for
clustering. They have compared and analyzed the effectiveness of these measures
in clustering the text documents. On the similar lines, Islam et al have proposed
a normalized and modified version of the Longest Common Subsequence (LCS)
string matching algorithm in order to measure the text similarity [6]. Finan-
cial labels are too scarce as a unit to support effective statistical analysis [7].
Therefore, we apply feature based approach in order to find semantic similari-
ties between the labels and map them with an appropriate label in the previous
filings.

3 The Overall Workflow

Fig. 1. The overall work flow for the mapping process.

Figure 1 shows the complete work flow of the proposed solution. We fetch
all the history or past mapping data for a company over a period of specified
years as well as the current filing which has to be mapped. The filings obtained
in the form of pdf are converted to XML which is then used to identify the

2
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financial tables followed by feature extraction and model building [8]. We load
the trained classification model and make row maps of financial labels between
the current filing and the history filings. We then perform feature extraction and
make predictions for each of them and return the mappings having the highest
prediction score.

4 Data Collection, Feature Extraction and Model
Training

For data collection we iterate through the list of 500 companies for which we
collect the manually mapped financial labels. Some companies also report fi-
nancial labels in the eXtensible Business Reporting Language (XBRL) format
along with the traditional format [9] [10] which is why we come up with three
categories of row maps i.e. the xbrl to xbrl, xbrl to html and the html to html.
A filing falls under the category of xbrl if it has been reported using XBRL
standards, otherwise we categorize it as HTML.

For feature extraction we decided to go with various similarity metrics. Hier-
archy of the labels plays an important role while mapping the labels. For e.g. the
financial label “Depreciation and Amortization Expense” can come from the par-
ent label “Cash Flow from Operating Activities” and also from the parent “Ex-
penses”. Therefore we take a combination of hierarchy based and non-hierachy
based features. For feature extraction we mainly calculate the cosine similarity,
context similarity, bi-gram and tri-gram similarity between the hierarchy labels,
non-hierarchy labels and the xbrl labels. We train three different models for each
of the row map category and train the feature vectors using the Support Vector
Machine algorithm.

To achieve a higher accuracy we select output thresholds for each model
from a fixed set of threshold values. We ran our experiment on a total of 125
combinations of thresholds and recorded the value for precision and recall for
each of them. The baseline precision and recall value was recorded as 72.74%
and 95.66% which went up to a precision of 83.56% and a good enough recall of
92.28% with the threshold of 0.6,0.6 and 0.4 for xbrl,xbrl-html and html models
respectively.

3
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5 Final Label Mapping

For final mapping we extract the financial labels from the the current filing and
predict the financial labels in the past filings with which it best matches to. The
following algorithm illustrates the same :

Algorithm 5.1: Data Mapping(RowMaps,Models)

Extract features for xbrlRowMapLoad xbrlmodel
Using the trained model and extracted features
xpred = Predict(xbrlRowMap,xbrlModel)

Extract features for xbrlhtmlRowMapLoad xbrlhtmlmodel
Using the trained model and extracted features
xhpred = Pred(xbrlhtmlRowMap,xbrlhtmlModel)

Extract features for htmlRowMapLoad htmlmodel
Using the trained model and extracted features
hpred = Predict(htmlRowMap,htmlModel)

Finalpred = xpred + xhpred + hpred
Sort FinalPred scores in descending order
for each RowMapi ε FinalPred{

If RowMapi not in the ResultSet
ResultSet = Insert RowMapi

6 Performance Evaluation

We trained our models with various classification algorithms namely the Logistic
Regression, Random Forest, Gradient Boosted Tree Model and Support Vector
Machine. We observed that the SVM outperforms the other algorithms used
here. Figure 2 below shows the label mapping ratio vs the average collection
time taken. Here the X axis represents the mapping rate and the Y axis repre-
sents the mapping time. For example, for filings where mapping rate accuracy is
100%, the research analysts only need less than 10 minutes of processing time.
Without, such a service in place they will have to manually go through each filing
and map the labels which is tedious and is susceptible to incorrect mappings.
On an average without such a service in place it would take hours to process
the filing whereas the average time taken now is reduced to a few seconds. Fig-
ure 3 below shows the graph between the mapping rate and the percentage of
filings processed. X axis represents the mapping rate and Y axis represents the
percentage of filings. From the graph we can infer that a significant number of
filings have a mapping rate of greater than 85% percent. The service makes use

4
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Fig. 2. Mapping vs average.

Fig. 3. The mapping rate.

of Apache Spark as the parallel processing framework. During the peak seasons
the analyst receives more than thousands of documents and there are over mil-
lions of data points that the service has to process in real time. We maintain
a work-queue at the back end which is responsible for preventing any sort of
thundering herd problem.

7 Conclusion and Future Work

In order to provide one stop data solutions to the investors we devised an effec-
tive feature based mechanism to map semantically similar yet syntactically dif-
ferent financial labels by making use of support vector machines. Our algorithm
achieves a pretty good accuracy and has reduced the manual efforts greatly. As
part of our future work we plan to optimize our code, improve the overall speed
of the process and make our service language agnostic.

8 Credits

Special thanks to Sarah Hoffman, Ajaya Mallapaty, Naveen Kudupudi and Geetika
Digumarthy who have helped us shape the solution. We would also thank the
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Factset Fundamentals Technical Operations (FFTO) team for contributing their
time and providing us with relevant feedbacks while testing the service.
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Evaluation of Community Structure Finding
Algorithms on Social Network Data Sets

Abdul Qadar Kara and Harun Pirim

Systems Engineering Department,
King Fahd University of Petroleum and Minerals
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Abstract. Community structure finding is investigated since decades.
Different class of algorithms exist without a clear winner. We compare
three different classes of community structure finding algorithms to com-
prehend on the performance based on modularity, VI, NMI, and ARI.
Three network data sets are employed for the comparison. The results
suggest concentrating on optimization based methods to find community
structures. Optimization models can be used to guide heuristic methods
for larger data sets.

Keywords: Community structure, Clustering, Modularity, Graph par-
titioning

1 Introduction

Most of the real word systems and data sets can be represented by networks.
Networks span diverse fields such as computer science, i.e. Internet [1], computer
networks, and social sciences, i.e. social networks [2,10]. Analogous among these
networks are two basic components, individual nodes or vertices represented
by web-pages, computers, humans etc. and edges or connections represented by
wired (or wireless) connections, relationships, similarities between entities etc.
This network representation has enabled scientists to study various aspects of
these systems, allowing them to understand more about them and explaining
associated features or underlying behaviors. One of these aspects is to study the
sub-grouping of the network or ”community structure”, that is smaller groups
of nodes closely connected to each other compared to other nodes. Connectivity
can be due to higher density of edges between these nodes than with the rest of
the network. This finding of smaller well-connected communities among larger
network is an interesting problem and has been well studied in the literature (see
[12,13] and references there in). One of the recent approaches that has gained
popularity in recent literature [12,13] is based on benefit function known as
Modularity.

According to [3], modularity is a measure of the difference between the ex-
isting connectivity within separate communities and expected connectivity. The
stronger the connectivity within communities, the larger is the difference. Then
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for a network G(V,E), where V denotes set of vertices, whose cardinality is n and
E denotes set of edges, with cardinality of m, mathematically, the modularity
can be written as:

Q =
1

2m

∑
ij

(Aij − Pij)δ(Ci, Cj) (1)

where and j are vertices belonging to V , the pair ij denotes an edge in E. m
denotes the total number of edges in E. A is the adjacency matrix, Pij is the
expected number of edges between the vertices in the null model. The δ−function
is 1 if both vertices i and j belong to the same community denoted by Ci

(Ci = Cj), 0 otherwise. For the null model, we expect (as in [3,6] among others)
the degree of each vertex is equal to its actual degree in the network. This entails
Pij =

kikj

2m , where ki is the number of edges from vertex i to any other vertex in
the network. Therefore, equation (1) translates to,

Q =
1

2m

∑
ij

(Aij −
kikj
2m

)δ(Ci, Cj) (2)

The goal is to find communities that increase the modularity function. In prac-
tice, a value greater than 0.3 is considered to be evidence for existence of stronger
community structure.

In this paper, we have taken three different methods from the literature based
on the concept of modularity and compared them on three different data sets.
Next section starts with describing briefly our algorithm choices. It then proceeds
to explaining the data sets used and the performance measure we use to analyze
different algorithms. All methods are implemented in R language with igraph
library [4]. The last section describes results of the comparative analysis and
conclusion.

2 Methodology

For our comparative analysis, we choose three algorithms.that all use the concept
of modularity, but differ in their approach of maximizing it.

Algorithm 1 Our first choice of algorithm is by Clauset et. al [6]. This is
an improved version of the earlier algorithm proposed in [5]. This method is
an agglomerative hierarchical clustering method, where vertices are iteratively
joined together to form larger communities in order to increase modularity. The
process starts from n communities (each node is community). At each iteration,
we select an edge to be added such that the modularity is maximally increased
(minimally decreased) from the current setup resulting in one merging of two
communities into one. Change in modularity ∆Q is computed at each merge
as ∆Q = 2(eCD − aCaD), where eCD refers to edges between communities C
and D and aC refers to all edges out of community C. This algorithm ends
when there is only community left. ∆Q only changes where there is an edge
between two communities otherwise it is 0. eCD is updated if the corresponding

8



Evaluation of Community Structure Finding Algorithms...

communities (i.e. C and D) merge. The method we used makes use of efficient
data structures, a sparse matrix to store ∆QCD for each pair of community C,D
as a balanced binary tree, a max-heap containing the largest element of each row
of matrix of ∆QCD and a vector containing values of aC . The running time
is therefore O(mdlogn), where d is the depth of the dendrogram describing the
network community structure.

Algorithm 2 Our second choice of algorithm is based on the concepts from
graph partitioning and spectral optimization. Modularity matrix B is introduced
where its elements are defined as Bij = Aij − kikj

2m . Let s be vector representing
partition of graph into two clusters C and D, where each element represents
node i ∈ V , si = +1 if the node belongs to community C or si = −1 if it
belongs to D. The modularity function (defined in eq(2)) is then transformed
into Q = 1

4msTBs. Further dividing s into linear combination of normalized
eigenvectors ui of the modularity matrix, s =

∑n
i=1 aiui with ai =uTi s, we get

Q = 1
4m

∑
i a

2
iβi, where βi is the eigenvalue of B corresponding to the eigen-

vector ui. The algorithm then tries to find the eigenvector with highest value of
corresponding eigenvalue. We use the signs of the elements in the eigenvector to
divide the nodes into two groups. We repeatedly apply this approach to all the
subgroups until we cannot find a positive eigenvalue that can further divide the
resulting subgroups. The average running time (based on the average length of
dendrogram as d = logn) is O((m+ n)nlogn).

Algorithm 3 Our third choice of algorithm is based on the framework of math-
ematical programming, more specifically Integer Linear Programming (ILP)[8].
This is a very simple and intuitive ILP model that maximizes the modularity
function (described above) based on the relationship of reflexivity, symmetry and
transitivity. For a network of n nodes, they define n2 binary decision variables
Xij ∈ 0, 1, one for each pair of nodes. The idea is, if the two nodes belong to
same community then the corresponding variable is 1. The constraints include
reflexivity, that Xii = 1,∀i ∈ V , symmetry Xij = Xji,∀i, j ∈ V and transitivity
∀i, j, l if Xij = 1 ∧Xjk = 1 → Xil = 1 (linearized version). The objective func-
tion is then to maximize eq(2) where δ(Ci, Cj) is replaced by Xij . The simplified
version of this ILP has only

(
n
2

)
variables and

(
n
3

)
constraints. No polynomial

algorithms exist for general ILP problems.

2.1 Performance Measures

In order to compare the aforementioned algorithms, we used three performance
measures, apart from modularity, that indicates the performance of each algo-
rithm on each data set.

– Adjusted Rand Index (ARI)[14] Adjusted Rand Index is corrected-for-
chance version of the Rand index. It is one of the partition similarity measure
based on pair counting.
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– Normalized Mutual Information (NMI)[15] Normalized Mutual In-
formation (NMI) is similarity measure based on information theory and is
widely used to determine correctness of partitioning scheme.

– Variation of Information (vi) Variation of Information (vi) is another
similarity measure based on information theory. It measures locally, i.e. it
looks at the difference of the partitions themselves and not on the overall
network.

2.2 Data sets

We chose the following three data sets to test the algorithms. These are well-
known data sets in the literature and has been used by many approaches to
test their effectiveness in identifying the right number of communities as well as
correct membership for each of its vertices.

– Karate club The first data set we chose is a relatively well-known data set
known as Zachary’s network of karate club. There are a total of 34 members
(represented as nodes) in this network, a total of 78 connections between
them (indicating interaction between members) and two sub-groups [9].

– Dolphin Social Network Another commonly used data set to benchmark
algorithms is a network of dolphins living in New Zealand as analyzed by
Lusseau [10]. The nodes in this data set represent dolphins and the edges rep-
resent animals that were seen together with higher than expected value.There
are total of 62 members in this network with a total of 159 connecting edges
and two sub-groups.

– Schedule of American College Football This data set refers to the
schedule of Division I games for the 2000 season [11]. The vertices represent
the teams and the edges between them represent if these teams play against
each other according to the schedule.This data set contains a total of 115
nodes, 613 edges and a total of 12 communities (conferences)

3 Results and Conclusions

We compared three community structure finding algorithms based on modular-
ity, vi, NMI, and ARI values (as shown in Table 1). The optimization based
method generated the best modularity values. This is expected as the method
maximizes the modularity globally. The method generates better NMI values
as well compared to other methods. The method finds the best partition for
the largest data set, football, with the highest ARI score. The greedy method
finds better ARI values while the eigenvector based method generates better vi
values. The optimization based method finds 6 best values, the greedy method
finds 4 best values, and the eigenvector based method finds 3 best values. More
optimization based methods can be compared using more data sets and vali-
dation metrics for a future study. Efficient heuristic methods can be guided by
optimization models to find community structures for bigger data sets.
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Algorithm1 Q vi NMI ARI

Karate 0.3990796 0.2922759 0.8255182 0.8027464

Dolphins 0.4954907 0.7770066 0.5727005 0.4508546

Football 0.5497407 1.269104 0.6977317 0.4740983

Algorithm2 Q vi NMI ARI

Karate 0.4118179 0.7278128 0.6551704 0.504765

Dolphins 0.4911989 1.212381 0.4489142 0.2830055

Football 0.4926058 1.339205 0.6986702 0.4640505

Algorithm3 Q vi NMI ARI

Karate 0.419 0.629 0.687 0.541

Dolphins 0.5285194 0.886768 0.5864663 0.3734515

Football 0.604 0.519 0.890 0.807
Table 1. Results of the comparative analysis
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Abstract. This paper describes a colour approach to doing data pro-
cessing and computations and it illustrates this with everyday applica-
tions. Everything can be represented as light with examples including
text, numbers, objects and patterns. They can be each given a unique
colour code.
Computers that use light to perform data processing and computations
are referred to either as chromatic computers or photonic computers.
Light can be decomposed into a colour spectrum and colours can be
used to represent data and to do mathematical operations.
Chromathics is a process of doing calculations and transformations with
light. Light-based operations can be performed at speeds faster than
digital ones and can compress data better than can be done with digital
computers.
This paper will explain both chromatic computers and chromathics. It
will provide everyday examples to illustrate the use of a colour approach
to computing.

Keywords: chromatic · chromathics · photonic

1 Introduction

Colour is an integral part of the universe. Everything has colour. Sometimes it is
natural and other times it is artificial. Colour is simply the wavelength of light.

In nature, certain animals have specific colours and patterns which allow
them to function, survive, mate and similar. For example a gecko changes the
colour of its skin to match the colour of its background. This gives it protection
against predators.

2 Analogue versus Digital Computers

There are different views on analogue computers versus digital ones. An ana-
logue computer [1] uses continuous values to represent electrical, mechanical or
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physical quantities that are employed in the problem being solved. In contrast,
digital computers [2] represent quantities in binary form as ‘0s’ and ‘1s’ and
perform high speed calculations using binary numbers.

Analogue computers operate on mathematical variables in the form of phys-
ical quantities. Examples include temperature, pressure and electrical currents.
Any real physical process can be represented by a mathematical model. This is
the basis of analogue computing. After the modelling of the physical process has
been completed, the computations performed by analogue computers are easy
to do and convenient.

The advantage of analogue computers are that they can show the solutions in
a graphical manner. In an analogue computer the output can be connected to an
oscilloscope and results can be viewed by users. In a digital computer the mod-
elling may require complex programming and the use of graphical applications
to represent the results.

The disadvantages of analogue computers are that they are not versatile and
they may not be as accurate as digital computers. The accuracy of the analogue
computers is limited and dependent on a number for factors such as the circuit
parameters and the wiring of the computer and are prone to external influences
such as magnetic effects and ambient temperature and pressure.

Examples of analogue computers include slide rules, tide predictors, the Nor-
den bomb sight, electric integrators that solve partial differential equations, elec-
tronic machines that solve differential equations, machines that solve algebraic
equations and neural networks.

Digital computers deal with mathematical variables in form of numbers that
represent discrete values of physical quantities. The advantages of digital com-
puters are that they are versatile, programmable, accurate, and less affected by
outside influences in contrast to analogue computers. As pointed out calcula-
tions are performed using binary numbers. Most modern computers, laptops,
and calculators are digital in their operations.

The disadvantages of digital computers include the way they deal with larger
numbers. These are denoted using a sequence of 0s and 1s digits called bits and
bytes. They are therefore computationally slower, because they have to pass
more data in a data stream to achieve the same results.

3 Chromatic Computers

Chromatic also can be called ‘photonic’ computers use light to do data processing
and numerical operations. Light can be decomposed into a colour spectrum and
the different colours can be used to represent data and to do mathematical
procedures.

Chromatic computers can work in either analogue or digital mode. They can
also be applied in an integrated manner such as with hybrid computers. Specific
combinations of these different computers can differ from hardware to hardware,
from situation to situation and from problem to problem i.e. they can be used
in digital, in analogue or in both modes of operation.
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4 Chromathics

This is about doing calculations and transformations using light. It works along
the same lines as logarithms, where numbers are transformed into log values,
mathematical operations are performed on the numbers such as addition or sub-
traction, and then the results are converted back to numerical results. Chromath-
ics, as with logarithms, involves transforming numbers into colours, sometimes
mathematical operations are performed with the data and the resulting results
are converted back into numbers [3].

A similar approach can also be used with text where it is converted to colour
and transmitted from one location to another and then converted back to text.
This can be used with the encryption of messages. This will be illustrated and
discussed later in the paper.

5 Chromathic Operations

These are used to perform operations where data in transformed and transmitted
in colour rather than digital form. They include the use of three basic colours of
red, green and blue. These three colours can be combined two at a time to form
other colours. For example, a combination of red and green gives a yellow tone
and a combination of red and blue gives purple tone.

Information is stored as bits and bytes in a digital computer. A bit is the
smallest unit for storing information. A bit contains either a ‘0’ or ‘1’. This is
insufficient to represent characters used for conveying information and repre-
senting numbers.

A byte consists of 8 bits and is used to signify a character such as ‘A’, ‘9’ or
‘#’. This is done using an 8 bit binary code of ‘0s’ and ‘1s’. Therefore a byte is
the standard binary packet that is used by computers to represent characters. A
byte of 8 bits can furnish 256 or 28 patterns. Therefore a byte can store a number
between 0 and 255 for numerical values. It can also represent 256 colours.

Each pulse containing a chromatic representation of data consists of the three
basic colours of red, blue and green. Each pulse can also represent a number
between 0 and 16,777,216 based on the following calculation:

256 (red tone) * 256 (green tone) * 256 (blue tone) = 16,777,216 or 224

colours.

If a second pulse is sent this enables a number between 0 to 281,474,976,710,656
or 248 to be used. The upper limit increases exponentially as more pulses are
added to the signals.

The above description shows what can be achieved with quantity of numbers.
It ignores the costs of the conversions from numerical to a colour representation
and vice versa. The costs of the conversion process is considered to be a hardware
issue. It depends on the hardware available and how it is configured as to how
much it costs to do these conversions. For example, if parallel processing is
employed the number of conversions and transfers can be increased substantially.
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6 Coloured Barcode

The concept of a coloured barcode was selected to represent entities and events
using colour. It is based on the QR code system [4]. QR stands for quick response.

6.1 QR Code

The QR code system was invented in 1994 by the Japanese company Denso Wave.
Its purpose was to track vehicles during manufacturing. It was designed to allow
high-speed component scanning. QR codes are now used in a much broader con-
text, including both commercial tracking applications and convenience-oriented
applications aimed at mobile-phone users (termed mobile tagging). They may be
used to display text to the user, to open a Uniform Resource Identifier (URI), or
to compose an email or text message. There are now many QR code generators
available.

A QR code consists of either black squares arranged in a square grid on a
white background or it can be any mix of colours provided with contrast high
enough to allow differentiation of cells. It can be read by an imaging device such
as a camera and is processed using Reed-Solomon error correction [5] until the
image can be correctly interpreted. The required data is then extracted from the
QR patterns that are present in both horizontal and vertical components of the
image as shown below.

Fig. 1. The overall work flow for the mapping process.

The QR code has become one of the most-used types of two-dimensional code.
A QR code uses four standardized encoding modes (numeric, alphanumeric,
byte/binary, and kanji) to efficiently store data. Extensions may also be used.
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6.2 Colour Barcode

A barcode is a machine-readable optical label that contains information about
the item or event which it represents. The coloured barcode employed in the
applications described in this paper are the equivalent of a pixelated image
where each colour bar contains information arranged in a sequence. The colour
employed in each bar is the combination of three basic colours highlighted pre-
viously of red, green, and blue. Examples are shown later in the paper.

Doing mathematical operations with chromathics are still being explored.
However, early results look promising.

Chromathics enables a numerical value between 0 and 16,777,216 to be rep-
resented in a single colour square. In this form, mathematical calculations can
be performed in the same way as logarithms.

By placing these coloured squares in a three-part sequence of ‘number op-
erator’, ‘number operator’ and ‘number operator’ computations, a chromatic
barcode can be produced. A number of coloured squares can be assembled to-
gether to make a barcode to give higher numerical values. As was previously
mentioned in this paper, a numerical value of up to 281.5 trillion can be repre-
sented by two coloured squares. The squares are a categorical representation of
the different mathematical operations in a list. This list is repeated three times
for the variable it is applied to.

The key difference doing this computationally is that chromathics can de-
compose the numerical value into three parts and apply different mathematical
operations to any of these parts. By doing chromathics in a barcode, means that
each colour represents a mathematical operation of a number. There is no vari-
ation required for the mathematical operations because they are standardised.

However, numerical representative colours can represent whole numbers, neg-
ative numbers or decimal points. But a barcode is just a number of coloured
squares in a sequence. It can be read left to right or all at one time i.e. in
sequence or in parallel. So in this case a barcode can be an imprint on a page, an
image file or a pulse of light. The pulses (i.e. segments) need to be consistent. If
whole positive numbers are employed then each pulse is a value between 0 and
16,777,216. If decimal numbers are used, then the same range can be applied
with an adjustment calculation in the computer. If however negative numbers
are required, then the range is between -8,421,504 and +8,421,504. This is ex-
actly half way and this needs to be balanced like this to accommodate pulses in
either direction.

7 Advantages

There are advantages in using chromatic computers. One is the compression
ratios that can be achieved with data, the second is more efficient computer
operations and the third is that it can use fuzzy logic.
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7.1 Data Compression

Three columns and 2520 rows of data represents 105 kb in a CSV file [6]. A jpg
file [7], which is used for web pages, can store the same data using 8.48 kb. It is
to be noted that JPG uses lossy compression techniques [8] where as a CSV is a
literal compression. This illustrates that the files are smaller in size than using
CSV representations.

The compression advantage with chromathics is that the combination of three
lights in one pulse and that light has a higher range of values in a single pulse
than using a black and white representations.

7.2 Colour versus Binary Operations

Chromathics is more efficient than traditional binary operations. This is illus-
trated with weather systems where three sensors employed provide real-time
measurements of air pressure, humidity, and temperature would be compressed
into single pulses which are then transmitted at optical speed. The optical pulses
received by a sensor decodes them using optical bypass filters to be processed to
provide weather data.

If these operations were done in a binary system, the values from each sensor
would have to be converted into binary code and then transmitted as pulses.
The binary codes would then have to be converted back to their original values.
This would require more computer processing because of the use of binary code
than using a colour approach.

7.3 Fuzzy Logic

This is an approach to computing based on degrees of truth in which the truth
values of variables can be any real number between ‘0’ and ‘1’ rather than ‘true
or false’ or ‘0’ or ‘1’ with crisp logic on which digital computers are based. The
concept of fuzzy logic was first advanced by Lotfi Zadeh [9] from the University of
California at Berkeley in the 1960s. It is employed to handle problems and issues
involving partial truths where the truth value may range between completely true
and completely false.

Chromathics can use fuzzy logic to enable it to manage values that range
between a minimum and maximum value. This enables observations to be rep-
resented with real values. In contrast binary representations can become expo-
nentially cumbersome to process.

8 Electromagnetic Spectrum

Light is part of the electromagnetic spectrum [10]. This spectrum is divided
into separate bands according to frequency and wavelength. They include radio
waves, microwaves, infrared radiation, the visible region that is perceived as
light, ultraviolet, X-rays and gamma rays.
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The question can be raised why not use the whole of the electromagnetic
spectrum instead of the narrow band that covers light to perform chromathic
operations. Light has two advantages over using the whole of the electromagnetic
spectrum. The first is that is easier to use with filters and the second is that it
is easy to combine numbers using light.

The main reasons for this are simple logistics and the type of user. From
a machine point of view, the main reason is the question of which technology
gives the best definition between the pulses, to run the processes and to achieve
an end result. For humans it is different. They, except the visually impaired,
are used to dealing with light and most of the technology used in the world
rely on the use of light. In addition users often want to examine the process
that the technology is designed to deliver as it is happening such as seeing a
sequence of events to detect any emerging patterns. It is a truism that people
want to be able to examine the results and they do this normally using visual
perception. Another possible futuristic reason is that human beings may want to
communicate with nonhuman living beings such as monkeys, dolphins, dogs and
even possibly plants. This may seem farfetched at this point in time. But at some
future point scientists may focus on enhancing the cognitive ability of these non-
human lifeforms to provide a functional labour force. Chromathics may provide
a solution to facilitate this human to other animal and plant communications.

9 Examples

These are a number of the ways chromathics can be applied to real-world appli-
cations. Examples include tracking horse leg movements, sending encoded mes-
sages, picking colours for house decorations, measuring vibrations, finding the
loudest sound source and mapping changes in cloud cover for adverse weather
developments. Examples of these uses are illustrated below.

9.1 Control of Movements

Colour can be used to transmit commands to robots. An example is a robot
receiving its instructions from colour transmitted from devices in the floor of a
room where colour conveys information about the distance and height of the next
movement taken by a robot. The robot would be able to adjust its behaviour
based on the information conveyed by the colour transmitters. In hospitals, the
same systems can be employed to control service delivery and cleaning activities.
This would allow robotic units to be simplified in their design and therefore
be made less prone to failure because control is exercised by the transmitters
delivering colour instructions rather than code stored in the robots memory. It
is acknowledged that this solution does not necessarily reduce failure rates.

9.2 Capturing Movements

When movements are being mapped, a chromathic process gives 16,777,216 dif-
ferent three dimensional (3D) positional data points. This creates a mosaic pat-
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tern where the movements are represented as single colours. When multiple
observations are taken and are visually examined, rhythmic patterns and posi-
tional variations within those rhythmic patterns can be identified. For example,
if a 3D sensor was mounted on a horse and then the horse was ridden around a
set course for a specified time, it would be possible to identify specific way points
and any variations in the horses movements. This data could be used to identify
any anomalies in the horses gait which could indicate possible lameness and the
degree of lameness. If a regular starting point could be established, then the data
set could be turned into a time series data set with comparison of performances
possible over repeated occurrences.

This mosaic is an example of horse movement. The first column ranges from
standing still to walking. The second column ranges from walking to trotting.
The third column is trotting to cantering and easing back to at rest. The last
column is coming to rest and the removal of the sensor equipment

Fig. 2. Capturing Movements

Another practical example is Chinese calligraphy where a human uses brush
strokes to produce Chinese characters. This is a highly skilled art. Once a start-
ing point is established the person painting can progress through a number of
3D way points using sound to provide feedback on the precision of the strokes.
A musical chord across three octaves informs the person printing of the devia-
tion and distance from the desired way point position. To establish the persons
position compared to the way point would be a difference measure between both
positions in 3D, and if the person is greater than the desired position, then a
combination of high octave notes sound. If the person is below the position, then
a combination of low octave notes are heard. Then when the person is within +
or 2.5% of the desired way point, then a combination of middle octave notes
are heard. The greater the loudness of the chord, the greater the distance from
the persons position to the way point position. It is expected that this use of
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light and sound would speed up the development of precision with the brush
strokes. The same solution can be applied learn yoga and to improve stroke play
in sports such as golf, tennis, cricket and baseball.

Fig. 3. Series of Yoga exercises

9.3 Traffic Flows

The mosaic below (Traffic Flows) is of motor vehicles going through an intersec-
tion with a sample rate of 300 milliseconds. This is an example of how to sample
quickly car colours. The black colour is the other side of the road. The other
colours in the squares represent different coloured vehicles. These entries allow
traffic flows to be assessed.

9.4 Audio Events

The mosaic below (Audio Events) shows the sounds of outside noise and birds
singing as well as music playing on a radio. The audio spectrum is broken up into
three equal segments. With each colour representing a 1/3rd, the computer can
detect the different tones better than the human eye. While this image appears
to have maybe 20 different tones there are over 50 different colours.

9.5 Weather Events

The mosaic below (Weather Events) is of a series of 10 minutes observations of
weather sensors. The three sensors are air pressure, humidity, and temperature.
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Fig. 4. Traffic Flows

Fig. 5. Audio Events

Each square represents the combination of the three sensors and transmitted to
a receiving sensor that is programed to adjust the environmental controls when
it detects a specific colour.

The next mosaic (time lapse example of rain and storm) is a time lapse
example of rain and storm clouds with lightning going past. The change in the
grey tones gives an indication of the severity of the storm.
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Fig. 6. Weather Events

Fig. 7. Time lapse example of rain and storm

9.6 Chemical Assays

This mosaic (Chemical Assays) contains observations taken of bricks, plants, and
metal. However an astronomical spectrometer optical filter was used in a similar
manner to organic chemistry spectroscopy. This process uses reflected light from
the sun to give a chemical assay of objects.

Fig. 8. Chemical Assays

9.7 Encryption of Messages

With a chromatic approach able to compress and store data in an optical format,
this allows it to be transferred and accessed from an image file rather than an
ASCII based file. In the following example, the image is of the Lords Prayer
which has been transformed and compressed from text to a colour mosaic where
one tile contains three pieces of data. However, the image can have a number
of adjustments made to make it harder to decode and read. By changing the
colour combination order, or by adding a weighting factor, the message within
the image is encrypted and could not easily be deciphered without the key.
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Fig. 9. Encryption of Messages

This mosaic (Encryption of Messages) is of a single piece of text repeated
twice. The before the three black squares is the standard text. Following the
three black squares is the same text but slightly scrambled. Each square has a
possible 16,777,216 possible combinations of characters. This type of data storage
can also be used for encryption

10 Discussion

The above examples illustrate that there are potentially many practical uses of
a colour approach to computing including it can be used to store and transmit
compressed and encrypted data, it can track the movements of people, other
animals and mechanical objects and it can identify their colour signatures. This
can assist with safeguarding data from unauthorized intrusions, with control-
ling traffic flows, with teaching intricate and highly skilled movements in sports
such as with tennis shots and with detecting criminals, terrorists and similar
where chromatic detection is used with facial recognition [11]. It can also assist
with measuring the nutrients, moisture and pesticides in agriculture fields and
with diagnosing diseases based on their spectral patterns. The potential uses of
chromatic computing and chromathics are many. The above suggested uses have
to be confirmed by further research. One application where a chromatic com-
puting could confer a significant advantage is with the authentication of users.
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Malicious actors now have access to increasingly powerful computer capabilities
that threaten governments and private enterprise. An example is to decrypt a 12
character password consisting of upper and lower case numeric and non-alpha
characters. This takes less than 500th of a second using a high-end video card
from a leading vendor [12]. They offer much more processing power than many
desktop personal computers.

Using a chromatic approach to certificate based authentication could provide
a chromatic certificate that changes colour every time it is accessed in a similar
manner to blockchain [13]. It can authenticate users who have a corresponding
chromatic certificate key. The permutations here are huge thus making it difficult
for malicious actors to compromise these certificates. The certificates could also
decide what access privileges a user is conferred based on the contents of his/her
chromatic certificate and the period of time they cover. This too has to be tested
to see if these expectations are supported.

It is also considered that a chromatic approach could fill the gap between
traditional digital computers and the promise of quantum computers. Quantum
computing uses quantum-mechanical principles to perform numerical operations.
They would theoretically be able to solve certain problems much more quickly
than any classical computers that use even the best currently known algorithms.
Quantum computers [14] promise to run calculations far beyond the reach of
any conventional supercomputer. They might revolutionize the discovery of new
materials by making it possible to simulate the behaviour of matter down to the
atomic level. They could upend cryptography and security by cracking otherwise
invincible codes. There is even hope they will supercharge artificial intelligence
by crunching through data more efficiently.

Chromatic computers will not process numbers at the super speed of quantum
computers but they offer the possibility to outperform conventional computers
in data processing and scientific calculations. They can do this without the
current technical complications of quantum computers that are very sensitive
to temperature and other environmental conditions. Quantum computers can
become quite unstable if conditions change.

The future may see the progression of digital computers, chromatic computers
and quantum computers with each having particular strengths and each having
a particular niche where they perform optimally.

11 Conclusion

The potential of chromatic computing and chromathics is considered immense.
They could confer many possible advantages with storage, transformation and
transmission of data, with doing mathematical operations, with encryption of in-
formation and with authentication of people and the provision of privileges. The
next steps are to see to what extent these potential uses can be realised. As sug-
gested above chromatic computing could fill the gap between digital computers
and the great promise of quantum computers.
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Abstract. With the development of globalization of research and development, technologies are
required which will enable us to do quality evaluation from domestic computing environment soon
after a change occurs in customized design. In this research, a high-speed engineering data transfer
technique to reduce transfer time to 1/100 based on data mining was developed. Thus design
simulation platform can be executed from overseas sites, and high-quality customize design became
possible.

Keywords: Simulation · Data Transfer · Data Mining · Design Cloud

1 Introduction

With the expansion of overseas business of international companies, localization of product design for
each region is also expanding rapidly. With the expansion of overseas business of international companies,
localization of product design for each region is also expanding rapidly. In FY12, research project called
design cloud, targeting at whole Hitachi Group, was started by Hitachi to fast establishment of overseas
design sites and realize high-reliability design same with Japan, the structure of which is shown in Fig.1.
Data centers are built in the mother factory in Japan, and overseas design sites, including America and
India. In data center of Japan, design environment including analysis tools such as simulation software,
super computer, and PC cluster are equipped.

The design cloud is targeting at evaluating automotive parts design in the US and the design of power
electronics in India. In this research, US with high-end communication network, and India with 1 order
lower communication network than Japan, are selected as evaluation objects. In the future, design cloud
will be deployed to global design environment.

For the evaluation of automotive parts design, in March 2013, an environment was established that
allows design site in US to access technical computing environment in Japan and do evaluation with
vHILS (Virtual Hardware In the Loop Simulation) technology developed by Hitachi. For the collaboration
with India, customized design in HHPE which is a joint venture of Hitachi is selected as object, for the
development of design cloud with softwares, such as thermo-fluid simulation software called PESDAP
developed by Hitachi. However, because of low transfer speed between Japan and India, data transfer

Fig. 1: Concept of the design cloud.
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time became the bottle neck for high efficient simulation. High speed data transfer technique for reducing
transfer time of engineering data became necessary.

Engineering cloud is being developed in Fujitsu since 2009. By applying super computer inside the
company, simulation environment for constructure simulation and electronics simulation can be provided
[1]. For urgent simulation task, calculation resources such as super computer bacame necessary, and
engineering cloud is developed to provide the service by allocating calculation resources. In Fujitsu Ltd.,
system for sharing design information is constructed between Japan and overseas design sites [2]. The
company of NEC is also developing a computing environment called HPC cloud by connecting to super
computer and PC cluster, and the computing service is being provided. Rajendran, A. [3] proposed
technique towards obtaining maximum through in large data transfer by optimizing and fine-tuning
scientific and applications and mid-dleware at 100 Gbps speeds, achieving 80-90 Gbps in most test cased
with a peak transfer rate of 100 Gbps.

Our research is targeting on thermo-fluid simulation, and reducing thermo-fluid simulation time from
the current 100 hours to 20 hours is required by design engineers, therefore the design job and simulation
job can be applied parallelly and smooth design process can be accomplished. Therefore, it is necessary
to reduce transfer time of 4GB data between Japan and overseas design site from the current 16 hours to
within 0.16 hours. Our development goal is that, with WAN accelerator technique developed in Hitachi,
the time for data transfer will be reduced to 1/100 of that of the previous methods.

2 High-speed Engineering Data Transfer Technique

A high-speed engineering data transfer technique is developed, including both net-work acceleration tech-
nique and engineering data compression technique. For net-work acceleration, WAN accelerator technique
developed by Hitachi is applied. And for data size reduction, a novel compression technique based on
analysis knowledge of simulation result is developed. We focus on the thermo-fluid simulation. The sim-
ulation result commonly reaches large data size, and takes quit a long transfer time from the data center
in Japan to overseas designs sites. Inside thermo-fluid simulation result, evaluation area which should
be evaluated, and non-evaluation area which is not necessary to be evaluated, are focused. Evaluation
area extraction tech-nique, and non-evaluation compression technique with higher compression rate than
conventional technique, was developed. The work flow of the developed method is introduced below.

Conventionally, designers evaluate simulation results manually. Therefore it costs long time for eval-
uation area extraction. We interviewed designers, summarized evaluation areas, and completed the soft-
ware which can extract evaluation area automatically. Thermo-fluid simulation result is taken as research
object. And tech-nique that can extract to check thermo-generation area and flow distribution was de-
veloped.

In some area of thermo-fluid simulation result, precise simulation result data is required for high
precision evaluation, and we call it evaluation area. In some other areas, only the trend is analyzed,
and small error is acceptable. Because the error may be generated with compression, in the former case,
compression should not be applied. And we call this kind area non-compression area. The other kind of
area is called compression area. To maintain high precision of evaluation area, evaluation area should be
extracted.

The evaluation area extraction method is developed to correct the error by tensor compression
method. For high-quality verification, necessary evaluation areas of power electronics equipment are
summarized by interviewing experienced designer in mother factory in Japan. We classified them into 3
kinds as below.

The first kind is high-temperature areas. Temperature of each element is checked. If an element is
with higher temperature than input threshold, it is extracted.

The second kind is thermo accumulation areas. Thermo accumulation area means in a relatively large
area, all the elements are with higher temperature than an input threshold. Although the temperature
threshold here is lower than threshold in the first kind, the parts surrounded by hot air is hard to be
cooled, and trend to become higher temperature. Thus the thermo accumulation areas are with danger
and focused by design engineers. To extract the thermo accumulation areas, high-temperature location
next to the thermo generation parts is searched.

The third kind is locations surrounding thermo generation parts. Fluid velocity of elements surround-
ing thermo generation parts is evaluated. Thermo exchange be-tween thermos generation parts and air
is not efficient in the low velocity area, and thermos generation parts usually trend to become higher
temperature. Therefore these areas with low fluid velocity are focused by design engineers. If the velocity
of an element is lower than the input threshold, the element is extracted.
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The evaluation areas extracted are separated from the whole simulation result, and saved as inde-
pendent file, so as to maintain high precision.

Areas besides evaluation areas are compressed by tensor decomposition based compression technique.
The tensor decomposition based compression technique can obtain a quite high compression ratio, which
can reach 1/1000, despite compression error. But the error is acceptable in the non-evaluation area, be-
cause only the trend of simulation result is analyzed. By applying the compression technique, compressed
data with much smaller size are obtained.

For compression of non-evaluation area, we focus on property that result data from thermo-fluid
simulation is orthogonal mesh format, thus can construct a tensor. Because the 3-dimension tensor can
be decomposed into three 2-dimension matrices and one 3-dimension matrix, and total size of theses
matrixes is much smaller than the compression technique is developed. These matrixes can be recovered
to the original format, so as to approximate the tensor.

Compressed data by tensor decomposition is presented by the three 2-dimension matrix and one 3-
dimension matrix. Theses matrix are combined together to recovery the original simulation data format,
by matrix operation. Thus in the recovered file, error occurs even the evaluation area.

Data combination is used for correcting the error generated in recovery of com-pressed data. Simula-
tion result of the evaluation area without compression is combined with recovered data, so as to correct
the error generated by compression.

With this technology, transfer time can be shortened even with very narrow band-width, and simu-
lation result can be evaluated in India with high precision.

3 Data Transfer Experiment Between Japan-India

Model 1 in Table 1 is a converter for 3MW wind power generator, and thermo-fluid simulation result is
used to verify the developed technique. Simulation data (Fig.2 (a)) before compression is 130MB, among
which non-compress area is extracted by pro-posed method. In this experiment, if temperature difference
between a surface element which is higher than 50 and the element which is 8mm away from surface is
lower than 5, the area is extracted as non-compress area (Fig.2 (a)). Data size of compressed data (Fig.2
(b)) and non-compress area (Fig.2 (a)) is reduced to 2MB. Thus the compression rate reached to 1/70.
Data transfer speed from Japan to HHPE is 44kbps, which can be improved to 110kbps by applying
WCC data transfer tech-nique with 2.5 times transfer speed. The total transfer time is reduced to 139s
(transfer time 130s and compress-recover time 9s), gaining a reduction rate of 1/173. The recovered data
is illustrated in Fig.2 (c). We can see that the compressed data is with error, and recovered data by
applying developed technique is without error. Model 2 in Table 1 is a converter for 2MW wind power
generator, and data transfer time is reduced to 190s. The research goal of 1/100 is accomplished (Table
1).

Table 1: Result of proposed technique

Data Size Transfer time Compress and recover Time Total time

Model 1 before 130MB 240× 102 s 0s 240× 102 s
after 2MB 130s 9s 139s

Model 2 before 294MB 550× 102 s 0s 550× 102 s
after 2MB 180s 10s 190s
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Fig. 2: Data transfer experiment.

4 Conclusion and Future work

A high-speed engineering data transfer technique to reduce transfer time to 1/100 based on data mining
was developed in this research. Thus design simulation plat-form can be executed from overseas sites,
and high-quality customize design became possible. High-speed engineering data transfer technique is
going to be deployed to other business departments, so as to take advantage of design cloud. The under-
standing of design process would be necessary to contribute to the realization of high-quality customized
design for utilizing simulation tools, such as not only vHILS and thermo-fluid simulation but other kinds
of software.
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Abstract. In this paper, we explore the utility of customer behav-
ior analysis of un-structured video data for improving sales forecasting,
which is an important task for supply chain management in retail store.
Our work is motivated by the observation that the needs and interest of
customers will influence the sales performance and customers’ needs and
interest can be reflected in some degree by monitoring and analyzing the
customers’ behavior in a store. To the best of our knowledge, this is the
first work that introduces the customer behavior analysis of monitoring
video data to sales forecasting task. In order to validate our observa-
tion, we conducted a series of experiments in a physical retail store and
demonstrated that integrating video-based customer behavior analysis
into a conventional sale forecasting model results in a performance im-
provement.

Keywords: Customer behavior analysis, sales forecasting

1 Introduction

Sales Forecasting is an important task for supply chain management, business
planning, and customer relationship management in retail industries [1]. In par-
ticular, retail stores provide short shelf-life food products and inaccurate forecast
tends to cause stock-outs and food waste [2]. Therefore the accurate prediction
is required for reliable planning and optimization.

A number of studies on sales forecasting have been conducted in the past
decades. Recently machine learning based forecasting methods have achieved
high accuracy compared with traditional statistical time series methods, such as
moving average model [3,4]. To improve the performance, demand influence fac-
tors have been explored[5,6]. Generally, weather conditions, holidays, and public
events are considered due to their impact on demand and public availability[5].

On the other hand, behavior intelligence and insight play an important role
in data understanding and business problem solving [7,8]. Customer behavior
contains valuable information for marketing analysis. Therefore, it is attractive to
considering exploiting customer behavior analysis in sales forecasting. The idea
of combining customer behavior analysis with sales prediction been previously
reported in online sales forecasting, which consider visitor’s behavior tracked
in their online EC-site [9,10,11]. However, little research has been conducted
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in this direction for offline cases. Customer behavior inside a physical store,
which represents a shopping process until purchasing or non-purchasing but not
explicitly included in the point-of-sales (POS) data or other external data, is
often neglected.

In this paper, we present an approach to improve the performance of sales
forecasting by incorporating the customer behavior analysis into a conventional
sales forecasting model. Specifically, we develop video-based customer behavior
analysis system for monitoring and analyzing customer’s shopping behavior, then
extract the information about how the customers interact with the stores and
products, and finally design a framework to incorporate the customer behavior
analysis into a sales forecasting model. To demonstrate the effectiveness of our
approach, we conduct a series of experiments in a physical retail store. We show
that our approach yields improvements for all the test collections and achieves
better results than the conventional sale forecasting method.

To the best of our knowledge, this is the first work that introduces the cus-
tomer behavior analysis of monitoring video data to sales forecasting task. Over-
all, the main contributions of this paper are as follows:

– We present a new approach to encode customer behavior information to sales
forecasting.

– The relation between customer behaviors and sales is investigated.
– We make behavioral forecasting to predicts customer behavior and translate

it into sales.

2 Proposed Method

In this section, we introduce our approach for incorporating customer behavior
analysis into a conventional approach for sales forecasting. We first describe
an overview of our video-based customer behavior analysis system, which can
monitor the customer’s shopping behavior inside a store. Second, we discuss what
types of shopping behaviors are relevant to sales. Third, we make behavioral
forecasting to predicts customer behavior and translates it into sales. Finally, we
explain the way to integrate new customer behavior features to the traditional
method effectively. Figure 1 shows an overview of our approach for incorporating
customer behavior analysis into a conventional model. This is the framework that
we utilize the unstructured video data for financial forecast, which is traditionally
based on structured data.

2.1 Customer Behavior Analysis

We developed video-based customer behavior analysis system for capturing and
analyzing customer’s shopping behavior in real stores. Our system is composed
of multiple IP cameras and PCs with image processing modules installed. Specif-
ically, surveillance cameras, which is utilized for monitoring, marketing, or se-
curity in a physical store, was installed. We developed several retail-oriented
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Fig. 1. Overview of the proposed approach

intelligent video analysis modules for analyzing customer’s behavior inside a
store.

– Visitor counter module receives video frames from a surveillance camera
just above the store entrance and counts the number of customers who visit
or leave the store.

– Property estimation module also receives video frames from a surveil-
lance camera just above the store entrance and estimate the age and gender
of customers.

– Customer tracking module processes video data from multiple cameras
mounted on the ceiling inside the store and this module conduct several
image recognitions sub-modules,

Specifically, customer tracking module includes people detection sub-module,
head orientation estimation sub-module and trajectory reconstruction sub-modules.
People detection sub-module first detects the region where a customer is in a
video frame based on background subtraction technique, and then detects the
head and body part. head orientation estimation sub-module analyzes the head
orientation and outputs the category of head orientation (e.g. front, left, back,
right). Trajectory reconstruction sub-module reads sequential images, detects
locations, estimates head orientation, and reconstructs a trajectory inside the
store. All the data is aggregated in real time and transported to our cloud server
per 5 minutes. Using this system, we can collect the customer information of the
visitor number, customers’ age and gender, customer shopping trajectory and
shopping actions.

2.2 Customer Behavior Feature Selection

Customer behavior is the center point of behavioral forecasting and sales fore-
casting. In this section, we will discuss how do customers behave in a store and
how does this impact sales.

In the case of physical store, if a customer has no interest to the product, he
or she will neither look at the shelf nor turn to the shelf. As an initial interest
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level, he or she will go to the shelf and stay in front of the shelf. If the customer
has more interest, he or she will stay in front of the shelf for a long time. If the
customer has further interest, his or her gaze will fall upon the product and gaze
the shelf for a long time. If the customer has further interest, he or she probably
stretches arm and touches the product. Based on these observations, in sales
forecasting task, we assume that the following shopping behaviors are strongly
related to customer’s demand, reveals the interest of customer to the product
and reflected the way in which customers interact with the store and products:

1. Visit the store
2. Pass the shelf
3. Stay in front of the shelf
4. Gaze the shelf
5. Purchase the shelf

Because of some technical limitations (such as low resolution images, lighting
conditions, and occlusions) of the customer behavior analysis system described
in section 2.1, we can only analyze the previous four behaviors.

To capture the relation between the behaviors and sales, we investigated
the relationship between customer behaviors and sales using the history data of
shopping video data and POS data, and made the following two observations:

Observation 1: The sales was impacted by customer behaviors.
Figure 2 shows the tendency of sales, the visitor number and behavior num-

ber. We can see that the tendency of the visitor number and behavior number
is the same as that of sales.

Fig. 2. Plot of sales, visitor numbers and behavior numbers

Observation 2: The relations between the behaviors and sales are different
for different specific customer segments.
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Fig. 3. Correlation of sales and visitor numbers of different gender groups

We investigated the correlation coefficients of customer behavior and sales.
Figure 3 is the plot of the correlation coefficients between sales and visitor num-
bers of different gender groups. The number of male customers is more relevant
to sales than that of female customers. Customers in different gender groups
impact the sales in a different way.

Fig. 4. Correlation of sales and visitor numbers of different age groups

Figure 4 is plot of correlation coefficients between sales and visitor numbers
of different age groups. The number of female customers aged 20 to 29 is more
relevant to sales than that of female customers above 60. Customers in different
age groups also impact the sales in a different way. As the store is located in the
business center area in Tokyo, the salarymen and young female staffs are tend to
be frequent buyers while the female customer above 60 are tend to be occasional
customers. Our findings are consistent with the situation of the physical store.

From this point of view, we propose to encode the customer behavior infor-
mation separately for different customer segments and different activities. We
categorize customers into groups by gender and age, then investigate how dif-
ferent customer groups are relevant of sales and encode the behavior of specific
customer groups as distinct new features for sale forecasting. Specifically, visi-
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tors’ age is categorized into 6 groups, under 19, 20-29, 30-39, 40-49, 50-59, 60
or over. We make the activities (behaviors) features in the same way. Activities
include pass by the shelf, stay in front of the shelf over 5/10 seconds, gaze the
shelf over 1 second. We calculate the number of people who act these behaviors
from trajectory data acquired by the customer behavior analysis system. Con-
sequently, we extract customer behavior features, including the daily number of
visitors to the store at each age group and gender, people who pass by the shelf,
stay in front of the shelf over 5/10 seconds, gaze the shelf over 1 second.

2.3 Behavioral Forecasting

We must predict the sales in advance. However it is impossible to know the
customer behavior information of the prediction target day in advance. There-
fore in order to add the customer behavior information into sale forecasting, we
must make behavioral forecasting too. We apply time series analysis to model
seasonal patterns of customer behaviors and here predict the customer behav-
iors of a target day using simple moving average (SMA) method. We adopted
moving average of same days of week in past 4 weeks because daily sales are
strongly related to the day of week. To put it simply, for example, customer be-
havior of the week day is different from the holidays and the effects of weekends
and holidays should be considered. We found that predicted customer behavior
information is close to the actual situation except for some special days such
as some special holidays, and can capture recent trends of customer behavior.
We finally generate customer behavior features by behavioral forecasting result.
Table 1 shows generated customer behavior features.

Feature Type Feature Description

Visitor features Nvisitor, visitorg SMA of number of visitor for each age and gender group.

Npass SMA of number of people who pass by the shelf.
Activity features Nstayf ive SMA of number of people who stay in front of the shelf over 5 seconds.

Nstayten SMA of number of people who stay in front of the shelf over 10 seconds.
Ngaze SMA of number of people who gaze the shelf over 1 seconds.

Table 1. Customer Behavior Features

2.4 Feature Integration

To integrate the customer behavior features into a structured data based tradi-
tional model, the following two integration strategies are adopted:

– Feature combination

This is a simple concatenation of separate features and requires only single
model. There is a possibility that high dimensional features cause overfitting or
complexity of interpretation.
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– Ensemble learning

Ensemble learning is an algorithm to acquire more accurate outcome by com-
bining the predictions of multiple models. Ensemble modeling is most effective
when large variance of outcomes or large difference among input data type. We
here adopt the simplest way of ensemble averaging described as follows:

fi(X) =
1

M

M∑
i=1

f̂i(X)

Here, f̂i(X) is the output of model i among all the multiple models and M
is the number of models.

3 Experiments

3.1 Experimental Setting

In this paper, we chose rice balls sale forecasting in a physical store as as our
prediction task. Specifically, we predict the daily sales number of rice ball in
one week before the prediction target day. In our study, we don’t consider type
difference of rice balls and the target value is total number of all types of rice
balls. Our video-based customer behavior analysis system is installed in a phys-
ical store, which is composed with two surveillance cameras for visitor analysis,
three omnidirectional cameras for acquisition of customer’s trajectory inside the
store, and two PCs with image processing modules installed.

The experiment is conducted from October 2015 to May 2016. In order to
evaluate the generalization performance appropriately, we choose the last week
of March, April, and May 2016 as validation period (Test1, Test2, and Test3). As
we define forecasting day as one week before the target day, the training period
covers from October 2015 to the day when one week before the target day as
shown Figure 5.

Fig. 5. Experimental data sets
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3.2 Baseline Models

The baseline model is a conventional approach based on machine learning gen-
erally using the structured information, such as weather, calendar, and event
information. We train our baseline model on Gradient Boosting Decision Tree
(GBDT) proposed by Friedman [12], which is demonstrated to be one of the most
effective algorithms and is becoming a mainstream in forecasting competitions
as well as Kaggle challenges. Baseline features are as follows:

– POS information: the same days of the week in past 4 weeks.
– Weather information: lowest/highest temperature, precipitation, humidity,

wind speed, and categorized day-time/night weather (sunny, cloudy, rainy,
snow).

– Calendar information: year, month, the day of week, seasons, quarters, pub-
lic holiday, holiday, before/after holiday, between holidays, consecutive hol-
idays, annual events, elapsed years/month/weeks/days, number of weeks in
corresponding month.

– Promotion information: discount sales, special lottery, collaboration cam-
paign, etc.

We use XGBoost[13] library for implementation of GBDT, which has become
widely popular tool among various competitions. We tune the hyper parameters
of XGBoost step by step for acquiring generalization ability as follows: (i) fix a
relatively high learning rate (e.g. η=0.1) and find the optimal number of trees
under the fixed learning rate by cross-validation. (ii) tune tree-specific parame-
ters such as the maximum number of depth, the minimum weight at child nodes,
the ratio of subsamples, etc. (iii) tune regularization parameters which help to re-
duce model complexity. (iv) lower the learning rate (e.g. η=0.01) and recalibrate
the number of trees.

In addition to the conventional machine learning model, we built a mov-
ing average model with daily sales of same day of week in past 4 weeks for
comparision. This is the widely-used simplest way for sales forecasting and our
collaborative retail company also adopt this method for daily sales forecasting.

3.3 Experimental Results

We evaluated the effectiveness of our proposed method in a series of experiments.
Specifically, we investigate the effect of incorporating customer behavior features,
which is described in Section2.2, into a traditional model.

We used Accuracy as evaluation metrics.

Accuracy = (100 −MAPE)%

Here, Mean Absolute Percentage Error(MAPE) is defined as follows:

MAPE =
100

N

N∑
i=1

fi − yi
yi
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Methods Test1 (%) Test2 (%) Test3 (%) Average (%)

Sales SMA model 87.18 91.28 83.55 87.34

Baseline model 88.78 92.68 87.31 89.59

+ (a) visitor features 90.37 93.78 84.46 89.54

+ (b) activity features 88.1 95.8 85.86 89.92

+ (a), (b) 87.44 95.97 86.07 89.83

Customer model 89.62 94.21 86.04 89.96

Ensemble model 89.2 93.71 88.83 90.58
Table 2. The results of prediction models

Here, fi is the predict value, yi is the actual value and N is the predict data
number.

Table 2 shows the final results for all experiments. Our experiments demon-
strate that the customer behavior information contributes to the improvement of
prediction performance even though the customer related features are generated
by behavioral forecasting. We investigated the cases with great improvement and
found the following points contribute to the performance gains:

(i) The latest trends of the customer behavior have impact on the sales
of a product and the balance among the kinds of customer behavior can be
considered by our method. For example, if the number of visitors is increasing
while the number of customers passing the shelf is stable, it perhaps indicates the
customers are interested in other products but not in the predict target product,
the sales of the targeted product is not increasing.

(ii)The latest trends of some specific customer segment sometimes impact the
sales greatly and the trends of the specific customer segment can be encoded by
our method. For example, in some cases, the tendency of the female customers
over 60 and under 12, who belong to the occasional customer segment, changed
greatly and such change can be reflected by our method and lead to a more
precise prediction.

In general, structured POS data only include the buyers information, while
customer behavior data provides more detailed information, which includes the
information of latent buyers and represents the whole shopping process. Such
information is effective for the sales prediction.

4 Conclusion

In this paper, we presented an approach to improve the performance of sales fore-
casting by incorporating customer shopping behavior analysis and investigated
the impact of several strategies which can integrate the unstructured customer
behavior features into a conventional structure data based model. The exper-
imental results showed that customer behavior information provided improve-
ments for all the test collections. Customer behavior analysis was demonstrated
effective in sales prediction task. In future, we will evaluate our method with
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large data sets and introduce the confidence of the customer behavior informa-
tion to the behavioral forecasting model.
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Abstract. Electricity load forecasting refers to the estimation of future
load demand. This is very important for real-time contingency analysis,
maintenance scheduling, infrastructure development, etc. In this short
paper, we analyze the behavior of supervised learning models such as
Multi-Layer Perceptron and Support Vector Regression for the purpose
of short-term load forecasting. We highlight the weakness of such learning
models and we describe our ongoing work to enhance the prediction of
existing approaches.

Keywords: Electricity consumption · Load forecasting · Supervised learning.

1 Context

Forecasting electricity demand and energy, is being used throughout all segments
of the electric power industry, including generation, transmission, distribution, and
retail. Applications of load forecasts include power supply planning, transmission
and distribution systems planning, demand side management, power systems
operations and maintenance, financial planning, rate design, and so forth. Due
to the fundamental role of load forecasting in the utility business operations,
inaccurate load forecasts may result in financial burden to, or even bankruptcy of
a utility company. While load forecasting provides a key input to power systems
operations and planning, inaccurate load forecasts can lead to equipment failures
or even system wide blackout [1].

Electric load forecasting refers to the estimation of future load demand. A
typical forecasting process involves modeling the relationship between load and its
influential factors, such as temperature, wind speed, and day type (e.g. week day,
week end, holiday). Load forecasting can be roughly classified into four categories
based on its forecasting horizon: (1) Very Short-Term Load Forecasting (VSTLF)
for few minutes to one hour time interval – VSTLF applications may include
optimal power flow and real-time contingency analysis; (2) Short-Term Load
Forecasting (STLF) for one hour to one week timestamp – STLF applications
may include unit commitment and economic dispatch; (3) Medium-Term Load
Forecasting (MTLF) for one week or one year – MTLF applications may include
reserve requirement decision and maintenance scheduling; and finally, (4) Long-
Term Load Forecasting (LTLF) for one year and above – LTLF applications
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include infrastructure development and financial planning. In the experiments
reported in this document, we focus on STLF. Specifically, we define STLF as
a 24-hour-ahead load forecast whose results will provide an hourly electric load
forecast in megawatts for the next 24 hours (a 24-hour load profile). In the
following section, we present some experiments related to the STLF problem. In
Section 3, we discuss our ongoing work.

2 Experiments

2.1 Data Preparation

We conducted experiments using hourly data taken from ISO New England (ME
station) [2], an independent electricity system operator in the USA. The time
period for the collected data is from January 1, 2015 to December 31, 2016. The
data contains 17,522 instances and 14 features. Since we want to forecast one day
ahead, we aggregate the hourly data to one day. Also, we generate a weekend
index to mark weekday and weekend (1 for a weekend and 0 for a weekday.) For
the load forecast, the input parameters include the following: (1) Day of the week;
(2) Weekend indicator (0 or 1); (3) Previous 24-hr average load; (4) Previous
24-hr average demand; (5) Previous 24-hr average Dry bulb temperature; (6)
Previous 24-hr average Dew point temperature.

We used a windowing technique to transform the above time series data into
a generic data set; this step will convert the last row of a window within the
time series into a label or target variable. Our window size is 8; that will use
the previous 7 days data to predict one day ahead. That means we will use the
previous 7 days data (weekend indicator, average load, average demand, average
Dry-bulb temperature, average Dew point temperature) to predict the 8th day
load value. This will generate a new data set with 34 attributes, and the target
variable will be the load attribute.

2.2 Comparing Algorithms and Evaluation Metrics

In our experiments, we compared the performance of two load forecasting su-
pervised methods: (1) Multi-Layer Perceptron (MLP) and (2) Support Vector
Regression (SVR) [3]. The selected models (MLP and SVR) are trained with
data from January 1, 2015 to December 31, 2015 and tested on out-of-sample
data from January 1, 2016 to December 31, 2016. The test set is completely
separate from the training sets and it is not used for model estimation or vari-
able selection. In order to evaluate the forecast performance, we used a sliding
windows validation technique. This technique uses a certain window of exam-
ples for training and uses another window (after horizon examples, i.e. time
points) for testing. The window is moved across the example set and all perfor-
mance measurements are averaged afterwards. The performance measure that
we have used to evaluate the quality of the forecasting, that is, to compare be-
tween the predicted load p1,...,pn and the actual load a1,...,an (over n instance
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MLP SVR

Mean Absolute Error 42.326 49.003
Relative Absolute Error 3.20% 3.84%

Correlation Coefficient 0.863 0.824

Table 1: Results over the full feature space.

MLP SVR

Mean Absolute Error 42.001 53.876
Relative Absolute Error 3.26% 4.25%

Correlation Coefficient 0.843 0.786

Table 2: Results over a subset of selected features.

in the testing set), are : (1) Mean Absolute Error MAE = |p1−a1|+···+|pn−an|
n

which look at the average difference between the predicted load p and the ac-

tual load a; (2) Relative Absolute Error RAE = |p1−a1|+···+|pn−an|
|a1−a|+···+|an−a| which divide

the differences between p and a by the variation of a (note that a denotes
the average load over a) - so RAE has a scale from 0 to 1 such that lowest
values (close to 0) suggest good prediction; and (3) Correlation Coefficient

CC = SPA√
SPSA

, SPA =
∑n

i (pi−p)(ai−a)
n−1 , SP =

∑n
i (pi−p)2
n−1 , SA =

∑n
i (ai−a)2
n−1 (p denotes

the average load over p). The Correlation Coefficient tells us how much p and a
are related. It gives values between -1 and 1, where values close to 1 suggest a
strong relation between p and a.

2.3 Results

We performed two experiments. In the first experiment, all the 34 attributes of
the training data was fed to both MLP and SVR. Then, the learned model was
applied to the entire testing data set. In the second experiment, we performed
features selection using Correlation weighting scheme. This metric calculates
the weight of attributes with respect to the label attribute by using correlation.
The higher the weight of an attribute, the more relevant it is considered. We
select all the attributes that have a correlation value above 0.5. Specifically, 14
attributes have been selected. We repeated the first experiment with the new data
set generated from the feature selection process. Table 1 and Table 2 illustrate
the results of MLP and SVR evaluated with the Mean Absolute Error, Relative
Absolute Error and Correlation Coefficient. Bold values correspond to the best
results. As can be seen, MLP performs better than SVR. MLP has a small (mean
and relative) absolute error and a higher correlation coefficient compared to SVR.
Features selection leads SVR to score the worst result as compared with the
first experiment. A tiny improvement has been observed for MLP after features
selection. For the purpose of illustration, in Figure 1 we show the actual and
the predicted load plot by MLP and SVR using all the set of features as well
as a subset of selected features. These figures corroborate the metrics values in
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(a) MLP over the full space. (b) SVR over the full space.

(c) MLP over a subset of selected features. (d) SVR over a subset of selected features.

Fig. 1: The actual and the predicted load plots using: all features ((a) & (b)) and
a subset of selected features ((c) & (d)).

Table 1 and Table 2 in the sense that MLP tends to provide accurate prediction
compared to SVR.

3 Discussion and Ongoing Work

Most machine learning models used in the field of energy analysis [4], [5], are
capable of forecasting electricity load with quite good accuracy. We believe this
is simply due to the fact that some customers tend to exhibit repetitive behavior
from one period to another, yielding periodic load profiles. On the other hand,
however, the repetitively fluctuating nature of customers consumption may pose
difficulties for highly accurate forecasting using supervised learning models. For
instance, customer electricity consumption forecasts, treated as streaming data,
are usually dominated by outdated historic information which tends to hamper
existing models. This is essentially due to the fact that individual customers may
change their consumption behavior at any moment. In other words, we completely
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lose the time varying aspect of customer consumptions which might completely
change with time. Forecasting electricity load with such non-stable/variable
customers’ consumption over time requires the use of historical data that, indeed,
reflect these variations. However, we observed in our empirical investigation, if the
historical load is long and includes variable behaviors, existing learning models
encounter difficulties to predict consumption at a further time point (short and
medium term forecasting).

To alleviate the aforementioned problems, we are currently implementing
a sliding window analysis from which we will develop a time varying model
that simultaneously exploits an ensemble of learning approaches. The goal is to
simulate load evolution patterns and temporal relations in a single framework
to predict future electricity consumption over short and long-time scales. In
our work, we will model the data under investigation as a type of sequence
data. Different from the classical vector representation, sequence data encompass
temporal information related to energy consumption. The data sequence refers
to an ordered list of events associated with a single row data object. Each row
records the occurrences of events associated to a specific customer at a different
time stamp. We will next devise a statistical tracking model to analyse sequence
data of phase 1 in order to track the consumption of each customer over time.
This tracking process allows us to detect all critical events that may occur during
different time periods. Based on the result of the tracking process, we will be
able to identify features that reflect a causal relationship between customers
energy consumption at different time points. Finally, the identified features
will be used in a unified ensemble-learning framework that includes various
learning approaches. Our objective is to develop an approach that aggregates the
predictions of multiple learning techniques in a single framework. By doing so,
we aim to enhance the prediction of various combined learning algorithms and
avoid their pitfalls. This work is underway.
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Abstract. Load forecasting means to know beforehand how much load
will be demanded in given the following period. It is useful for power
plants planning, since they need to guarantee enough power generators
and resources available to supply the de-manded load, besides the need
to comply with regulatory terms such as reservoir level and economical
penalties imposed in case of lack of energy supply. In this study a cross-
entropy optimization of Echo States Networks (ESN) hyperpa-rameters
for load forecasting of a large power plant in Brazil is presented. The ESN
control hyperparameters were set as variables to be optimized, then the
cross-entropy optimization algorithm is employed to find the best set of
ESN control hyperparameters, that are used for predictions. Results are
evaluated in terms of accuracy, optimization convergence and computa-
tional effort.

Keywords: Echo State Networks · Load Forecasting · Cross-Entropy
Optimization

1 Introduction

Load forecasting means to know beforehand how much load will be demanded
in a given period. It is main useful for power plants planning, since they need
to guaran-tee enough power generators and resources available to supply the de-
manded load, besides the need to comply with regulatory terms such as reservoir
level and econom-ical penalties imposed in case of lack of energy supply. How-
ever, the growing introduction of renewable distributed energy sources together
with the changed load pro-files of consumers requires that recent approaches to
load forecasting make use of a huge amount of available load time series data to
produce machine learning algorithms for load forecasting [1-3]. Recently, ESN,
which is a type of reservoir for recur-rent neural networks trained through the
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learning approach of reservoir computing, has been successfully applied in a va-
riety of engineering problems, including load [4] and time series [5-7] forecasting
problems.

ESN requires initially the definition of a set of parameters, and this may be
done through optimization techniques. The main contribution of this study is the
investigation of Cross-Entropy (CE) for optimize ESN control hyperparameters
in load forecasting applied to a large power plant located in Brazil. The remain-
der of the paper is organized as follows. In Section 2 a theoretical background for
ESN and the cross-entropy optimization algorithm is provided. Next, in Section
3, the proposed materials and methods are presented. The results analysis and
conclusion are presented in Section 4.

2 Theoretical Background of the ESN

ESN is a Recurrent Neural Networks (RNN) which use least squares learning al-
gorithm to modify the output weights based on the inputs and reservoir weights
previously randomly assigned [7-8]. Network weights are input weights Win,
reservoir weights W, output weights Wout and feedback weights from output
Wback. The hidden layer state vector is named reservoir and is composed of fully
connected nonlinear neurons. The reservoir outputs are named echo states, up-
dated according to (1) where t is the time, x, u and y are vectors of reservoir
states, inputs and outputs, respectively, f(.)are the reservoir neurons activation
functions.

xt+1 = f(W in.ut+1 +W.xt +W back.yt) (1)

Output y is calculated according to (2) where fout is the activation function,

yt+1 = fout(W out.[ut+1, xt+1, yt]) (2)

The training is realized in the sense of least squares minimization as in (3) where
d is the desired output vector. The matrix inversion is usually made by means
of the Moore-Penrose operator or the pseudoinverse.

W out = (xTt+1.xt+1)−1).xTt+1.d (3)

A sufficient condition to the echo state property existence is that the absolute
value of highest eigenvalue of W, named spectral radius, must be lower than the
unity [9].

2.1 Cross-Entropy Optimization

In the CE first values are randomly generated based on a distribution controlled
by dynamic parameters, then are adjusted based on the set of function. Suppose
the set of M possible solutions, X(k)={x1,...,xM} is defined by the mean μ, and
variance σ2. The objective function S(x), the set {s(x1),...,s(xM)} is sorted from
the lower to the higher value, the lowest values of the set (determined by the
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rarity parameter ρ) are selected to update the parameters μ, and σ2. The random
generator parameters are,

µ(k + 1) = α ·mean(X ′(k)) + (1− α) · µ(k) (4)

σ2(k + 1) = β · std(X ′(k)) + (1− β)σ2(k) (5)

where X ’ is the elite set, fixed values to and βmay sometimes lead to local min-
ima and so a modified version, named dynamic smoothing, is employed keeping
fixed and varying βas,

β(k + 1) = β(k)− β(k)

(
1− 1

k

)q

(6)

3 Materials and Methods

The dataset was composed of hourly loads records in MW from five consecutive
weeks, the first three weeks for training, the fourth for validation and the fifth
re-served for testing. In terms of optimization, was considered two cost functions
to be minimized, the first was the MSE (Mean Squared Error) validation error of
ESN with hyperbolic tangent activation function (tanh-ESN) and the validation
error of ESN with sigmoid activation function (sig-ESN). The hyperparameters
(variables) and UB (upper boundary) and LB (lower boundary) are presented
in Table 1.

Hyperparameter LB tanh-ESN UB tanh-ESN LB sig-ESN UB sig-ESN

Spectral radius 0.01 1.5 0.01 6.00
Bias scaling -3 3 -1 1.5
Input scaling -10 10 -2 2

Bias shift -7 7 -40 40
Input shift -15 15 -20 20

Teacher Scaling -1 1 0 1
Teacher shift -2 0 -1 0

Feedback scaling -1 1 -1 1
Noise level -1 1 -20 20

Table 1. Optimized hyperparameters with respective bounds

4 The Overall Workflow

Figure 1 shows the complete work flow of the proposed solution. We fetch all
the history or past mapping data for a company over a period of specified years
as well as the current filing which has to be mapped. The filings obtained in the
form of pdf are converted to XML which is then used to identify the financial
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Fig. 1. The overall work flow for the mapping process.

tables followed by feature extraction and model building [8]. We load the trained
classification model and make row maps of financial labels between the current
filing and the history filings. We then perform feature extraction and make pre-
dictions for each of them and return the mappings having the highest prediction
score.

5 Data Collection, Feature Extraction and Model
Training

For data collection we iterate through the list of 500 companies for which we
collect the manually mapped financial labels. Some companies also report finan-
cial labels in the eXtensible Business Reporting Language (XBRL) format along
with the traditional format [9] [?] which is why we come up with three categories
of row maps i.e. the xbrl to xbrl, xbrl to html and the html to html. A filing
falls under the category of xbrl if it has been reported using XBRL standards,
otherwise we categorize it as HTML.

For feature extraction we decided to go with various similarity metrics. Hier-
archy of the labels plays an important role while mapping the labels. For e.g. the
financial label “Depreciation and Amortization Expense” can come from the par-
ent label “Cash Flow from Operating Activities” and also from the parent “Ex-
penses”. Therefore we take a combination of hierarchy based and non-hierachy
based features. For feature extraction we mainly calculate the cosine similarity,
context similarity, bi-gram and tri-gram similarity between the hierarchy labels,
non-hierarchy labels and the xbrl labels. We train three different models for each
of the row map category and train the feature vectors using the Support Vector
Machine algorithm.

To achieve a higher accuracy we select output thresholds for each model
from a fixed set of threshold values. We ran our experiment on a total of 125
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combinations of thresholds and recorded the value for precision and recall for
each of them. The baseline precision and recall value was recorded as 72.74%
and 95.66% which went up to a precision of 83.56% and a good enough recall of
92.28% with the threshold of 0.6,0.6 and 0.4 for xbrl,xbrl-html and html models
respectively.

6 Final Label Mapping

For final mapping we extract the financial labels from the the current filing and
predict the financial labels in the past filings with which it best matches to. The
following algorithm illustrates the same :

Algorithm 6.1: Data Mapping(RowMaps,Models)

Extract features for xbrlRowMapLoad xbrlmodel
Using the trained model and extracted features
xpred = Predict(xbrlRowMap,xbrlModel)

Extract features for xbrlhtmlRowMapLoad xbrlhtmlmodel
Using the trained model and extracted features
xhpred = Pred(xbrlhtmlRowMap,xbrlhtmlModel)

Extract features for htmlRowMapLoad htmlmodel
Using the trained model and extracted features
hpred = Predict(htmlRowMap,htmlModel)

Finalpred = xpred + xhpred + hpred
Sort FinalPred scores in descending order
for each RowMapi ε FinalPred{

If RowMapi not in the ResultSet
ResultSet = Insert RowMapi

7 Performance Evaluation

We trained our models with various classification algorithms namely the Logistic
Regression, Random Forest, Gradient Boosted Tree Model and Support Vector
Machine. We observed that the SVM outperforms the other algorithms used
here. Figure 2 below shows the label mapping ratio vs the average collection
time taken. Here the X axis represents the mapping rate and the Y axis repre-
sents the mapping time. For example, for filings where mapping rate accuracy is
100%, the research analysts only need less than 10 minutes of processing time.
Without, such a service in place they will have to manually go through each filing
and map the labels which is tedious and is susceptible to incorrect mappings.
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Fig. 2. Mapping vs average.

On an average without such a service in place it would take hours to process
the filing whereas the average time taken now is reduced to a few seconds. Fig-
ure 3 below shows the graph between the mapping rate and the percentage of
filings processed. X axis represents the mapping rate and Y axis represents the

Fig. 3. The mapping rate.

percentage of filings. From the graph we can infer that a significant number of
filings have a mapping rate of greater than 85% percent. The service makes use
of Apache Spark as the parallel processing framework. During the peak seasons
the analyst receives more than thousands of documents and there are over mil-
lions of data points that the service has to process in real time. We maintain
a work-queue at the back end which is responsible for preventing any sort of
thundering herd problem.

8 Conclusion and Future Work

In order to provide one stop data solutions to the investors we devised an effec-
tive feature based mechanism to map semantically similar yet syntactically dif-
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ferent financial labels by making use of support vector machines. Our algorithm
achieves a pretty good accuracy and has reduced the manual efforts greatly. As
part of our future work we plan to optimize our code, improve the overall speed
of the process and make our service language agnostic.
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Abstract. Human motion analysis is a grand research question and it
continues attracting attention in both academia and industry. Its appli-
cations include surveillance systems, patient monitor-ing systems and so
on. In recent years, most human activity analysis techniques are based
on machine learning and deep learning algorithms [2],[3],[4]. Although
the empirical study demonstrated the effectiveness of these algorithms,
an important factor, the time stamp, was absent from studying. In this
paper, we studied the human activity in the per-spective of time series
analysis. More specially, we used changepoint analysis (CPA) technique
to identify whether, when and where a change has taken place in human
activity time series.

Keywords: Human Activity Recognition(HAR) · Changepoint Analy-
sis(CPA) · Time Series Analysis

1 Introduction

Through this paper, we aim at proposing a technique, for segmenting the human
activity time series, thus identifying human activity change. The proposed tech-
nique can be applied in both industry and academia. The major contribution of
this paper is to:

a) Introduce an innovative technique for identification of human activity
change based on the application of time series data analysis technique;

b) Evaluate and report the performance of proposed technique based through
some experiments;

c) Discuss the implications of findings and the influence of factors involved,
including the as-sumed distribution, measuring methods, and penalty function.

2 Datasets

In this paper, we use a dataset publicly available online [1]. To collect the date,
previous research-ers have carried out an experiment with a group of 30 vol-
unteers within an age range of 19-48 years. Each observation performed six ac-
tivities (walling, walking upstairs, walking downstairs, sitting, standing, laying)
wearing a smartphone (Samsung Galaxy S II) on the waist. The experi-ments
have been video-recorded to label the data manually.
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3 Methodology

We have conducted some preliminary study, and has verified the feasibility of
the application of time series data analysis into human activity change. There
are many perspectives and methods for analyzing time series data, and one of
the most useful techniques is changepoint analysis (CPA). The purpose of CPA
is to identify whether, when and where a change has taken place in a time series.
There are many reasons to do this kind of analysis. A few good ones are:

a) to identify when a change has occurred so that you can respond somehow
to that change;

b) to pinpoint when a change has occurred so you can attempt to identify
its cause;

c) to predict future change. In this study, we will focus on the application of
CPA in human activ-ity change.

3.1 An illustrative example

For instance, a person is sitting somewhere. At some time stamp, he stands up
and starts walking.

This use case has a lot of real world applications including healthcare moni-
toring, security checking, and others. We formalize the data as following:

Data = X1, X2, ..., Xn (1)

Where

Xi = (xi, yi, zi, ti) (2)

Xi is one record; xi, yi, zi are the position values; and ti is the time stamp.
Intuitively we can extract more info like velocity of movement and acceleration;
and both of them are time series data. Now we take one window of data as
an illustrative example. This piece of data contains two sequential activities: 1)
a person was sitting between 1 to 190 time stamp; 2) he stands up at 191. We
extract the velocity information and plot the data: Now we apply the changepoint

Fig. 1. The time series of a persons arm moving velocity .
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identification technique [5] to locate the stand up time stamp by measuring the
change in mean. Below is the plot of the results.

Fig. 2. The change from sitting to standing, in mean .

This picture depicts the two segmentations through redlines and it indicates
that the changepoint is at 190, which exactly matches the ground truth. Al-
though the mean function works perfectly in this case (we did more experiment,
see Fig. 3) there are scenarios where it doesnt. For another activity change from
walking upstairs to walking downstairs, the velocity means are very similar to
each other before and after the change, so that we can not find out the change-
point through measuring change in mean. Fortunately there are other options,
like measure by variance and so on. We plan to investigate the performance
when different distributions are measured, and various methods to select; also
all penalty functions are applied.

4 Conclusion

In this paper, we propose changepoint analysis to perform efficient smartphone-
based human activity recognition. We will find a scalar to measure the precision
for the proposed technique and explore more time series analysis method in this
study.
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h

Fig. 3. More examples to show the change from “sitting” to “standing”, in mean
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Abstract. The paper deals with differences between two types of machine learn-
ing river flow modelling, i.e., their simulation and prediction. In this paper, sim-
ulation means a determination of river flows from only meteorological data. The
second type of modelling, i.e., prediction, additionally includes preceding flows
in the input data. Preceding flows are known at the time of making a prediction.
For this reason, i.e., because less input data serve for the simulation, it is a more
difficult task than the prediction, and its degree of precision is also usually lower.
The authors focused on the improvement of flow simulation methodology, i.e.,
the determination of river flows only from climate data. Several machine learning
models were tested for this purpose, and their results are compared in the paper
with a conceptual hydrological model. Three options were evaluated in the paper
for the improvement of the precision of the machine learning type of flows sim-
ulation: 1) the effect of the use of different types of models, 2) the impact from
the expansion of input data utilizing feature engineering, and 3) improving the
accuracy of the simulation by applying an ensemble paradigm. An increased de-
gree of precision (approximately 12%) of the flow simulation was obtained after
the incorporation of the above methodological enhancements to the computations
(when compared to standard hydrological methods). The authors believe that the
proposed methodology will be a promising alternative to the usual hydrological
simulation, and it would be useful to test it in an extended study in which more
streams would be evaluated.

Keywords: Flow Simulation, Flow Prediction, Data-driven Methods

1 Introduction

Since the mid-1990s, many papers have been published in the hydrological literature
which deals with the application of machine learning methods for the modelling of the
rainfall-runoff process (these methods are also called data-driven modelling). Most of
these papers only consider flow predictions [1, 2, 3] (we are mentioning only review
papers due to the many published works). In the present study, the authors have fol-
lowed this research and are emphasizing the existence of two types of such machine
learning modelling, i.e., simulation and prediction. The difference between simulation
and prediction is characterized below.
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Flow prediction using machine learning models is usually based on input data con-
sisting of a time series of climatic variables and on the known flow at the time the
prediction is being made. The values of such variables are typically used in input data
from several time steps before the prediction date. A flow predicted is one or more time
steps (e.g., hours, days) ahead. This type of prediction has several advantages compared
to a determination by other hydrology models, such as physical GIS-based models or
conceptual models. The benefits of machine learning models include their simplicity,
reduced amount of input data, and the higher degree of precision of the results, which
in the scientific literature has been mainly demonstrated for short-term predictions [4].

In the terminology used in this paper flow simulation is the second type of modelling
and is defined as the modelling of river flows only from data which is describing the
factors directly causing it, i.e., rain, evaporation, melting of snow, and similar climate
variables. In such a way understood simulation is applicable, e.g., for the generation of
flows in the context of climate change impact studies. Its purpose could be to provide
a long time series of a flow, which together with other data (usually simulated as well),
e.g., temperatures and precipitation, can serve for statistical analyses of an expected
drought, an investigation of irrigation demands, verifications of the future functioning
of a water supply reservoir, etc. When comparing to the prediction a positive difference,
with regard to its impact on the degree of precision, is that in a simulation (or flow
generation), climate data can also be used from the same time step as is the time step
for which the flow is simulated and not only from previous days (which is not possible
in river flow prediction).

However, what is more important, in the context of a simulation, flows from previ-
ous days cannot be used as input data, since previous flows are not available (the entire
flow time series is unknown and is going to be simulated). This difference in the amount
of data that can be used as an input for prediction and simulation is substantial. This
disadvantage is further underlined by the fact that flows have a strongly autocorrelative
nature. From this property of river flows, it follows that the modelled flow mostly de-
pends on its previous value. So, if the preceding flow is included in the input data, the
accuracy of the calculations is much better. In contrast, the absence of data for previ-
ous flows makes a flow simulation substantially more difficult than its prediction. The
result of this difference between the input data for simulation and prediction is that the
precision of the simulation is more demanding to achieve.

The primary goal of this paper is an analysis of options for the improvement of flow
simulation based on climate variables. In a search for the improvement of the precision
of such calculations, the effects of three factors were investigated. The first is the se-
lection of the algorithm, where a typical conceptual hydrological model and machine
learning methods were compared. An analysis of the possibilities of feature engineering
was the second possibility analyzed for the improvement of the calculation results. Fea-
ture engineering is constructing new input variables which are derived in various ways
from primary climate data. The third option investigated was an experiment with the
application of an ensemble paradigm and an analysis of its contribution to the precision
of the simulated flows.

57



Flow Prediction Versus Flow Simulation...

2 Material and Methods

In the real application of the proposed method for streamflow generation, climate inputs
obtained by a weather generator, specifically a daily time series of temperatures and
precipitation, will be used. However, the proposed method must be verified using actual
data to ensure the climatic and hydrological compatibility of all the time series. For this
purpose a daily time series of the temperatures, precipitation and stream flows of the
Parna Creek in the Carpathian region of Slovakia were used (Figure 1).

Fig. 1. Location of the test site and indication of the CarpatClim points (1, 2) from
which climate data were acquired

The temperature and precipitation data were obtained from the CarpatClim [5], a
publicly available geodatabase (http://www.carpatclim-eu.org). The authors therefore
also verified in this article the applicability of climate data from this database to simulate
water discharges in small streams, such as the Parna Creek. The CarpatClim database
provides climate data in a square grid of points located in the Central Carpathian region.
Figure 1 shows two of these points (labeled 1 and 2), which are located near the Parna,
and from which precipitation and minimum and maximum temperatures have been ob-
tained for the years 1961-2010. An overview of the flow regime of this creek and the
regime of the climatic characteristics in its watershed is provided in Figure 2.

In this paper one hydrological and three data driven methods for generation of flows
were used. Basic principle of this methods is described in following paragraphs.
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Fig. 2. Overview of the flow regime of Parna creek and the regime of the climatic char-
acteristics in its watershed

The hydrological model used in this paper was developed at the Vienna University
of Technology and is freely available as a package (add-in) for R software [6]. It is a
semi-distributed conceptual rainfall-runoff model, following the structure of the well-
known HBV model [7]. The model runs on a daily time step and consists of a snow
routine, a soil moisture routine, and a flow routing routine. The snow routine represents
snow accumulation and melting by a simple degree-day concept; it uses a degree-day
factor and a melt temperature as parameters. The soil moisture routine represents runoff
generation and changes in the soil moisture state of a catchment. Runoff routing on the
hillslopes is represented by an upper and lower soil reservoir. Excess rainfall enters the
upper reservoir and leaves by three paths, i.e., outflow from the reservoir based on a
rapid storage coefficient; percolation to the lower zone with a constant percolation rate;
and, if a threshold of the storage state is exceeded, by an additional outlet based on a
very fast storage coefficient. Water leaves the lower zone based on a slow storage coef-
ficient. The outflow from both reservoirs is then routed by a triangular transfer function
that represents runoff routing in the streams [8]. A genetic algorithm [9] was used to
calibrate this conceptual rainfall-runoff model with fifteen parameters.

In this work, three machine learning algorithms were applied, namely Random For-
est, XGBoost and Deep Learning Neural Network. They are used for supervised learn-
ing problems in this study, where we use the training data (with multiple features) to
predict a target variable. The Random Forest (RF) algorithm, which was initially pro-
posed by Breiman (2001), is an ensemble method that generates a set of individually
trained decision trees and combines their results. The regression trees are a series of
decision rules that dictate how a target variable is computed from the input (predictor)
variables. A forest is a collection of trees, and an RF consists of a group or ensemble of
simple tree predictors, each one of which can evaluate a target variable by using a set
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of predictor values. The variability in solving a given regression problem by indi-
vidual members of the ensemble is realized such that RF is random in two ways. Firstly,
each tree is based on a random subset of the observations (bootstrap sample), and sec-
ondly, each split in each tree is created on a random subset of all the available variables
[20]. The benefit of the RF ’s randomness is robustness against over-fitting and good
generalization abilities. Given the number of trees created, the degree of accuracy in-
creases up to a certain point. When used as a regression method, decision trees can
describe complex relationships fairly accurately among multiple variables; by aggre-
gating the results of these regression trees into a forest, an even more accurate solution
is generated. In addition to these characteristics, RF parameterization is not particularly
complicated nor is RF model tuning too difficult. This study used an RF add-on pack-
age [11] with R statistical software [12]. Although it has several parameters, only two
parameters specified by the user are necessary to tune to run RF: the number of trees
in the forest, ntree, and the number of variables randomly sampled at each split, mtry.
This study operated RF with a default value of ntree 500 and of mtry, which was found
by a cross-validation procedure.

XGBoost is an abbreviation of Extreme Gradient Boosting, where the term Gradient
Boosting was proposed in the [13]. As stated by the XGBoost algorithm author in [4],
his algorithm is based on this original model. Gradient Boosting is a forwardly learn-
ing ensemble method, e.g., it builds a model in a stage-wise fashion (not in a parallel
fashion, as in the case of RF). The guiding idea is that a good predictive model can be
obtained through increasingly refined approximations. Gradient boosting evaluates the
precision of a model in a previous stage and then develops the next model, which com-
putes the differences between the current results computed and the known target values
(i.e., not the original target values). The next models are thus mainly concentrating
on the previously incorrectly computed samples. Such ”boosting” continues until the
desired level of accuracy is reached. In this way, gradient boosting produces a predic-
tion model as an ensemble of weak prediction models (usually shallow decision trees).
The algorithm used in this work, XGBoost, follows the principle of gradient boosting.
However, there are some differences in the modelling details. XGBoost uses a more reg-
ularized model formalization to control over-fitting, which gives it a better performance
in comparison with previously evolved boosting algorithms. The XGBoost developers
have also made other significant performance enhancements to different features of the
XGBoost implementation. These result in significant differences in speed and memory
utilization due to 1) the use of sparse matrices with sparsity aware algorithms, 2) im-
proved data structures for better utilization of the processor cache, thereby making it
faster, and 3) better support for multicore processing, which reduces overall training
time [14]. From the point of view of the users of boosting algorithms, when they use
GBM and XGBoost for training large datasets (e.g., 5 million or more records), they can
experience significantly reduced memory usage for the same dataset; it is also easier to
use multiple cores to reduce training time. The cost of the advantages of using XGBoost
(compared, e.g., with an RF algorithm) is that XGBoost has several parameters to tune,
while RF is almost tuning-free, which is why we included both algorithms in this study.
In this work, the xgboost R package was used. Seven parameters were tuned, so genetic
algorithms were applied in the tuning process.
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The optimized parameters were the maximum number of iterations, learning rate,
minimum loss reduction gamma, maximum tree depth, minimum child weight, subsam-
ple ratio of the training instance, and subsample ratio of the columns when constructing
each tree. A description of the parameters and various recommendations for setting
them can be found at XGBoost WWW [15].

A Deep Learning Neural Network (DLNN) is a tool that has significantly expanded
the boundaries the real-world applicability of machine learning in recent years in com-
puter vision, speech recognition, various recommendation systems, and predictions of
some types of sequential data, such as time series. It is a new generation of artificial
neural networks characterized by a ”deeper” architecture compared to a multilayer per-
ceptron, which was in use at the end of the previous century. Deep learning has been
enhanced by a number of recently developed improvements. These enhancements have
been published and put into practice in the last five years and cover new types of ac-
tivation functions, new network architectures, improved network initialization before
training, and an improvement of the training process. Deep learning is a subfield of ma-
chine learning that emphasizes learning successive layers to increasingly meaningful
representations of searched patterns in the data. Even though the superiority of DLNN
could probably be better shown for more complex projects than our task in this work,
we wanted to test its performance in the hydrological field; to our knowledge, DLNN
has rarely been tested in this area. The more complex tasks mentioned in the previous
sentence means that they have a larger and more complex data structure, such as com-
puter vision. We have used the TensorFlow software tool developed by researchers and
engineers working as part of the Google brain team. Construction of the neural network,
its settings for training, and training was accomplished using the keras R package [16].

Calibration of all the models was performed on data from the above case study
from Slovakia using data from the years 1961-1995. The basic inputs in all the mod-
els consisted of a time series of the average daily precipitation, evapotranspiration, air
temperatures and river flows. The verification of the precision of all the models was
accomplished on test data from 1996 - 2010. To illustrate the difference between pre-
diction and simulation when using machine learning models, the calculation of the flow
prediction for one day in advance was also performed. It includes the flow from the
predication day and other previous flows among the input data. To illustrate the useful-
ness of using advanced machine learning models, the simulation was also accomplished
with multiple linear regression.

The evaluation of the precision of the simulation included a comparison of the sim-
ulated flows with monitored data, which in our case was flows measured on the River
Parna in Slovakia. The quality of the simulation was assessed using several criteria
for statistical precision. For an assessment of the model’s precision, the Nash-Sutcliffe
coefficient was prioritized due to its frequent use in hydrological calculations, which
allows for a better comparison of our results with the results of other authors.
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3 Results and Discussion

In this chapter, three options for the improvement of the precision of flow simulation
methods are assessed. In the first part, the effect of the selected method on the accuracy
of the results of the flow simulation is evaluated. In the second subchapter, methods for
the application of feature engineering and an evaluation of its impact on the precision
of the calculations are quantified. In the third part, the models created in the context of
a simple ensemble are described and evaluated.

The expected or required range of the precision of the simulation was identified us-
ing two calculations. The simulation using a hydrological model defined its lower limit,
as the use of machine learning models has no meaning when the degree of precision is
lower. By using a Deep Learning Neural Network (the most efficient among the models
tested), the prediction of the flows was performed which determined the upper limit for
the precision of a simulation. Such an identification of the upper limit results from the
fact that the precision of prediction using machine learning models is higher than the
precision of simulation, due to the integration of flows from the previous time steps into
the input data. The results of these calculations, as characterized by selected statistical
indicators, are given in Table 1.

3.1 Effect of the Selection of the Model

In this part, we have evaluated the simulation of flows using several models, by using
their standard application. Feature engineering was not applied in these computations.
This group of calculations includes calculations using the TUW hydrological model
mentioned above. The calculation of the river flows was also performed using multiple
linear regression (MLR) and the Random Forest (RF), Extreme Gradient Boosting (XG-
Boost) and Deep Learning Neural Network (DLNN) machine learning models. The op-
timization of the internal parameters of the machine learning models was accomplished
by tenfold cross-validation. A description of the parameters necessary to tune each of
the algorithms is given in the Methods section. The river flows, precipitation, temper-
atures and potential evapotranspiration data from the years 1961 - 1995 were used for
all the models. The climate data for the linear regression and machine learning models
were used in models from 20 days before the date for which the flow was simulated. The
number of days affecting the calculation of the flows was acquired empirically. Usually,
data from fewer days are applied in, e.g., the prediction of flows. A larger volume of the
previous climate data was used in the inputs because it is the simulation that is solved
in this case. Because of this the previous data on the flows are not available in this type
of modelling. Additional data on the climate variables from more days should partially
eliminate the lack of this information. These models are evaluated in Table 1 using stan-
dard RMSE and R2 statistics (we are not giving their description here). KGE and NSE
statistics, which are frequently used in hydrology and PBIAS (percentual bias between
simulated and observed values), were also used for the evaluation of the model’s perfor-
mances. The Nash-Sutcliffe Efficiency (NSE) is a normalized statistic that determines
the relative magnitude of the residual variance compared
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to the measured data variance [17]. KGE is Kling-Gupta efficiency, which was de-
veloped by Gupta [18] and later refined by Kling [19]. Both statistics can take values be-
tween minus infinity and 1; the ideal model has a value of 1. The percent bias (PBIAS)
measures the average tendency of the simulated values to be larger or smaller than
corresponding observed ones. The optimal value of the PBIAS is 0.0. Positive values
indicate an overestimation bias, whereas negative values indicate the models underesti-
mation bias. From these statistical indicators, NSE is considered herein as primary, as
it is the most frequently used statistic in hydrology.

Table 1. Evaluation of models that did not use feature engineering
Model RMSE R2 NSE KGE PBIAS
TUW 0.31 0.67 0.67 0.76 -6.2
DLNN prediction 0.17 0.92 0.90 0.79 -14.8
XGBoost 0.43 0.37 0.35 0.43 21.2
RF 0.44 0.35 0.32 0.38 23.2
DLNN 0.41 0.41 0.39 0.39 5.3
MLR 0.46 0.25 0.24 0.34 11.1

RMSE root mean square error, R2 coefficient of determination, NSE - Nash-Sutcliffe
efficiency, KGE Kling-Gupta efficiency, PBIAS percent of bias

The first two lines of Table 1 contain an evaluation of two reference models that
identify the theoretical minimum and maximum precision of the simulations using ma-
chine learning models. The TUW hydrological model has better values of the statistical
indicators than the machine learning models. This means that the machine learning
models in their basic use, are for simulation of flows (not prediction), less precise than
the conceptual hydrological model. Linear regression has the worst precision indica-
tors. Besides the hydrological model, DLNN has the best results but is also below the
required minimum precision limit.

3.2 Feature engineering and its influence on the precision of a model

Additional models evaluated in this study included feature engineering, while their in-
put data were prepared. Constructed variables were added to the basic climate inputs for
modelling the flows, which is described in this subchapter. Their construction was moti-
vated by applying knowledge gained from the domain of hydrology. A typical example
of this approach was the creation of the variable that quantifies the melting of snow, as
snow (i.e., a type of precipitation which is a basic climate input) is not the direct ini-
tiator of an outflow because an outflow only comes only after the melting of snow. The
potential evapotranspiration was also calculated because it is a more direct detector of
water leaking from a watershed to the atmosphere than is the temperature. As the result-
ing flow from a basin is influenced not only by the current values of climate variables
but also by their values from previous days, we also included climate data from four
days before the date of the simulated flow in the model inputs. On the smaller streams
with which this study deals, the outflow from the watershed is influenced by
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precipitation maximally from 1 or 2 preceding days. Precipitation from earlier days
creates water reserves in a basin, which are a source of so-called base flow. Data from
days three to four were included due to the possibility of subsequent precipitation,
which makes a watershed saturated with water. Including more climate variables from
previous days to the inputs did not seem to be a very useful option, which can be eval-
uated from the calculations in the previous subchapter (Tab. 1). However, as the history
of the hydro-climate developments in the basin must in some way be included in the
model and quantified in the input data, a variable summarizing the previous precipita-
tion (cumRAIN) and a variable summarizing the previous evapotranspiration (cumPET)
were constructed for the 60 days before the day on which the flow was simulated. The
last experiment with the tuning of the input data involved a modification of the target
variable, i.e., the flow. Figure 3a shows the probability distribution of the measured flow
from our case study using a histogram. We can see that this variable has a right-skewed
distribution, which may be unsuitable for some models.

Fig. 3. Histogram of flows and histogram of logarithms of flows

For this reason, in all the models, the flow (the target variable) was replaced by its
logarithm. The evaluation provided, which is in Table 2, only shows the models where
such a step leads to the improved precision of a model. A histogram of the logarithms
of the flows is shown in Fig. 3b, which is apparently more normally distributed.

A total of 22 explanatory variables were acquired; three of them are basic, and the
remaining 19 are the result of the feature engineering.

The results of the individual calculations were evaluated using NSE and other statis-
tical indicators and are shown in Tab. 2. Without using feature engineering, the precision
of the models according to NSE is in a range of 0.24 - 0.39 (Table 1). When feature en-
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gineering was applied, the degree of precision was significantly improved and, as shown
in Table 2, it is now in a range of 0.42 - 0.69.

Table 2. Evaluation of models in which feature engineering was used
Model RMSE R2 NSE KGE PBIAS
MLR 0.41 0.48 0.42 0.46 34
MLR with log of target 0.31 0.67 0.67 0.76 -6.2
RF 0.34 0.64 0.59 0.64 27.4
XGBoost 0.33 0.66 0.61 0.62 30.6
XGBoost with log of target 0.29 0.71 0.69 0.76 14.1
DLNN 0.31 0.67 0.66 0.77 0.6

RMSE root mean square error, R2 coefficient of determination, NSE - Nash-Sutcliffe efficiency,
KGE Kling-Gupta efficiency, PBIAS percent of bias

An interesting point is the notable influence of the logarithm applied to the target
variable (the predicted flow). This alteration significantly influenced the precision of the
linear model and the precision of the XGBoost model. Although the reasons and con-
ditions for the transformation of the target variable using a logarithm of the target were
not further investigated, we consider this result, particularly regarding the XGBoost
model, to be quite interesting and worth analyzing in future research.

Because we did experiment with the input data, we also evaluated the impact of
individual variables on the resulting modelling. For an illustration and confirmation of
the importance of feature engineering, Figure 4 shows the relative importance of the
individual variables in the XGBoost model.
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Fig. 4. Variable importance (PET potencial evapotranspiration, PRE precipitation,
TMP temperatures, MLT snow melting; number indicate day before prediction)

The most significant influences on the model have both summation variables, i.e.,
the variables summing the previous precipitation and evapotranspiration. At this point,
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all the models coincided. This finding shows that entering precipitation and evapo-
transpiration data on a day-by-day basis for many previous days as done in the preced-
ing subchapter is less favorable than the use of cumulative values. For further research
on this phenomenon, it would be useful to optimize the number of backward days in the
summation and review the effect of using a weighted sum instead of the standard sum
of such data, where the older data would receive a lower weight. Such calculation ex-
periments were not done in this study; we are mentioning them only as possible options
for improving the effect of feature engineering on the precision of a model.

3.3 Ensemble method

Ensemble regression models calculate the target variable by a combination of its mul-
tiple specifications for several models. Ensembles can be classified as those which
contain many individual models (e.g., Random Forest) and ensembles composed of a
smaller number of models, which are also a subject of interest of this paper. In this sec-
ond type of ensemble, the precision of the participating models is the first precondition
for the selection of the model into an ensemble and its success in improving an overall
prediction. This degree of precision for models selected for an ensemble should be sim-
ilar and as high as possible. The second precondition is that the prediction should be
more precise for different domains of hydrological inputs, i.e., the correlation between
the individual models in the ensemble should be as low as possible.

Fig. 5. Correlation between TUW model, linear regression and XGBoost with logarithm
of target variable (lmLOG and xgboostLOG), DLNN, and observed flows

Based on such conditions, a conceptual hydrological model (Table 1) and three of
the data-driven models tested (Table 2) were selected as members of the ensemble,
i.e., the linear and the XGBoost model with a logarithm of the target variable and the
DLNN model. The flows calculated through these four models have a comparable de-
gree of accuracy but are not identical. This follows from the fact that the models are
evaluated differently by various statistical indicators. The different results of the indi-
vidual models are also demonstrated by Figure 5, which summarizes the correlation of
the four best models with the measured flows and the mutual correlation between these
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models. The correlation coefficients are in the part above the diagonal. The diagonal
identifies the models and indicates the probability distribution of their results (in the
form of a
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histogram), and the part below the diagonal expresses always the dependence of the
two models (identified by horizontal and vertical projections on the diagonal) graphi-
cally.

The figure shows that the models have different histograms and therefore a different
probability distribution function and different mutual relations expressed by the small
charts below the diagonal. The correlation coefficients between the flows calculated by
these models are in a range of 0.81 - 0.93.

Such a level of correlation means that each model can better simulate flows on dif-
ferent days, which is a precondition for the cooperation of models in an ensemble. The
resulting value of the simulation can be obtained, for example, by algebraic combi-
nation of the results of the individual models or using a suitably selected meta-model
with the inputs being the flows calculated by different models. Such a methodology
is typical in a stacking regression [20]. The specific form and parametrization of such
a metamodel must be optimized based on the results of a flow simulation from the
test folds of the cross-validation by which the individual models were tuned. However,
this is not possible if the hydrological model is intended to be kept in an ensemble
(as it is a wellestablished model). This is because the hydrological model does not use
cross-validation during its calibration (so we do not have test folds for it). It cannot
use it because the flows are simulated in a continuous sequence of days when using
a hydrological model. As a metamodel cannot be optimized, it was decided to use an
average of the results of the individual models (which could be considered as a simple
meta-model). The flows obtained as an average of the simulations using a hydrological
model and the three selected machine learning models have an NSE of 0.75, i.e., a de-
gree of precision which is better by almost 12 % compared to the original hydrological
model. If the ensemble considers the hydrological model and only two of the machine
learning models, the average NSE value of such acquired simulated flows is 0.74 (there
are three such possible combinations). For the three possible combinations of the hy-
drological model with only one selected machine learning model, the average value of
NSE is 0.73.
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Fig. 6. NSE values of the ensemble created from bootstrap replications
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Figure 6 shows a histogram of NSE values of the ensemble created in this way
from 10,000 bootstrap replications selected from the four specified models. As shown
in this figure, most of the NSE values have a higher degree of precision than the original
hydrological model. The average NSE value from this calculation experiment is 0.73,
and the 95% level of the confidence interval for this value is 0.69 0.77 (highlighted
in Figure 4 by darker color), which is quite a promising result from this approximate
testing.

4 Conclusion

The authors dealt in this paper with specific features of two types of machine learn-
ing river flow modelling, i.e., with prediction and simulation. The simulation represents
tasks such as the generation of flow from precipitation and temperatures in the context
of climate change impact and adaptation studies or in the calculation of unknown flows
in unmeasured streams using an analogy method. Data on previous flows cannot be used
as inputs for such simulation tasks. In comparison with prediction, simulation usually is
less precise by 10-20%; in the case study addressed in this paper, it was 17%, according
to the NSE statistic. In this paper, the authors have focused on improving the preci-
sion of simulation by using constructed variables which were included in the inputs, by
using the most recent machine learning models, and by the application of simple en-
semble simulations. Although the precision of the individual machine learning models
did not significantly exceed the precision of the hydrological model, the connection of
the individual models into an ensemble showed better results by 12% than the original
hydrological model. These results show the potential of the above methodology as an
alternative to traditional calculation methods.

The case study which verifies the proposed procedures is focused on a specific
stream located in southwest Slovakia (Central Europe). For further application of this
methodology, it would be useful to accomplish some refinements, which are mentioned
in the paper and verification through case studies in different locations in the future.

ACKNOWLEDGEMENTS

This work was supported by the Slovak Research and Development Agency under Con-
tract No. APVV-15-0489 and by the Scientific Grant Agency of the Ministry of Educa-
tion of the Slovak Republic and the Slovak Academy of Sciences, Grant No. 1/0665/15.

References

1. ASCE Task Committee on Application of Artificial Neural Networks in Hydrology. Artificial
neural networks in hydrology. I: Preliminary concepts. Journal of Hydrologic Engineering
5(2), 115-123 (2000).

2. Papacharalampous, G. A., Tyralis H., Koutsoyiannis, D.: Comparison of stochastic and ma-
chine learning methods for multi-step ahead forecasting of hydrological processes. Journal
of Hydrology (2017).

71



Flow Prediction Versus Flow Simulation...

3. Maier, H. R., Dandy, G. C.: Neural networks for the prediction and forecasting of water
resources variables: a review of modelling issues and applications. Environmental modelling
& software 15(1), 101-124 (2000).

4. Yaseen, Z. M., El-Shafie, A., Jaafar, O., Afan, H. A., & Sayl, K. N.: Artificial intelligence
based models for stream-flow forecasting: 20002015. Journal of Hydrology, 530, 829-844.
(2015).

5. Szalai S., Spinoni J., Galos B., Bessenyei M., Molar P., Szentimrey T.: Use of regional
database for climate change and drought. 5th IDRC Davos 2014: Global Risk Forum GRF
Davos, Switzerland (2014).

6. Viglione, A., Parajka, J.: TUWmodel: Lumped Hydrological Model for Education Purposes.
R package version 0.1-8. Homepage, https://CRAN.R-project.org/package=TUW
model (2016).

7. Lindstrm, G., et al.: Development and test of the distributed HBV-96 hydrological model.
Journal of hydrology 201(1-4), 272-288 (1997).

8. Parajka, J., Merz, R., Blschl, G.: Uncertainty and multiple objective calibration in regional
water balance modelling: case study in 320 Austrian catchments. Hydrological processes
21(4), 435-446 (2007).

9. Boisvert, J., El-Jabi, N., St-Hilaire, A., El Adlouni, S. E.: Parameter Estimation of a Dis-
tributed Hydrological Model Using a Genetic Algorithm. Open Journal of Modern Hydrol-
ogy 6(3), 151-167 (2016).

10. Breiman, L.: Random forests. Machine learning 45(1), 5-32, (2001).
11. Liaw, A. Wiener, M.: Classification and Regression by randomForest. R News 2(3), 18-22

(2002).
12. R Core Team. R: A language and environment for statistical computing. R Foundation for

Statistical Computing, Vienna, Austria. Homepage, https://www.R-project.org/ (2017).
13. Friedman, J. H.: Greedy function approximation: a gradient boosting machine. Annals of

statistics, 1189-1232 (2001).
14. Chen, T., Guestrin, C.: Xgboost: A scalable tree boosting system. In: Proceedings of the

22nd acm sigkdd international conference on knowledge discovery and data mining. ACM.
785-794 (2016).

15. Xgboost Homepage, https://xgboost.readthedocs.io/en/latest/, last accessed 2018/03/16.
16. Allaire, J.J., Chollet, F.: keras: R Interface to ’Keras’. R package version 2.1.4. https://CR

AN.R-project.org/package=keras (2018).
17. Nash, J. E., Sutcliffe, J. V.: River flow forecasting through conceptual models part I-A dis-

cussion of principles. Journal of hydrology 10(3), 282-290 (1970).
18. Gupta, H. V., et al.: Decomposition of the mean squared error and NSE performance criteria:

Implications for improving hydrological modelling. Journal of Hydrology 377(1-2) 80-91
(2009).

19. Kling, H., Fuchs M., Paulin M.: Runoff conditions in the upper Danube basin under an
ensemble of climate change scenarios. Journal of Hydrology 424, 264-277 (2012).

20. Breiman, L.: Stacked regressions. Machine learning 24(1), 49-64 (1996).

72



Deep Learning in Large-Scaled Time Series
Forecasting

Chuanyun Zang

AT&T Services, Inc., Alpharetta GA, USA
cz692t@att.com

Abstract. The project aims to discuss the technique of combining deep
learning especially Long-Short Memory (LSTM) Networks, decision trees
and basic statistics in multiple multistep time series prediction. Other
features are available besides time series, so decision trees are built first.
At each leaf level, LSTMs study patterns of variation in all the sequences
of time series from a large scope and another LSTMs decode the learned
trends as well as other features information into future sequence, mean-
while the well selected medians for each sequence can keep the special
seasonality of different time series so that the future trend will not fluctu-
ate too much from the reality.

Keywords: Time Series · LSTM · Deep Learning

Suppose the problem is to forecast the monthly values of certain job for each
requested level. Given approximately 38K levels with their historical monthly
values, starting from 2016-01 to 2017-12, the goal is to forecast future monthly
value, from 2018-01 up until 2018-06 for each level.For example, we can simply
use value of this month to predict the value of next month. The challenge here
is that there are approximately 38K time series instead of only one, and the
available historical data points are limited to 24 months.It is not feasible to
get different model for each time series, and traditional art of state models like
ARIMA cannot efficiently handling such huge different time series. We combine
deep learning, decision trees and statistics on this problem which showed power
in tackling it. A decision tree is built first, and then two techniques are used at
each leaf. One is Neural Network with LSTMs, the other is the simply selected
medians.

Decision Trees are built according to the descriptive statistics of levels and
their time series.(Fig. 1).

LSTM Implementation.We partition the preprocessed features into two
parts according to if it belongs to time series,i.e time series of values are into
one part called X ts and all remaining into X cat.X ts is first trained by LSTM
and then concatenated to X cat. The resulted inputs are then trained by several
fully connected layers, and finally trained by another LSTM layer. (Fig. 2). For
loss function, we define SMAPE in Keras. For optimization algorithm, RMSProp
performs well for Recurrent Neural Networks as also documented in Keras.
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Medians. Due to the outliers (i.e. high spikes), medians are used to get a
relevantly stable statistic for each time series. Further because of the variation
of different time series along 24 months, median of different shorter periods are
used to capture different patterns or information about the time series.

Fig. 1. Decision Trees.
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Fig. 2. Deep Neural Network Architecture.
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Abstract. In this paper, we explore the utility of customer behav-
ior analysis of un-structured video data for improving sales forecasting,
which is an important task for supply chain management in retail store.
Our work is motivated by the observation that the needs and interest of
customers will influence the sales performance and customers’ needs and
interest can be reflected in some degree by monitoring and analyzing the
customers’ behavior in a store. To the best of our knowledge, this is the
first work that introduces the customer behavior analysis of monitoring
video data to sales forecasting task. In order to validate our observa-
tion, we conducted a series of experiments in a physical retail store and
demonstrated that integrating video-based customer behavior analysis
into a conventional sale forecasting model results in a performance im-
provement.

Keywords: Customer behavior analysis, sales forecasting

1 Introduction

Sales Forecasting is an important task for supply chain management, business
planning, and customer relationship management in retail industries [1]. In par-
ticular, retail stores provide short shelf-life food products and inaccurate forecast
tends to cause stock-outs and food waste [2]. Therefore the accurate prediction
is required for reliable planning and optimization.

A number of studies on sales forecasting have been conducted in the past
decades. Recently machine learning based forecasting methods have achieved
high accuracy compared with traditional statistical time series methods, such as
moving average model [3, 4]. To improve the performance, demand influence fac-
tors have been explored[5, 6]. Generally, weather conditions, holidays, and public
events are considered due to their impact on demand and public availability[5].

On the other hand, behavior intelligence and insight play an important role in
data understanding and business problem solving [7, 8]. Customer behavior con-
tains valuable information for marketing analysis. Therefore, it is attractive to
considering exploiting customer behavior analysis in sales forecasting. The idea
of combining customer behavior analysis with sales prediction been previously
reported in online sales forecasting, which consider visitor’s behavior tracked
in their online EC-site [9–11]. However, little research has been conducted in
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this direction for offline cases. Customer behavior inside a physical store, which
represents a shopping process until purchasing or non-purchasing but not ex-
plicitly included in the point-of-sales (POS) data or other external data, is often
neglected.

In this paper, we present an approach to improve the performance of sales
forecasting by incorporating the customer behavior analysis into a conventional
sales forecasting model. Specifically, we develop video-based customer behavior
analysis system for monitoring and analyzing customer’s shopping behavior, then
extract the information about how the customers interact with the stores and
products, and finally design a framework to incorporate the customer behavior
analysis into a sales forecasting model. To demonstrate the effectiveness of our
approach, we conduct a series of experiments in a physical retail store. We show
that our approach yields improvements for all the test collections and achieves
better results than the conventional sale forecasting method.

To the best of our knowledge, this is the first work that introduces the cus-
tomer behavior analysis of monitoring video data to sales forecasting task. Over-
all, the main contributions of this paper are as follows:

– We present a new approach to encode customer behavior information to sales
forecasting.

– The relation between customer behaviors and sales is investigated.
– We make behavioral forecasting to predicts customer behavior and translate

it into sales.

2 Proposed Method

In this section, we introduce our approach for incorporating customer behavior
analysis into a conventional approach for sales forecasting. We first describe
an overview of our video-based customer behavior analysis system, which can
monitor the customer’s shopping behavior inside a store. Second, we discuss what
types of shopping behaviors are relevant to sales. Third, we make behavioral
forecasting to predicts customer behavior and translates it into sales. Finally, we
explain the way to integrate new customer behavior features to the traditional
method effectively. Figure 1 shows an overview of our approach for incorporating
customer behavior analysis into a conventional model. This is the framework that
we utilize the unstructured video data for financial forecast, which is traditionally
based on structured data.

2.1 Customer Behavior Analysis

We developed video-based customer behavior analysis system for capturing and
analyzing customer’s shopping behavior in real stores. Our system is composed
of multiple IP cameras and PCs with image processing modules installed. Specif-
ically, surveillance cameras, which is utilized for monitoring, marketing, or se-
curity in a physical store, was installed. We developed several retail-oriented
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Fig. 1. Overview of the proposed approach

intelligent video analysis modules for analyzing customer’s behavior inside a
store.

– Visitor counter module receives video frames from a surveillance camera
just above the store entrance and counts the number of customers who visit
or leave the store.

– Property estimation module also receives video frames from a surveil-
lance camera just above the store entrance and estimate the age and gender
of customers.

– Customer tracking module processes video data from multiple cameras
mounted on the ceiling inside the store and this module conduct several
image recognitions sub-modules,

Specifically, customer tracking module includes people detection sub-module,
head orientation estimation sub-module and trajectory reconstruction sub-modules.
People detection sub-module first detects the region where a customer is in a
video frame based on background subtraction technique, and then detects the
head and body part. head orientation estimation sub-module analyzes the head
orientation and outputs the category of head orientation (e.g. front, left, back,
right). Trajectory reconstruction sub-module reads sequential images, detects
locations, estimates head orientation, and reconstructs a trajectory inside the
store. All the data is aggregated in real time and transported to our cloud server
per 5 minutes. Using this system, we can collect the customer information of the
visitor number, customers’ age and gender, customer shopping trajectory and
shopping actions.

2.2 Customer Behavior Feature Selection

Customer behavior is the center point of behavioral forecasting and sales fore-
casting. In this section, we will discuss how do customers behave in a store and
how does this impact sales.

In the case of physical store, if a customer has no interest to the product, he
or she will neither look at the shelf nor turn to the shelf. As an initial interest
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level, he or she will go to the shelf and stay in front of the shelf. If the customer
has more interest, he or she will stay in front of the shelf for a long time. If the
customer has further interest, his or her gaze will fall upon the product and gaze
the shelf for a long time. If the customer has further interest, he or she probably
stretches arm and touches the product. Based on these observations, in sales
forecasting task, we assume that the following shopping behaviors are strongly
related to customer’s demand, reveals the interest of customer to the product
and reflected the way in which customers interact with the store and products:

1. Visit the store
2. Pass the shelf
3. Stay in front of the shelf
4. Gaze the shelf
5. Purchase the shelf

Because of some technical limitations (such as low resolution images, lighting
conditions, and occlusions) of the customer behavior analysis system described
in section 2.1, we can only analyze the previous four behaviors.

To capture the relation between the behaviors and sales, we investigated
the relationship between customer behaviors and sales using the history data of
shopping video data and POS data, and made the following two observations:

Observation 1: The sales was impacted by customer behaviors.
Figure 2 shows the tendency of sales, the visitor number and behavior num-

ber. We can see that the tendency of the visitor number and behavior number
is the same as that of sales.

Fig. 2. Plot of sales, visitor numbers and behavior numbers

Observation 2: The relations between the behaviors and sales are different
for different specific customer segments.
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Fig. 3. Correlation of sales and visitor numbers of different gender groups

We investigated the correlation coefficients of customer behavior and sales.
Figure 3 is the plot of the correlation coefficients between sales and visitor num-
bers of different gender groups. The number of male customers is more relevant
to sales than that of female customers. Customers in different gender groups
impact the sales in a different way.

Fig. 4. Correlation of sales and visitor numbers of different age groups

Figure 4 is plot of correlation coefficients between sales and visitor numbers
of different age groups. The number of female customers aged 20 to 29 is more
relevant to sales than that of female customers above 60. Customers in different
age groups also impact the sales in a different way. As the store is located in the
business center area in Tokyo, the salarymen and young female staffs are tend to
be frequent buyers while the female customer above 60 are tend to be occasional
customers. Our findings are consistent with the situation of the physical store.

From this point of view, we propose to encode the customer behavior infor-
mation separately for different customer segments and different activities. We
categorize customers into groups by gender and age, then investigate how dif-
ferent customer groups are relevant of sales and encode the behavior of specific
customer groups as distinct new features for sale forecasting. Specifically, visi-
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tors’ age is categorized into 6 groups, under 19, 20-29, 30-39, 40-49, 50-59, 60
or over. We make the activities (behaviors) features in the same way. Activities
include pass by the shelf, stay in front of the shelf over 5/10 seconds, gaze the
shelf over 1 second. We calculate the number of people who act these behaviors
from trajectory data acquired by the customer behavior analysis system. Con-
sequently, we extract customer behavior features, including the daily number of
visitors to the store at each age group and gender, people who pass by the shelf,
stay in front of the shelf over 5/10 seconds, gaze the shelf over 1 second.

2.3 Behavioral Forecasting

We must predict the sales in advance. However it is impossible to know the
customer behavior information of the prediction target day in advance. There-
fore in order to add the customer behavior information into sale forecasting, we
must make behavioral forecasting too. We apply time series analysis to model
seasonal patterns of customer behaviors and here predict the customer behav-
iors of a target day using simple moving average (SMA) method. We adopted
moving average of same days of week in past 4 weeks because daily sales are
strongly related to the day of week. To put it simply, for example, customer be-
havior of the week day is different from the holidays and the effects of weekends
and holidays should be considered. We found that predicted customer behavior
information is close to the actual situation except for some special days such
as some special holidays, and can capture recent trends of customer behavior.
We finally generate customer behavior features by behavioral forecasting result.
Table 1 shows generated customer behavior features.

Feature Type Feature Description

Visitor features Nvisitor, visitorg SMA of number of visitor for each age and gender group.

Npass SMA of number of people who pass by the shelf.
Activity features Nstayf ive SMA of number of people who stay in front of the shelf over 5 seconds.

Nstayten SMA of number of people who stay in front of the shelf over 10 seconds.
Ngaze SMA of number of people who gaze the shelf over 1 seconds.

Table 1. Customer Behavior Features

2.4 Feature Integration

To integrate the customer behavior features into a structured data based tradi-
tional model, the following two integration strategies are adopted:

– Feature combination

This is a simple concatenation of separate features and requires only single
model. There is a possibility that high dimensional features cause overfitting or
complexity of interpretation.
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– Ensemble learning

Ensemble learning is an algorithm to acquire more accurate outcome by com-
bining the predictions of multiple models. Ensemble modeling is most effective
when large variance of outcomes or large difference among input data type. We
here adopt the simplest way of ensemble averaging described as follows:

fi(X) =
1

M

M∑
i=1

f̂i(X)

Here, f̂i(X) is the output of model i among all the multiple models and M
is the number of models.

3 Experiments

3.1 Experimental Setting

In this paper, we chose rice balls sale forecasting in a physical store as as our
prediction task. Specifically, we predict the daily sales number of rice ball in
one week before the prediction target day. In our study, we don’t consider type
difference of rice balls and the target value is total number of all types of rice
balls. Our video-based customer behavior analysis system is installed in a phys-
ical store, which is composed with two surveillance cameras for visitor analysis,
three omnidirectional cameras for acquisition of customer’s trajectory inside the
store, and two PCs with image processing modules installed.

The experiment is conducted from October 2015 to May 2016. In order to
evaluate the generalization performance appropriately, we choose the last week
of March, April, and May 2016 as validation period (Test1, Test2, and Test3). As
we define forecasting day as one week before the target day, the training period
covers from October 2015 to the day when one week before the target day as
shown Figure 5.

Fig. 5. Experimental data sets
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3.2 Baseline Models

The baseline model is a conventional approach based on machine learning gen-
erally using the structured information, such as weather, calendar, and event
information. We train our baseline model on Gradient Boosting Decision Tree
(GBDT) proposed by Friedman [12], which is demonstrated to be one of the most
effective algorithms and is becoming a mainstream in forecasting competitions
as well as Kaggle challenges. Baseline features are as follows:

– POS information: the same days of the week in past 4 weeks.
– Weather information: lowest/highest temperature, precipitation, humidity,

wind speed, and categorized day-time/night weather (sunny, cloudy, rainy,
snow).

– Calendar information: year, month, the day of week, seasons, quarters, pub-
lic holiday, holiday, before/after holiday, between holidays, consecutive hol-
idays, annual events, elapsed years/month/weeks/days, number of weeks in
corresponding month.

– Promotion information: discount sales, special lottery, collaboration cam-
paign, etc.

We use XGBoost[13] library for implementation of GBDT, which has become
widely popular tool among various competitions. We tune the hyper parameters
of XGBoost step by step for acquiring generalization ability as follows: (i) fix a
relatively high learning rate (e.g. η=0.1) and find the optimal number of trees
under the fixed learning rate by cross-validation. (ii) tune tree-specific parame-
ters such as the maximum number of depth, the minimum weight at child nodes,
the ratio of subsamples, etc. (iii) tune regularization parameters which help to re-
duce model complexity. (iv) lower the learning rate (e.g. η=0.01) and recalibrate
the number of trees.

In addition to the conventional machine learning model, we built a mov-
ing average model with daily sales of same day of week in past 4 weeks for
comparision. This is the widely-used simplest way for sales forecasting and our
collaborative retail company also adopt this method for daily sales forecasting.

3.3 Experimental Results

We evaluated the effectiveness of our proposed method in a series of experiments.
Specifically, we investigate the effect of incorporating customer behavior features,
which is described in Section2.2, into a traditional model.

We used Accuracy as evaluation metrics.

Accuracy = (100 −MAPE)%

Here, Mean Absolute Percentage Error(MAPE) is defined as follows:

MAPE =
100

N

N∑
i=1

fi − yi
yi
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Methods Test1 (%) Test2 (%) Test3 (%) Average (%)

Sales SMA model 87.18 91.28 83.55 87.34

Baseline model 88.78 92.68 87.31 89.59

+ (a) visitor features 90.37 93.78 84.46 89.54

+ (b) activity features 88.1 95.8 85.86 89.92

+ (a), (b) 87.44 95.97 86.07 89.83

Customer model 89.62 94.21 86.04 89.96

Ensemble model 89.2 93.71 88.83 90.58
Table 2. The results of prediction models

Here, fi is the predict value, yi is the actual value and N is the predict data
number.

Table 2 shows the final results for all experiments. Our experiments demon-
strate that the customer behavior information contributes to the improvement of
prediction performance even though the customer related features are generated
by behavioral forecasting. We investigated the cases with great improvement and
found the following points contribute to the performance gains:

(i) The latest trends of the customer behavior have impact on the sales
of a product and the balance among the kinds of customer behavior can be
considered by our method. For example, if the number of visitors is increasing
while the number of customers passing the shelf is stable, it perhaps indicates the
customers are interested in other products but not in the predict target product,
the sales of the targeted product is not increasing.

(ii)The latest trends of some specific customer segment sometimes impact the
sales greatly and the trends of the specific customer segment can be encoded by
our method. For example, in some cases, the tendency of the female customers
over 60 and under 12, who belong to the occasional customer segment, changed
greatly and such change can be reflected by our method and lead to a more
precise prediction.

In general, structured POS data only include the buyers information, while
customer behavior data provides more detailed information, which includes the
information of latent buyers and represents the whole shopping process. Such
information is effective for the sales prediction.

4 Conclusion

In this paper, we presented an approach to improve the performance of sales fore-
casting by incorporating customer shopping behavior analysis and investigated
the impact of several strategies which can integrate the unstructured customer
behavior features into a conventional structure data based model. The exper-
imental results showed that customer behavior information provided improve-
ments for all the test collections. Customer behavior analysis was demonstrated
effective in sales prediction task. In future, we will evaluate our method with
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large data sets and introduce the confidence of the customer behavior informa-
tion to the behavioral forecasting model.
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Abstract. The project aims to discuss the technique of combining deep
learning especially Long-Short Memory (LSTM) Networks, decision trees
and basic statistics in multiple multistep time series prediction. Other
features are available besides time series, so decision trees are built first.
At each leaf level, LSTMs study patterns of variation in all the sequences
of time series from a large scope and another LSTMs decode the learned
trends as well as other features information into future sequence, mean-
while the well selected medians for each sequence can keep the special
seasonality of different time series so that the future trend will not fluctu-
ate too much from the reality.

Keywords: Time Series · LSTM · Deep Learning

Suppose the problem is to forecast the monthly values of certain job for each
requested level. Given approximately 38K levels with their historical monthly
values, starting from 2016-01 to 2017-12, the goal is to forecast future monthly
value, from 2018-01 up until 2018-06 for each level.For example, we can simply
use value of this month to predict the value of next month. The challenge here
is that there are approximately 38K time series instead of only one, and the
available historical data points are limited to 24 months.It is not feasible to
get different model for each time series, and traditional art of state models like
ARIMA cannot efficiently handling such huge different time series. We combine
deep learning, decision trees and statistics on this problem which showed power
in tackling it. A decision tree is built first, and then two techniques are used at
each leaf. One is Neural Network with LSTMs, the other is the simply selected
medians.

Decision Trees are built according to the descriptive statistics of levels and
their time series.(Fig. 1).

LSTM Implementation.We partition the preprocessed features into two parts
according to if it belongs to time series,i.e time series of values are into one part
called X ts and all remaining into X cat.X ts is first trained by LSTM and then
concatenated to X cat. The resulted inputs are then trained by several fully
connected layers, and finally trained by another LSTM layer. (Fig. 2). For loss
function, we define SMAPE in Keras. For optimization algorithm, RMSProp
performs well for Recurrent Neural Networks as also documented in Keras.
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Medians. Due to the outliers (i.e. high spikes), medians are used to get a
relevantly stable statistic for each time series. Further because of the variation
of different time series along 24 months, median of different shorter periods are
used to capture different patterns or information about the time series.

Fig. 1. Decision Trees.
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Fig. 2. Deep Neural Network Architecture.
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Abstract. Evaluation indicators weigh compute method of scientific re-
search institutions will directly affect the accuracy and objectivity of the
evaluation re-sults of scientific research institution.Linked Open Data,
offers a large number of semantically described and linked concepts in
various domains. In this paper, we propose a novel approach to take ad-
vantage of this structured data in the domain of scientific research insti-
tutions to compute the indicators weigh.Derived from information theory,
our approach of computing the Infor-mation Content for semantic rela-
tions and ranking universities based on these indicators weigh achieved
results comparable to the Shanghai Jiao Tong Uni-versity.The score cor-
relation and rank correlation of the above two ranking re-sults are very
strong, which proves the validity of the weight computing method based
on the Linked Open Data in this study.

Keywords: Linked Open Data, evaluation indicators, evaluation of sci-
entific research institutions, weigh compute.

1 Introduction

The multi indicators comprehensive evaluation method is widely used in the
quantita-tive evaluation of scientific research institutions, and the weight design
of indicators has always been a key and difficult point of technology. The se-
mantic relations between scientific research institutions and their achieve-ments,
personnel, education, awards and other information have been established in
the Linked Open Data, and the specific semantics under these semantic rela-
tions are highly correlated with the evaluation indicators of scientific research
institu-tions.Besides these semantic relationships are relatively authoritative and
accurate, providing a guarantee for the use of semantic relations to compute the
weight of the indicators .

2 Methodology

Base on the concept of entropy in Information Theory,after giving a set of evalu-
ation indicators, the relative intensity of each indicator in the competition sense
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is considered from the perspective of information. It represents the degree of
the effective infor-mation quantity provided by the evaluation indicator in the
problem. Details available semantics relations regarding scientific research in-
stitutions include its awards and prizes, doctoral students, publication, notable
work, and other key contributions (see Figure 1) [1].The semantic relations ex-
tracted from Linked Open Data can be em-ployed as indicators.We propose a
novel metric to compute the Information Content of semantics relations that
signify the indicator weigh in the Linked Open Data. We pro-ceed to experiment
with indicator weigh computing which based on the aggregated Information
Content of each indicator.

Fig. 1. Part of Linked Open Data graph regarding scientific research institutions.

2.1 Information Content Measurement

In information theory, Information Content (IC), is the amount of bits required
to re-construct the transmitted information source[2].Based on probability the-
ory, Infor-mation Content is computed as a measure of generated amount of
surprise:

IC(a) = −log(π(a)) (1)

such that π(a) is the probability of appearance of the term or concept a in
its context.In this paper, a represents a semantic relationship.
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2.2 Indicator Information Content

In Linked Open Data, a single evaluation indicator may correspond to multiple
semantic relationships.

L = {l1, l2, , l|L|}

is the set of semantics relations, in which li is the relation, defined as

< a, li, b >

, connecting resource a to resource b.

I = {I1, I2, , I|I|}

is the set of research evaluation indicators, semantic relations

(Li ∈ L)

,is a subset of L corresponding to each indicator Ii.Based on information theory,
The weight of a single evaluation indicator is the sum of all semantic relations
information content corresponding to the indicator[3]

(IW∀IiI(Ii) = Σli∈Li
IC(li)) (2)

3 Experiment

3.1 Experimental Context

The main Linked Dataset employed in our experiments was DBpedia (structured
con-tent from the information created in the Wikipedia).Using the proposed indi-
cator com-pute method to compute the weight of indicators (Ns&Pub,Hici,Alumni,Award)
Shanghai Jiaotong University World University RankingsSJTUuses, a rank ex-
periment for the top 100 universities, according to the two ranking results to
compare and analyze.

– DownLoad DBPedia 3.8 and load the data into OpenLink Virtuoso.
– Find out all the semantic relationships corresponding to each indicator.
– Compute the information content for each indicator.
– Rankings for the top 100 universities of Shanghai Jiaotong University rank-

ings based on the computing weight values of the indicators.
– Comparing our results with existing Shanghai Jiaotong University rankings.

3.2 Results

The indicators and corresponding semantic relations in DBpedia used in the
experi-ment,See table 1. Part of lod-based top 100 universities ranking,see table
2.The score results using the proposed weight computing method and the SJTU
existing weight score results,Pearson correlation was 0.980,Spearman correlation
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was 0.939.Its rank-ing order and ranking order of SJTU, Pearson correlation
and Spearman correlation was 0.939,see table 3. The score correlation and rank
correlation of the above two ranking results are very strong, which proves the
validity of the weight computing method based on Linked Open Data.

Indicators Semantic relations Weight value

Research Output(Ns&Pub) bo:author,dbo:publisher 10.044929211724337

Research Team(Hici) dbo:employer,dbo:occupation, dbo:training,dbo:team 9.009842851681144

Talent cultivation(Alumni) dbo:almaMater,dbo:education 10.294329936963663

Prizes(Award) dbo:award 10.460661878821565

Table 1: The indicators and corresponding semantic relations in DBpedia.

rank university score SJTU score

1 Harvard University 4985.469309 1

2 University of Cambridge 3514.994267 5

3 University of California, Berkeley 3468.672932 3

4 Massachusetts Institute of Technology 3451.373995 4

5 Stanford University 3441.811203 2

6 Columbia University 3071.002103 6

7 University of Chicago 2912.113239 10

8 Princeton University 2884.626794 11

9 University of Oxford 2834.65499 7

10 Yale University 2738.671839 8

... ... ... ...

100 cole Polytechnique Fdrale de Lausanne 966.427745 89

Table 2: Part of lod-based top 100 universities.

Pearson Spearman

score rank score rank

0.980 0.939 0.939 0.939

Table 3: The correlation between lod-based and SJTU.
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4 Conclusion

Linked Open Data,as a structured and reliable source of semantic data, it can
offer significant benefits for a low-cost and accurate performance computing of
evaluation indicators weigh of scientific research institutions.

We will focus more on the accuracy of the compute by capturing more se-
mantic re-lations from Linked Open Data cloud and by eliminating any trace of
redundancy.
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Abstract. As the rapid increase of bio-literature, its very necessary to
develop document analysis tools to automatically and accurately extract
biological knowledge and events from bio-literatures. The vast majority
of biological data-bases do not record temporal information of gene reg-
ulations, which are very important to understand the underlying mech-
anism of many diseases and biolog-ical processes. We previously con-
structed a corpus of time-delays related to the transcriptional regula-
tion (bio-events) of yeast from the PubMed abstracts, sum-marized the
knowledge rules of the bio-events as rate-changes in transcriptional reg-
ulation ontology, and obtained 86% accuracy by using the decision tree
clas-sifier with the ontology rule features. Deep neural networks (DNN)
achieve great success in many machine learning applications including
document analysis. The word2vec model learned the word embedding
features from documents can achieve 50-70% accuracy on most of text
classification tasks. However, the sen-tence structure and domain knowl-
edge are rarely considered in DNNs of docu-ment classification. We pro-
posed to combine word2vec features, sentence struc-ture, and our on-
tology rule features to improve the DNNs for bio-events detection in
document analysis. Experimental results show that on predicting tran-
scription regulation events, the word2vec in DNN model achieves 73%
accuracy, while our combined features in DNN with same parameters
achieves 96% accuracy; on predicting the rate-changes in transcription
regulation events, word2vec in DNN achieves only 59% accuracy, and
our combined features in DNN achieves 90% accuracy. This shows the
power of domain knowledge and sentence structure features with DNN
in document analysis.

Keywords: Deep neural networks, biomedical events mining, rate-changes
in transcriptional regulation.
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1 Introduction

1.1 Background

Due to the increasing publications, literature mining is becoming useful for both
hy-pothesis generation and biological discovery[1]. Its important but still chal-
lenge to 2 automatically and accurately extract biological knowledge and events
from biomedical literature [2][3][4]. The current state-of-the-art performance
clearly shows that close to 80% in F1-score have been achieved in extracting
simple bio-events, but the complex events such as binding and regulation events
is still limited, the best performance achieved remains 30%40% lower than that
for simple events [2].

Inspired by the big success of deep learning in natural language processing,
we applied it on our previous established corpus of bio-events of the rate changes
in transcriptional regulation[5]. The vast majority of biological databases do not
record temporal infor-mation of gene regulations, which are very important to
understand the underlying mechanism of many diseases and biological processes.
We previously constructed a corpus of time-delays related to the transcriptional
regulation (complex bio-events) of yeast from the PubMed abstracts. By summa-
rizing the textual patterns of the biological knowledge rules of the transcriptional
regulation events, we established the rate-changed transcriptional regulation on-
tology. And it achieved 86% accuracy to predict transcriptional regulation by
using the ontology rule features in the decision tree clas-sifier[5].

In this paper, we applied the state-of-the-art word embedding and deep neu-
ral network model, combined with the domain knowledge from our ontology
features and sentence structure features to improve the performance to infer the
complex rate-changed tran-scriptional regulation events from our corpus.

1.2 Related Works

Deep neural networks (DNN) achieve great success in many machine learning
applica-tions including document analysis[6]. Word embedding methods repre-
sent words as continuous vectors in a low dimensional space which capture lexical
and semantic prop-erties of words. They can be obtained from the internal rep-
resentations from neural network models of text[7]. The word2vec model learned
the word embedding features from documents can achieve 50-70The convolu-
tional and recurrent neural networks have been shown to capture effective hidden
structures within sentences via continuous representations, thereby significantly
advancing the performance of relation extraction[8][9].

However, the sentence structure and domain knowledge [10] are rarely con-
sidered in DNNs of document classification[6]. Nguyen and Grishman [5] com-
bine the traditional feature-based method, the convolutional and recurrent neu-
ral networks to simultane-ously benefit from their advantages. The approach is
demonstrated to achieve the state-of-the-art performance on the ACE 2005 and
SemEval datasets.
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2 Methods

2.1 Corpus for rate changes in transcriptional regulation

The manually labeled corpus of events relating to rate changes in transcriptional
regu-lation for yeast is available in https://sites.google.com/site/wentingntu/data.
The cre-ated ontologies summarized both biological causes of rate changes in
transcriptional regulation and corresponding positive and negative textual pat-
terns from the corpus. We annotated the corpus by manually labeling sentences
containing transcriptional reg-ulation rate changing events as positive instances
and others as negative instances. For positive instances, we identified trigger
words that indicate mentions of transcriptional regulation processes or rate
changes of the processes. These words were annotated to facilitate the creation
of our time-delay (transcriptional regulation rate change) ontol-ogy. In the neg-
ative class, the sentence may only include information about gene regu-lation
without rate changes or about a biological process other than transcriptional
reg-ulation. Both direct and indirect evidences exist in the positive instances.
We thus fur-ther annotate the positive class with two types of events: (i) events
with specific infor-mation about regulator, regulatee and rate changes in tran-
scription regulation, and (ii) indirect evidences for transcription regulation rate
changing events.

2.2 Representation learning

We employ the natural language toolkit, (NLTK)[11] to tokenize a sentence into
the sequence of tokens. For each feature of interest, retrieve the corresponding
vector by word2vec[12] [13], a feed-forward neural network (NN) that takes input
sparse vector and produces a output dense vector [14]. The input vector encodes
features such as words, part-of-speech tags or other linguistic information. The
sparse-input linear mod-els to neural-network based models is to stop represent-
ing each feature as a unique dimension (the so called one-hot representation)
and representing them instead as dense vectors. The embeddings (the vector
representation of each core feature) can then be trained like the other parameter
of the function NN. The feature embeddings (the values of the vector entries for
each feature) are treated as model parameters that need to be trained together
with the other components of the network[15].

2.3 Sentence into vector

A sentence vector model [16] [17] is comprised of an unsupervised learning al-
gorithm that learns fixed- size vector representations for variable-length pieces
of texts such as sentences and documents[18]. The vector representations are
learned to predict the sur-rounding words in contexts sampled from the para-
graph. We adopted the Doc2Vec [19] from Gensim, a python package, to get
sentence embeddings using the word vectors.
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2.4 Domain Knowledge Integration for Feature Combinations

The Transcriptional Regulation Rate Change Ontology [5] include the textual
pat-terns of biological processes that may result in transcriptional regulation rate
change. We previously propose a feature-based method that incorporates diverse
lexical, syn-tactic and semantic features to automatically extract transcriptional
regulation relations as follows.

Keyword-tag: a combination of the keywords defined in our ontologies,
and their POS tags, which indicate their grammatical roles in sentences. The
keywords in the features are normalized to reduce the diversity of words with
the same tags.

Word-relation-word: two words concatenated by the name of their depen-
dency relation type. The relation is extracted from the shortest relation path
between genes and key-words in the dependency tree derived from the Stanford
NLP parser [23].

Gene-keyword-distance: a triplet of gene, keyword, and length of the
shortest relation path between them in the dependency tree. The contextual
features provide general characteristics of the sentence or neighborhood where
the target token is present.

2.5 Deep Neural Networks, multi-layer feed-forward networks

Feed-forward networks include networks with fully connected layers, such as
the multi-layer perceptron, as well as networks with convolutional and pool-
ing layers[20]. All of the networks act as classifiers, but each with different
strengths. The non-linearity of the network, as well as the ability to easily inte-
grate pre-trained word embeddings, often lead to superior classification accuracy.
We adopted multi-layer feed-forward net-works, which can provide competitive
results on sentiment classification[1].

3 Results

From the corpus, the 1000-dimension word vectors were produced with deep
learning via word2vec of gensim, a python package. Each sentence is then trans-
formed a vec-tor by adding the word vectors of the sentence. For each classi-
fication task, we perform 10-fold cross-validation to evaluate the classification
performance. The positive sen-tences and negative ones are by randomly parti-
tioned into 10 equal groups. For each round, one group is used as testing set,
the other 9 groups are training set, a three layer deep neural networks (DNN)
with 10, 20, 10 units, respectively, is built from the train-ing set in 2000 steps
by tensorflow; then the testing sentences are predicted by the DNN as positive
or negative, and the accuracy is reported.
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3.1 Predicting transcription regulation events

The following Table shows the performance of different feature set in DNN
model and previous decision tree model on predicting the transcription regu-
lation events in the 1309 sentences with 10-fold cross-validation. Experimental
results show that on pre- 5 dicting transcription regulation events, the word2vec
in DNN model achieves 73% ac-curacy, while our combined features in DNN
with same parameters achieves 96% ac-curacy, which is significantly better than
the 86% accuracy of previous ontology rules features in decision tree classifier.

Features Dimensions Classifier Accuracy (%)

Ontology Rules 115 Decision Tree 86
Word2vec 1000 Deep Neural Network 73
Word2vec +Ontology 1115 Deep Neural Network 96
Table 1. Performance on predicting transcription regulation events..

4 Predicting the rate-changes in transcription regulation
events

The following Table shows the performance of different feature set in DNN model
and previous decision tree model on predicting the rate-changes in transcription
regulation events from the 359 sentences of transcription regulation events with
10-fold cross-validation. It shows that on predicting the rate-changes in tran-
scription regulation events, word2vec in DNN achieves only 59% accuracy, same
performance as previous combined features by decision tree classifier. By comb-
ing our domain knowledge and sentence structure combined features into word
embedding, the DNN classifier achieves 90% accuracy.

Features Dimensions Classifier Accuracy (%)

Ontology Rules 115 Decision Tree 54
Domain +Sentence Structure Feature 669 Decision Tree 59
Word2vec 1000 Deep Neural Network 59
Word2vec + Domain +Sentence Struc-ture Feature 1669 Deep Neural Network 90
Table 2. Performance on predicting the rate-changes in transcription regulation events.

5 Discussion and Future Work

In this paper, we proposed to combine the domain knowledge summarized in
rate-changed transcriptional regulation ontology and sentence structure features
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into word embedding, to predict the complex transcriptional regulation events
and the rate changes in them by DNN classifier. The experimental results show
that both classifica-tion tasks achieve above 90% accuracy. Note that the domain
knowledge and sentence structure features are directly combined into the word
embedding features learned by word2vec model. 6 Recently, the dependency-
based word embedding tool, word2vecf [21], is used for bi-omedical event trigger
detection[22]. Specifically, all available PubMed abstracts are parsed with Gdep
parser [10], a dependency parse tool specialized for biomedical texts, and train
the dependency-based word embedding based on the contexts in dependency re-
lations. Well learn the ontology rules and sentence structure features embedding
from our corpus based on supervised training. We also employ the dependency-
based word embedding, which contains more functional semantic information,
to better cap-ture semantics of the events. In the future, well use tree-based
deep learning model such as tree Long Short-Term Memory (LSTM) convolu-
tional and recurrent neural net-works which can automatically learn features
from dependency tree for the trigger words and phrases.
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Abstract. This paper addresses the issues and techniques for insurance
companies using data mining techniques and leveraging big data. Data
mining includes various methods of discovering hidden predictive infor-
mation from large data sets, and is a process of analyzing data from
different perspectives and summarizing it into useful information - infor-
mation that insurers can use to increase revenue, cut costs, or both. Many
scholars have researched useful applications of datamining in the context
of the insurance industry. However, the issues and techniques of lever-
aging big data while applying data-mining techniques in the insurance
sector are largely unex-plored. This research aims to uncover the most
common insurance industry applica-tion areas where leveraging big data
can add significant value. It also explores dif-ferent techniques of lever-
aging big data across multiple sectors of the insurance in-dustry. With
cross-case analysis the intra-industry differences in these techniques and
applications are also highlighted.

Keywords: Datamining, Insurance Sector, Big Data.

1 Introduction

Insurance is a mechanism people use to limit their exposure to risk. It is a sector
that extends its scope to almost everyone. Companies in the insurance industry
charge premium to cover certain risks. When these covered risks happen, they
pay claims. A range of activities is important for insurance operations, and risk
management is one of these central activities. These activities include identify-
ing the risks that can be covered, deciding the premium to be charged, prepar-
ing agreements, executing these agreements, maintaining relationships with cus-
tomers, claims handling, etc. (Pathak and Jha, 2017). Historically, the industry
has been a data and information intensive industry. However, it is accustomed
to comparatively slow evolution, and is not very comfortable with fast-paced
change

With a shifting data and technology landscape, a storm is being predicted in
the insur-ance industry, and it will rain information. According to the results of
a recent survey (2018) of insurance CEOs conducted by PWC, more insurance
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CEOs are concerned about the pace of technological change (85%) than leaders
in almost any other indus-try. Technological advances are changing the business
and operating models of an industry thats accustomed to slow evolution rather
than rapid transformation. And, in this kind of industry climate, to remain
competitive, insurance companies are increas- ingly relying on data mining and
big data to reduce claims, create value for their cus-tomers, and help proactively
monitor risks to minimize customer losses.

Many scholars (for example, Pathak and Jha, 2017, Yan and Li, 2015, Abtab
et al, 2013) researched useful applications of datamining in the context of the
insurance industry. However, the issues and techniques of leveraging big data
while applying data-mining techniques in the insurance sector are largely unex-
plored and need fur-ther attention. This paper aims to uncover the relevance,
issues, and techniques for insurance companies to leverage big data while apply-
ing data-mining techniques.

This research discusses the role of big data in the insurance industry. Through
a re-view of literature and case study research, the paper uncovers the most
common in-surance industry application areas where leveraging big data can add
significant val-ue. In addition, the research further explores different techniques
of leveraging big data across multiple sectors of the insurance industry and
concludes by highlighting intra-industry differences with cross-case analysis, and
areas of future research.

2 Role of Big Data in Insurance

The operational activities of this industry usually generate a huge volume of
internal data. Data and information are required not only as a part of the claim
management process but also as input for future insurance activities. However,
some insurance activities also use data from other sources.

Fig. 1. Different types of data sources used in mining insurance data.

As shown in Fig.1, external data is rapidly growing in volume and relevance,
which is causing a gradual shift in companies from relying on internal data to
using both inter-nal and external data. In addition, brand new sources of data
are appearing. Wearable devices, smart homes, mobile phone apps, chat bots,
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social media, electronic medical records, and other things will all make it possible
to continue to collect more and more data.

For example, in the past, an insurance company might have used historical
data to predict the cost of future property damage claims. But now, real-time
weather data can alert the company to an impending storm, and within hours
it can combine that information with geographical data to determine the proba-
bility of snow, ice, or flooding in low-lying areas. The company can identify cus-
tomers who live in low-lying elevations or blizzard-prone areas, and use digital
channels to warn them about property protection. Advancements in processing
power and data exploitation are enabling companies to fully exploit external
and unstructured data. These are all op-portunities for insurance companies.
The challenge lies in digesting the rising tide of data and making sense of it. To
get these real time insights, insurance companies must expand their analytics
practices beyond traditional ad hoc reporting. In the past, they would run busi-
ness intelligence reports on a batch basisweeks or months apartand use this data
to make predictions about future trends. These practices are still valuable, but
insurance companies must evolve their analytics processes to remain competitive:
they must monitor information on an ongoing basis, analyzing it proac-tively to
search for insights. In this journey towards higher analytics maturity and shift
from descriptive analytics toward predictive and prescriptive analytics, big data
is playing an increasingly important role.

3 Big Data Application Areas and Techniques

With the increasingly important role of big data, insurers want to get insights
about common and valuable big data applications areas. At this time, techniques
of leveraging big data in insurance data mining applications need more scholarly
attention. Therefore, based on multi-case research and a review of literature,
this research has identified the most common big data application areas and
techniques in the section below.

3.1 Product Management and Marketing

Data-mining and predictive analytics are widely accepted in marketing and prod-
uct management to help target the right cus-tomers and to predict those who
may churn. In many cases, insurers use classification algorithms such as logistic
regression and support vector machine (SVM) to classify various entities like cus-
tomers, agents, etc. based on some pre-formulated classifica-tion rules. External
structured and unstructured data like behavioral analytics, compet-itor and so-
cial media data enable insurers to proactively manage their customer port-folio
with better prediction of customer value and risk.

Through real-time behavioral analytics and data ingestion from multiple
sources, insurers can use analytics interventions for customer engagement. These
classes are then used in forming strategies and interventions related to differen-
tiated relationship management, product offerings, various promotional activi-
ties, etc. (Pathak and Jha, 2017). Sometimes decision tree techniques are also

103



Dr. Darshan Desai, Om Desai .

used to find out the rules of classi-fication (Xiahou, et al. 2016). In using tra-
ditional classification methods, fragmented insurance business data and uncer-
tainty about customers’ purchasing characteristics lead to a serious imbalance
in the category of product data, which brings difficulties in user classification
and recommendation of insurance products. Hence, Lin et al, (2017) proposed
a heuristic bootstrap sampling approach combined with the ensemble learning
algorithm for leveraging bid data in insurance data mining. They proposed an
ensemble random forest algorithm that uses the parallel computing capability
and memory cache mechanism optimized by Spark. This proposed algorithm
outper-formed SVM and other classification algorithms in both performance and
accuracy within the imbalanced data. This technique is useful for leveraging big
data to im-prove the performance of product management and marketing-related
datamining applications.

3.2 Risk-based Pricing and Underwriting.

In underwriting, big data can enable better risk assessment and classification of
customers, which leads to better pricing. They also lead to dynamic pricing and
better customer profitability and value man-agement. In the case of auto insur-
ance companies, one such big data application is known as telematics. Telematics
directly monitors a drivers behavior to provide a more accurate risk assessment
score for the customer that can help insurers to create tailor-made policy that
a client can ask for. Another life and health reinsurance com-panyleveraged big
data to predict mortality risks among cancer patients in remission. A robust mor-
tality model simplified underwriting since low-risk applicants can avoid manual
medical verification, and it also reduced claims costs by identifying high-risk
patients.

In academic literature, both supervised and unsupervised learning applica-
tions have been used for leveraging big data in this context, though supervised
learning is more common. Baecke and Bocca (2017) leveraged big data from
sensors to improve the risk selection process in an insurance company. More
specifically, several risk as-sessment models based on three different supervised
data mining techniques (a lo-gistic regression, random forests, and artificial neu-
ral networks model) were aug-mented with driving behavior data collected from
in-vehicle data recorders. Standard telematics variables significantly improved
the risk assessment of customers. As a result, insurers were better able to tai-
lor their products to customers’ risk profiles. In another study, Brambilla, Ma-
scetti and Mauri (2017) researched different driving behaviors, using unsuper-
vised learning methods, to cluster drivers with similar behav-ior. They studied
driver behavioral characteristics by collecting information from GPS sensors on
the cars and by applying three different analysis approaches (DP-means, Hidden
Markov Models, and Behavioral Topic Extraction). In both of these studies, the
approaches/techniques identified were useful in leveraging big data to improve
data-mining model performance.
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3.3 Medical/Clinical Risk and Cost Prediction.

Huge cost pressures have created enormous demand for better data across a
range of players in the healthcare industry. Non-healthcare consumer data, IoT
health device data, and clinical data related to EMRs are creating a supply of
relevant data at an unprecedented scale. Significant advances in the ability to
combine claims and clinical data are catalysing the trans-formative changes in
the sector of medical/clinical cost and risk prediction. In the case of one health
insurer, harnessing clinical analytics enabled them to gain actiona-ble insights
that can be the key to improving population healthcare management.

On academic side, more recently, for leveraging big data, Hashi, Zaman and
Hasan (2017) proposed a system that assists doctors with predicting diseases
correctly and helps patients and insurers. Their research used the Decision Tree
and K-Nearest Neighbor (KNN) Algorithms to diagnose diabetes, as it is a great
threat to human life worldwide. However, many of the existing risk models typi-
cally draw on claims data and focus on one specific disease or event, and do not
predict multiple outcomes. Lin et al. (2017) proposed a technique to leverage
big data relating to patients electronic health records to attain enhanced risk
profiling. Patients with chronic diseases often face risks of not just one, but an
array of adverse health events, and they adopted a principled approach called
Bayesian multitask learning (BMTL) to coordinate a set of baseline modelsone
for each eventand communicate training information across the models. These
type of innovative approaches and techniques for leveraging big data can po-
tentially create significant impacts on clinical practice in reducing failures and
delays in preventive interventions.

3.4 Insurance Fraud Detection and Frictionless Claims.

Risk prediction is also an important defense against insurance claims fraud.
Insurance fraud is one of Americas largest crimes, and predictive analytics can
better detect and flag potential fraudu-lent claims. In the case of a short-term
insurance provider, they were facing difficul-ties in settling claims where the
length of the process was hurting the companys reputation. Due to a very high
risk of fraud, the insurer had to conduct a detailed as-sessment of every claim.
Big data separated potential fraud into different categories with given risks. This
helped them save money and significantly reduce the length of the process.

Additionally, this data is also mined to identify various valuable patterns and
make use of them in fraud detection or prevention (Pathak and Jha, 2017). Unsu-
pervised machine learning is more closely aligned with the idea that a computer
can learn to identify complex processes and patterns without a human providing
guidance along the way. Some examples of unsupervised machine learning algo-
rithms include k-means clustering, principal and independent component anal-
ysis, and pattern match-ing and association rules. Predicting insurance fraud
often requires unsupervised learning approaches as insurance companies often
dont collect information as to whether a claim is suspected of fraud or abuse.
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4 Conclusion

Big data applications related to insurance fraud prevention, fraud detection,
predictive claims, customer relationship and product management, risk-profiling
and underwriting, and management decision-making are becoming increasingly
common across all types of insurers. Data ingestion from multiple sources for
real-time behavioral analytics is more relevant in cases of health and life insur-
ance. This is because, more specifically in these cases, certain behaviors and
life-styles are more closely linked to having a higher risk, and such analytics
interventions are very valuable for the well-being of the member. Though use of
telematics is prevalent only in the cases of the auto-insurance industry, the appli-
cations and techniques related to integrating unstructured sensor data and data
coming from IOT devices into datamining is affecting everyone in the industry,
and is an important area for future research.

This level of maturity involves digesting new kinds of data. In the past, rigid,
rela-tional databases held the lions share of information. These data structures
are no longer adequate in an age of real-time, unstructured information from a
growing vari-ety of sources. Insurance companies must pull these data elements
together so they can analyze it all seamlessly. This means breaking down in-
formation silos. The insur-ance sector is known for its conservative nature. In
this sector, data-mining and ana-lytics were mostly used for descriptive purposes
on historical data. The amount of confidence insurers wanted in their predictive
models was not feasible to have with the companys internal historical data. Now,
with advancement in technology, big-data enabled analytics is shifting the in-
surers more towards predictive analytics. Big data analytics based prediction of
customer value or risk can improve management decisions and light up many
opportunities for different insurance business processes across the value chain
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Abstract. In this paper, we propose an integration method that uses self-organizing maps (SOM) and
the analytic hierarchy process (AHP) to cluster professional baseball players and to make decision on
team reinforcement strategy. We used data of pitchers in the Japanese professional baseball teams. First,
we collected data of 223 pitchers and clustered these pitchers using the following fourteen features:
number of games pitched, number of wins, number of loses, number of save, number of hold, number of
innings pitched, rate of strikeout, ERA (earned run average), percentage of hits a pitcher allows, WHIP
(walks plus hits per inning pitched), K/BB (strikeout to walk ratio), FIP (fielding independent pitching),
LOB% (left on base percentage), RSAA (runs saved above average). Second, we created pitcher maps
of all teams and each team with SOM. Third, we examined main features of each cluster. Fourth, we
considered team reinforcement strategies by using the pitcher maps. Finally, we used AHP to determine
the team reinforcement strategy.

Keywords: clustering, visualization, data mining, business intelligence, sport industry, baseball, deci-
sion making, self-organizing maps, AHP

1 Introduction

Machine learning and data mining techniques have been extensively investigated, and various attempts have
been made to apply them to baseball [e.g., 1-5]. Tolbert et al. applied SVM (Support Vector Machine) to
predicting MLB (Major League Baseball) championship winners [1]. Ishii applied K-means clustering to
identifying undervalued baseball players [2]. Pane applied K-means clustering and Fisher-wise criterion
to identifying clusters of MLB pitchers [3]. Tung applied PCA (Principal Component Analysis) and K-
means clustering to analyzing a multivariate data set of career batting performances in MLB [4]. Vazquez
applied time series and clustering algorithms to predicting baseball results [5]. In this paper, we propose an
integration method that uses Self-Organizing Maps (SOM) [6] and the analytic hierarchy process (AHP) [7]
to cluster professional baseball players and to make decision on team reinforcement strategy. We used data
of pitchers in Japanese baseball teams. First, we collected data of 223 pitchers and clustered these pitchers
using fourteen features. Second, we created pitcher maps of all teams and each team with SOM. Third,
we examined main features of each cluster. Fourth, we considered team reinforcement strategies by using
pitcher maps. Finally, we used AHP to determine the team reinforcement strategy.

2 Clustering Professional Baseball Players with SOM

The SOM algorithm is based on unsupervised, competitive learning [6]. It provides a topology preserv-
ing mapping from the high dimensional space to map units. Map units, or neurons, usually form a two-
dimensional lattice and thus the mapping is a mapping from high dimensional space onto a plane.
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Previously, we proposed a way of purchase decision support using SOM and AHP. First, we provided two
class boundaries, which divide the range between the maximum and minimum of an input feature value into
three equal parts. Second, we created self-organizing product maps using the classified inputs. We applied
our way to five kinds of products and confirmed its effectiveness [8]. When we previously compared SOM
with the other clustering algorithms (hierarchical clustering and Kmeans clustering) for product clustering,
SOM were superior to the other clustering algorithms for both visibility and clustering ability [9]. Therefore,
we used SOM for baseball players clustering.
We used data of pitchers of NPB (Nippon Professional Baseball Organization) [10]. We collected data of 235
pitchers in 2015 from Japanese professional baseball database [10, 11]. We clustered these pitchers using the
following fourteen features: number of games pitched, number of wins, number of loses, number of save,
number of hold, number of innings pitched, rate of strikeouts, ERA (earned run average), percentage of hits
a pitcher allows, WHIP (walks plus hits per inning pitched), K/BB (strikeout to walk ratio), FIP (fielding
independent pitching), LOB% (left on base percentage), RSAA (runs saved above average).
In each feature, we provide two class boundaries, which divide the range between the maximum and mini-
mum of an input feature value into three equal parts. For classifying the data of the number of games pitched,
we divided the number into three classes: under 27, over 28 to 50, and over 51. For classifying the data of
the number of wins, we divided the number into three classes: under 5, over 6 to 10, and over 11. For clas-
sifying the data of the number of loses, we divided the number into three classes: under 4, over 5 to 8, and
over 9. For classifying the data of the number of save, we divided the number into three classes: under 13,
over 14 to 27, and over 28. For classifying the data of the number of hold, we divided the number into three
classes: under 13, over 14 to 26, and over 27. For classifying the data of the number of innings pitched, we
divided the number into three classes: under 74, over 75 to 140, and over 141. For classifying the data of
the rate of strikeouts, we divided the rate into three classes: under 6.09, over 6.10 to 10.15, and over 10.16.
For classifying the data of ERA, we divided ERA into three classes: under 3.52, over 3.53 to 6.64, and over
6.65. For classifying the data of the percentage of hits a pitcher allows, we divided the percentage into three
classes: under 8.35, over 8.36 to 13.08, and over 13.09. For classifying the data of WHIP, we divided WHIP
into three classes: under 1.36, over 1.37 to 2.08, and over 2.09. For classifying the data of K/BB, we divided
K/BB into three classes: under 4.70, over 4.71 to 8.85, and over 8.86. For classifying the data of FIP, we di-
vided FIP into three classes: under 3.20, over 3.21 to 5.27, and over 5.28. For classifying the data of LOB%,
we divided LOB% into three classes: under 0.661, over 0.662 to 0.814, and over 0.815. For classifying the
data of RSAA, we divided RSAA into three classes: under -2.1083, over -2.1082 to 16.65, and over 16.66.
Table 1 shows a part of the feature matrix for pitchers.

Table 1: A part of the feature matrix for pitchers.

Name
Number of games pitched Number of wins

under 27 over 28 to 50 over 51 under 5 over 6 to 10 over 11
Makita 0 1 0 0 1 0
Hamada 1 0 0 1 0 0
Sawamura 0 0 1 0 1 0
Settu 1 0 0 0 0 1
Wakui 0 1 0 0 0 1
Arihara 1 0 0 0 1 0
Masui 0 0 1 1 0 0
Fujinami 0 1 0 0 0 1
Yamaguchi 0 0 1 1 0 0
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We inputted the data of all pitchers into SOM and created pitcher maps of all teams. Figure 1 shows self-
organizing map of pitchers of all teams. Figures 2, 3 and 4 show examples of component maps of pitchers.

Fig. 1. Self-organizing cluster map of pitchers of all teams.
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Fig. 2. Component map of pitchers of all teams: number of innings pitched.

Fig. 3. Component map of pitchers of all teams: ERA (Earned Run Average).

Fig. 4. Component map of pitchers of all teams: number of save.

There were seven clusters in Figure 1. When inspecting component maps, the feature of each cluster
is clear. For example, red neurons correspond to over 141 innings pitched in Figure 2 (c) and red neurons
correspond to over 75 to 140 innings pitched in Figure 2 (b). Red neurons correspond to under 3.52 ERA in
Figure 3 (a) and red neurons correspond to over 3.53 to 6.64 ERA in Figure 3 (b). Red neurons correspond
to over 28 save in Figure 4 (c).
As the number of innings pitched is large (over 141) and ERA is small (under 3.52) in cluster P1, a pitcher
belonging to P1 is one of the best starting pitcher. As the number of innings pitched is medium (over 75 to
140) and ERA is medium (over 3.53 to 6.64) in cluster P2, a pitcher belonging to P2 is one of the second

111



Clustering Professional Baseball Players with SOM...

best starting pitcher. As the number of save is large (over 28) and ERA is small (under 3.52) in cluster P3,
a pitcher belonging to P3 is a closer. We inspected every component maps and understand that features of
Clusters P1 to P7 are as shown in Table 2.

Table 2: Main features of all NPB pitchers in 2015 in each cluster.
Cluster Features Main feature

P1 Number of innings pitched is large. Best starting pitchers
Both ERA and WHIP are small.

P2 Number of innings pitched is medium. Second best starting pitchers
Both ERA and WHIP are medium.

P3 Number of save is large. Closer
P4 Number of hold is large. Best setup pitchers
P5 Number of wins and loses is small. Third best starting pitchers

or second best setup pitchers
P6 Number of wins and loses is small. Fourth best starting pitchers

Both ERA and WHIP are large. or third best setup pitchers
P7 Number of innings pitched is small. Bad pitchers

Both ERA and WHIP are large.

3 Considering Team Reinforcement Strategies

Next, we inputted the data of pitchers belonging to Chiba Lotte Marines into SOM and created pitcher maps.
Figure 5 shows self-organizing pitcher maps of Lotte.

Fig. 5. Self-organizing cluster map of pitchers of Chiba Lotte Marines.
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We inspected every component maps and understand that main feature of Clusters L1 to L6 are as shown
in Table 3.

Table 3: Main features of pitchers of Chiba Lotte Marines in 2015 in each cluster.
Cluster Main feature (# of pitchers) Name (Cluster in all NPB pitchers)

L1 Best starting pitchers (2) Wakui, Isikawa (P1)
L2 Second best starting pitchers (2) Rhee, Oomine (P2)
L3 Closer (1) Nisino (P3)
L4 Best setup pitchers (1) Ootani (P4)
L5 Second best setup pitchers (6) Masuda, Fujioka, Matunaga, Uchi,

Niki (P5), katuki (P6)
L6 Substitutes (13) Kurosawa, Yachi, Abe, Chen (P5),

Kanamori, Furuya, Carlos (P6)

Here, we assumed that organization of pitchers in a strong team is as follows: the number of starting
pitchers is five to six, the number of setup pitchers is one to two, the number of closer is one to two, and
the number of relief pitchers is three to five. When comparing Lottes organization of pitchers with a strong
teams organization, we understand that the number of starting pitchers is not enough.
Here, we chose alternatives for reinforcement strategies of starting pitchers as follows.

Step 1: We choose pitchers (1) who belong to Clusters P1, P2, P5 or P6, (2) whose contract have been
expired or who declared free agent, and (3) whose number of innings pitched was large or whose percentage
of hits he allows was small. We chose Stanridge and Bullington.

Step 2: We choose pitchers (1) who belong to Clusters P1, P2, P5 or P6, (2) who are young and whose
salary is low, (3) whose number of innings pitched was medium or whose FIP was small or whose RSAA
was not small. We chose Iida and Mima.

Table 4 shows the data of four alternatives for a reinforced starting pitcher.

Table 4: Data of alternatives for a reinforced starting pitcher.
Name Innings Hit RSAA FIP Salary Age Right/

pitched ratio (million yen) left
Standridge 144.3 9.4 -0.52 3.79 200 37 right
Bullington 73.6 7.3 2.378 3.18 150 35 right
Mima 86.3 10.6 -7.035 3.53 40 29 right
Iida 41.3 6.5 2.169 3.19 4 24 left

Hit ratio: percentage of hits a pitcher allows,
Right/left: right throw or left throw.
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4 Decision Making on Team Reinforcement Strategy with AHP

AHP is a multi-criteria decision method that uses hierarchical structures to represent a problem [7]. Pairwise
comparisons are based on forming a judgment between two particular elements rather than attempting to
prioritize an entire list of elements. The AHP scales of pairwise comparisons are shown in Table 5.

Table 5: The AHP scales for pairwise comparisons.
Intensity of importance Definition and explanation

1 Equal importance
3 Moderate importance
5 Essential or strong importance
7 Demonstrated importance
9 Extreme importance

2, 4, 6, 8 Intermediate values between the two adjacent
judgments when compromise is needed.

Figure 6 shows an example of the relative measurement AHP model created for the task of deciding a
high capable pitcher. Here, we used the following four criteria: innings pitched, hit ratio (percentage of hits
a pitcher allows), RSAA and FIP.

Fig. 6. AHP model for deciding a high capable pitcher.

We assumed the pairwise comparison matrix for Ciba Lotte Marines. The pairwise comparison matrix
for the four criteria is shown in Table 6. Here, we assumed that large innings pitched is most important, small
hit ratio is second most important, and small FIP is third most important. As a result, innings pitched is most
important and its weight is 0.565.

Table 6: Pairwise comparisons of four criteria.
Innings pitched Hit ratio RSAA FIP Weight

Innings pitched 1 3 7 5 0.565
Hit ratio 1/3 1 5 3 0.262
RSAA 1/7 1/5 1 1/3 0.055
FIP 1/5 1/3 3 1 0.118

Consistency index = 0.039
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Consistency index shows whether the pairwise comparison is appropriate or not. When the index is
lower than 0.1, the pairwise comparison is appropriate. When the index is over 0.1, the comparison is not
appropriate and should be corrected. In this case, consistency index was 0.01 and the pairwise comparison
was appropriate.

The pairwise comparisons of four alternatives with respect to innings pitched are shown in Table 7. The
weight of Standridge was highest, because the number of innings pitched of Standridge was largest.

Table 7: Pairwise comparisons of alternatives with respect to innings pitched
Standridge Bullington Mima Iida Weight

Standridge 1 6 5 8 0.636
Bullington 1/6 1 1/2 5 0.127
Mima 1/5 2 1 6 0.195
Iida 1/8 1/5 1/6 1 0.042

Consistency index = 0.086

The pairwise comparisons of four alternatives with respect to hit ratio are shown in Table 8. The weight
of Iida was highest, because the hit ratio of Iida was smallest.

Table 8: Pairwise comparisons of alternatives with respect to hit ratio.
Standridge Bullington Mima Iida Weight

Standridge 1 1/2 2 1/3 0.154
Bullington 2 1 4 1/2 0.288
Mima 1/2 1/4 1 1/5 0.081
Iida 3 2 5 1 0.477

Consistency index = 0.007

The pairwise comparisons of four alternatives with respect to RSAA are shown in Table 9. The weight
of Bullington was highest, because the RSAA of Bullington was largest.

Table 9: Pairwise comparisons of alternatives with respect to RSAA
Standridge Bullington Mima Iida Weight

Standridge 1 1/5 2 1/2 0.125
Bullington 5 1 6 3 0.577
Mima 1/2 1/6 1 1/3 0.077
Iida 2 1/3 3 1 0.222

Consistency index = 0.011

The pairwise comparisons of four alternatives with respect to FIP are shown in Table 10. The weight of
Bullington was highest, because the FIP of Bullington was smallest.
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Table 10: Pairwise comparisons of alternatives with respect to FIP.
Model RMSE R2 NSE KGE PBIAS

Standridge Bullington Mima Iida Weight
Standridge 1 1/6 1/2 1/3 0.079
Bullington 6 1 5 2 0.533
Mima 2 1/5 1 1/2 0.130
Iida 3 1/2 2 1 0.253

Consistency index = 0.008

Table 11 shows final results of AHP. Standridge was the most capable pitcher, because we assumed that
large innings pitched is most important and small hit ratio is second most important. The number innings
pitched of Standridge is largest.

Table 11: Final results of deciding a high capable pitcher
Criteria Innings pitched Hit ratio RSAA FIP Result
Weight of criteria 0.565 0.262 0.055 0.118
Standridge 0.636 0.154 0.125 0.079 0.416
Bullington 0.127 0.288 0.577 0.533 0.242
Mima 0.195 0.081 0.077 0.130 0.151
Iida 0.042 0.477 0.222 0.253 0.191

Figure 7 shows an example of the relative measurement AHP model created for the task of deciding a
reinforced starting pitcher. Here, we used the following five criteria: capability, salary, age, right/left throw
and feasibility.

Fig. 7. AHP model for deciding a reinforced starting pitcher.

We assumed the pairwise comparison matrix for Chiba Lotte Marines. The pairwise comparison matrix
for the five criteria is shown in Table 12. Here, we assumed that capability and feasibility are most important,
and right/left throw is third most important. As a result, capability and feasibility are most important and
their weights are 0.362.
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Table 12: Pairwise comparisons of five criteria
Capability Salary Age Right/left Feasibility Weight

Capability 1 7 5 3 1 0.362
Salary 1/7 1 1/3 1/5 1/7 0.039
Age 1/5 3 1 1/3 1/5 0.076
Right/left 1/3 5 3 1 1/3 0.161
Feasibility 1 7 5 3 1 0.362

Consistency index = 0.034
The weights of four alternatives with respect to capability are shown in Table 11.

The pairwise comparisons of four alternatives with respect to salary are shown in Table 13. The weight
of Iida was highest, because the salary of Iida was cheapest.

Table 13: Pairwise comparisons of alternatives with respect to salary.
Standridge Bullington Mima Iida Weight

Standridge 1 1/2 1/4 1/6 0.074
Bullington 2 1 1/2 1/4 0.138
Mima 4 2 1 1/2 0.275
Iida 6 4 2 1 0.513

Consistency index = 0.004

The pairwise comparisons of four alternatives with respect to age are shown in Table 14. The weight of
Iida was highest, because Iida is youngest.

Table 14: Pairwise comparisons of alternatives with respect to age
Standridge Bullington Mima Iida Weight

Standridge 1 1/2 1/4 1/6 0.074
Bullington 2 1 1/2 1/4 0.138
Mima 4 2 1 1/2 0.275
Iida 6 4 2 1 0.513

Consistency index = 0.004

The pairwise comparisons of four alternatives with respect to right/left throw are shown in Table 15. The
weight of Iida was highest, because left throw is a few and important for Chiba Lotte Marines.

Table 15: Pairwise comparisons of alternatives with respect to right/left.
Standridge Bullington Mima Iida Weight

Standridge 1 1 1 1/2 0.2
Bullington 1 1 1 1/2 0.2
Mima 1 1 1 1/2 0.2
Iida 2 2 2 1 0.4

Consistency index = 0

The pairwise comparisons of four alternatives with respect to feasibilty are shown in Table 16. The
weights of Standrige and Bullington were highest, because they declared free agent.
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Table 16: Pairwise comparisons of alternatives with respect to feasibility
Standridge Bullington Mima Iida Weight

Standridge 1 1 3 3 0.375
Bullington 1 1 3 3 0.375
Mima 1/3 1/3 1 1 0.125
Iida 1/3 1/3 1 1 0.125

Consistency index = 0

Table 17 shows final results of AHP. Standridge was the best. Because we assumed that capability and
feasibility are most important. Capability and feasibilty of Standridge are highest. Standridge is selected as
the final choice. Actually, Chiba Lotte Marines acquired Standridge as a reinforced starting pitcher.

Table 17: Final results of AHP
Criteria Capability Salary Age Right/left Feasibility Result
Weight of criteria 0.362 0.039 0.076 0.161 0.362
Standridge 0.416 0.074 0.074 0.2 0.375 0.327
Bullington 0.242 0.138 0.138 0.2 0.375 0.271
Mima 0.151 0.275 0.275 0.2 0.125 0.164
Iida 0.191 0.513 0.513 0.4 0.125 0.238

5 Conclusion

We proposed a way of clustering professional baseball players with SOMs, considering several team rein-
forcement strategies using player maps, and deciding team reinforcement strategy with AHP. We used data
of pitchers of Japanese professional baseball teams. We used data of pitchers in Japanese baseball teams.
First, we collected data of 223 pitchers and clustered these pitchers using fourteen features. Second, we cre-
ated pitcher maps of all teams and each team with SOM. Third, we examined main features of each cluster.
Fourth, we considered team reinforcement strategies by using pitcher maps. Finally, we used AHP to de-
termine the team reinforcement strategy. In future work, we will apply our way to the other sports such as
football and basketball. We will use other types of AHP [7] and ANP [12] for decision making.
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Abstract. Since the era of data explosion, data mining in large transac-
tional databases has become more and more important. There are many
data mining techniques like association rule mining, the most important
and well-researched one. Furthermore, frequent itemset mining is one
of the fundamental but time consuming steps in association rule mining.
Most of the algorithms used in literature find frequent itemsets on search
space items having at least a minsup and are not reused for subsequent
mining. Therefore, in order to decrease the execution time, some parallel
algorithms have been proposed for mining frequent itemsets. Nonethe-
less, these algorithms merely implement the parallelization of Apriori and
FP-Growth algorithms. To deal with this problem, several parallel NPA-
FI algorithms are proposed as a new approach in order to quickly detect
frequent itemsets from large transactional databases using an array of
co-occurrences and occurrences of kernel item in at least one transac-
tion. Parallel NPA-FI algorithms are easily used in many distributed
file system, namely Hadoop and Spark. Finally, the experimental results
show that the proposed algorithms perform better than other existing
algorithms.

Keywords: Association rules, Co-occurrence items, Frequent itemsets,
Parallel algorithm

1 Introduction

Mining frequent itemsets is a fundamental and essential problem in many data
mining applications such as the discovery of association rules, strong rules, corre-
lations, multi-dimensional patterns, and many other important discovery tasks.
The problem is formulated as follows: Given a large database of set of items
transactions, find all frequent itemsets, where a frequent itemset is one that oc-
curs in at least a userspecified percentage of transaction database [4].

In the last three decades, most of the mining algorithms for frequent itemsets,
proposed by various authors around the world, are based on Apriori [5] and FP-
Tree [6,9]. Simultaneously to speed up the implementation of the mining frequent
itemsets, authors worldwide propose the parallelization of algorithms based on
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the Apriori [1,7] and FP-Tree [8]. In this paper, we propose a novel sequential
algorithm that mines frequent itemsets, and then, parallelizing the sequential
algorithm to demonstrate the multi-core processors in an effective way as follows.

• Algorithm 1: Computing Kernel COOC array of co-occurrences and oc-
currences of kernel item in at least one transaction;

• Algorithm 2: Generating all frequent itemsets based on Kernel COOC ar-
ray;

• Parallel NPA-FI algorithm quickly mining frequent itemsets from large
transactional databases implemented on the multi-core processors.

This paper is organized as follows: in section 2, we describe the basic con-
cepts for mining frequent itemsets, benchmark datasets description and data
structure for transaction databases. Some theoretical aspects of our approach
relies, are given in section 3. Besides, we describe our sequential algorithm to
compute frequent itemsets on large transactional databases. After that we par-
allelize the proposed sequential algorithm. Details on implementation and ex-
perimental tests are discussed in section 4. Finally, we conclude with a summary
of our approach, perspectives and extensions of this future work.

2 Background

2.1 Frequent Itemset Mining

Let I = {i1, i2, · · · , im} be a set of m distinct items. A set of items X =
{i1, i2, · · · , ik},∀ijεI(1 ≤ j ≤ k) is called an itemset, an itemset with k items is
called a k − itemset. D be a dataset containing n transaction, a set of transac-
tion T = {t1, t2, · · · , tn}, and each transaction tj = {ik1, ik2, · · · , ikl},∀iklεI(1 ≤
kl ≤ m).

Definition 1. The support of an itemset X is the number of transaction in
which occurs as a subset, denoted as sup(X).

Definition 2. Let minsup be the threshold minimum support value specified
by user. If sup(X) ≥ minsup, itemset X is called a frequent itemset, denoted
FI is the set of all the frequent itemset.

Property 1. ∀X ⊆ Y , if sup(Y ) ≥ minsup then sup(X) ≥ minsup.

Property 2. ∀X ⊂ Y , if sup(X) < minsup then sup(Y ) < minsup.
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Table 1. The Transaction database D used as our running example.

TID Items

t1 A C E F t6 E

t2 A C G t7 A B C E

t3 E H t8 A C D

t4 A C D F G t9 A B C E G

t5 A C E G t10 A C E F G

Table 2. Mining frequent itemsets.

k-itemset FI (minsup = 2) FI (minsup = 3) FI (minsup = 5)

1 D, B, F, G, E, A, C F, G, E, A, C G, E, A, C

2
BE, BA, BC, DA, DC, FE, FG, FA, FC, GE, GA, GA, GC, EA,

FA, FC, GE, GA, GC, EA, EC, AC GC, EA, EC, AC EC, AC

3

BAC, BEA, DAC, FEA, BEC, FAC, GEA,

FEC, FGA, CFG, FAC, GEA, GEC, GAC GAC, EAC

GEC, EAC, GAC EAC

4 BEAC, FGAC, FEAC, GEAC GEAC

Example 1. See Table 1. There are eight different items I = {A,B,C,D,E, F,G,H}
and ten transactions T = {t1, t2, t3, t4, t5, t6, t7, t8, t9, 10}. Table 2 shows the fre-
quent itemsets at three different minsup values - 2 (20%), 3 (30%) and 5 (50%)
respectively.

2.2 Benchmark Description

Djenouri et al categorized the datasets: Three types of well-known instance de-
tails the characteristic of these benchmarks [10].

2.3 Data Structure for Transaction Database

The binary matrix is an efficient data structure for mining frequent itemsets
[2,3]. The process begins with the transaction database transformed into a binary
matrix BiM, in which each row corresponds to a transaction and each column
corresponds to an item. Each element in the binary matrix BiM contains 1 if the
item is presented in the current transaction; otherwise it contains 0.
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Table 3. Datasets description.

Instance type #Trans #Items #Avg. Length

Medium 6,000 to 9,000 500 to 16,000 2 to 500

Large 100,000 to 500,000 1,000 to 1,600 2 to 10

Big up 1,600,000 up 500,000

Fig. 1. A binary matrix BiM representation of example transaction database.

3 The Proposed Algorithms

3.1 Generating Array of Co-occurrence Items of Kernel Item

In this part, we illustrate the framework of the algorithm generating co-occurrence
items of items in transaction database.

Definition 3. Project set of item ik on database D : π(ik) = {tjεD|ik ⊂ tj}
is is set of transaction contain item ik(π− decreasingmonotonic). According to
Definition 1:

sup(ik) =| π(ik) | (1)

Definition 4. Project set of itemset X = {i1, i2, · · · , ik},∀ij=1,kεI : π(X) =
π(i1) ∪ π(i2) · · ·π(ik).
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sup(X) = π(X) (2)

Definition 5. Let ikεI is called a kernel item. Itemset Xcooc ⊆ I is called
co-occurrence items with kernel item ik, so that satisfy πik ≡ π(ik ∪ Xcooc).
Denoted as cooc(ik) = Xcooc.

Example 2. See Table 1. Consider item B as kernel item, we detect co-
occurrence items with itemB as cooc(B) = {A,C,E} and sup(B) = sup(BACE) =
2.

Definition 6. Let ikεI is called a kernel item. Itemset Ylooc ⊆ I is called
occurrence items with kernel item ik in as least one transaction,but not co-
occurrence items, so that satisfy 1 ≤ |π(ik ∪ ilooc)| < |π(ik)|,∀ilooc ε Ylooc.
Denoted as looc(ik) = Ylooc.

Example 3: See Table 1. Consider item B as kernel item, we detect occur-
rence items with item B in as least one transaction looc(B) = G and π(BG) =
{t9} ⊂ π(B) = {t7, t9}.

Algorithm Generating Array of Co-occurrence Items

This algorithm is generating co-occurrence items of items in transaction
database and archive into the Kernel COOC array. Each element within the
Kernel COOC, 4 fields:

− Kernel COOC[k].item : kernel item k;

− Kernel COOC[k].sup : support of kernel item k;

− Kernel COOC[k].cooc : co-occurrence items with kernel item k;

− Kernel COOC[k].looc : occurrence items k kernel item in least one transac-
tion.

The framework of Algorithm 1 is as follows:
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Algorithm 1. Generating Array of Co-occurrence Items
Input : Dataset D
Output: Kernel COOC array, matrix BiM

1: foreach Kernel COOC[k] do
2: Kernel COOC[k].item = ik
3: Kernel COOC[k].sup = 0
4: Kernel COOC[k].cooc = 2m - 1
5: Kernel COOC[k].looc = 0
6: foreach tjεT do
7: foreach ikεtj do
8: Kernel COOC[k].sup ++
9: Kernel COOC[k].cooc = Kernel COOC[k].cooc AND vectorbit(tj)
10: Kernel COOC[k].looc = Kernel COOC[k].looc OR vectorbit(tj)
11: sort Kernel COOC array in ascending by support
We illustrate Algorithm 1 on example database in Table 1.
Initialization of the Kernel COOC array, number items in database m = 8;

Item A B C D E F G H

sup 0 0 0 0 0 0 0 0

cooc 11111111 11111111 11111111 11111111 11111111 11111111 11111111 11111111

looc 00000000 00000000 00000000 00000000 00000000 00000000 00000000 00000000

Read once of each transaction from t1 to t10

Transaction t1 = {A,C,E, F} has vector bit representation 10101100;

Item A B C D E F G H

sup 1 0 1 0 1 1 0 0

cooc 10101100 11111111 10101100 11111111 10101100 10101100 11111111 11111111

looc 10101100 00000000 10101100 00000000 10101100 10101100 00000000 00000000

Transaction t2 = {A,C,G} has vector bit representation 10100010;

Item A B C D E F G H

sup 2 0 2 0 1 1 1 0

cooc 10100000 11111111 10100000 11111111 10101100 10101100 10100010 11111111

looc 10101110 00000000 10101110 00000000 10101100 10101100 10100010 00000000

Transaction t3 = {E,H} has vector bit representation 00001001;

Item A B C D E F G H

sup 2 0 2 0 2 1 1 1

cooc 10100000 11111111 10100000 11111111 00001000 10101100 10100010 00001001
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looc 10101110 00000000 10101110 00000000 10101101 10101100 10100010 00001001

Transaction t4 = {A,C,D, F,G} has vector bit representation 10110110;

Item A B C D E F G H

sup 3 0 3 1 2 2 2 1

cooc 10100000 11111111 10100000 10110110 00001000 10100100 10100010 00001001

looc 10111110 00000000 10111110 10110110 10101101 10111110 10110110 00001001

Transaction t5 = {A,C,E,G} has vector bit representation 10101010;

Item A B C D E F G H

sup 4 0 4 1 3 2 3 1

cooc 10100000 11111111 10100000 10110110 00001000 10100100 10100010 00001001

looc 10111110 00000000 10111110 10110110 10101111 10111110 10111110 00001001

Transaction t6 = {E} has vector bit representation 00001000;

Item A B C D E F G H

sup 4 0 4 1 4 2 3 1

cooc 10100000 11111111 10100000 10110110 00001000 10100100 10100010 00001001

looc 10111110 00000000 10111110 10110110 10101111 10111110 10111110 00001001

Transaction t7 = {A,B,C,E} has vector bit representation 11101000;

Item A B C D E F G H

sup 5 1 5 1 5 2 3 1

cooc 10100000 11101000 10100000 10110110 00001000 10100100 10100010 00001001

looc 11111110 11101000 11111110 10110110 11101111 10111110 10111110 00001001

Transaction t8 = {A,C,D} has vector bit representation 10110000;

Item A B C D E F G H

sup 6 1 6 2 5 2 3 1

cooc 10100000 11101000 10100000 10110000 00001000 10100100 10100010 00001001

looc 11111110 11101000 11111110 10110110 11101111 10111110 10111110 00001001

Transaction t9 = {A,B,C,E,G} has vector bit representation 11101010;

Item A B C D E F G H

sup 7 2 7 2 6 2 4 1

cooc 10100000 11101000 10100000 10110000 00001000 10100100 10100010 00001001
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looc 11111110 11101010 11111110 10110110 11101111 10111110 11111110 00001001

The last, transaction t10 = {A,C, F,G,H} has vector bit representation 10101110;

Item A B C D E F G H

sup 8 2 8 2 7 3 5 1

cooc 10100000 11101000 10100000 10110000 00001000 10100100 10100010 00001001

looc 11111110 11101010 11111110 10110110 11101111 10111110 11111110 00001001

After the processing of Algorithm 1, the Kernel COOC array as follows:

Table 5. Kernel COOC array are ordered in support ascending order.

Item A B D F G E A C

sup 1 2 2 3 5 7 8 8

cooc E A,C,E A,C A,C A,C C A

looc G F,G D,E,G B,D,E,F A,B,C,F,G,H B,D,E,F,G B,D,E,F,G

See Table 3, we have cooc(A) = {C} and cooc(C) = {A}. In this case, the
frequent itemset generated from A and C items will be duplicated. We provide
a Definition 7, 8 to eliminate the duplication when generating frequent itemsets.

Definition 7.Let ik ε I(i1 ≺ i2... ≺ im) items are ordered in support ascend-
ing order,ik is called a kernel item. Itemset Xlexcooc ⊆ I is called co-occurrence
items with the kernel item ik, so that satisfy π(ik) ≡ π(ik∪ij),ik ε ij , ∀ijεXlexcooc

Denoted as lexcooc(ik) = Xlexcooc.
Definition 8.Let ik ε I(i1 ≺ i2... ≺ im) items are ordered in support as-

cending order,ik is called a kernel item Itemset Ylexlooc ⊆ I is called occurrence
items with kernel item ik in as least one transaction,but not co-occurrence items,
so that satisfy 1 ≤| π(ik ∪ ilexlooc) |<| π(ik) |,∀ilexloocεYlexlooc. Denoted as
lexcooc(ik) = Ylexcooc.
Additional command line 12, 13 and 14 into Algorithm 1:

12: foreach ikεtj do
13: Kernel COOC[k].cooc = lexcooc(ik)
14: Kernel COOC[k].looc = lexlooc(ik)
We have looc(G) = {B, D, E, F}, where B,D ≺ F ≺ G ≺ {E}, so lexlooc(G) = E.
Execute command line 12, 13 and 14 has result on Table 4.
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Table 7. the Kernel COOC array are co-occurrence items ordered in support ascending
order.

Item A B D F G E A C

sup 1 2 2 3 5 7 8 8

cooc E A,C,E A,C A,C A,C φ C φ

looc φ G F,G G,E E A,C φ φ

3.2 Algorithm Generating All Frequent Itemsets

In this part, we illustrate the framework of the algorithm generating all frequent
item-sets bases on the KernelCOOC array.

Lemma 1. ∀ ik ε I, if sup(ik) ≥ minsup andXlexcoocis powerset of lexcooc(ik)
then sup(ik ∪ xlexcooc) ≥ minsup, ∀xlexcoocεXlexcooc.

Proof. According to Definition 8, (1) and (2): then π(ik) ≡ π(ik ∪ xlexcooc)
and sup(ik) ≥ minsup.Therefore, we have sup(ik ∪ xlexcooc) ≥ minsup.

Example 4. See Table 4. Consider the item F as kernel item (minsup =
2), we detect co-occurrence items with the item F as lexcooc(F ) = {A,C} and
Xlexcooc = {A,C,AC} then sup(FA) = sup(FC) = sup(FAC) = 3 ≥ minsup.

Lemma 2. ∀ ik ε, Ylexlooc is powerset of lexcooc(ik),∀ylexloocεYlexlooc, if
sup(ik ∪ ylexlooc) ≥ minsup and Xlexcooc is powerset of lexcooc(ik) then sup(ik
∪ ylexlooc ∪ xlexcooc) ≥ minsup, ∀ xlexcooc ε Xlexcooc.

Proof. According to Definition 8, 9: then | π (ik ∪ ylexlooc) | ¡ | π(ik)| = |
π(ik ∪ xlexcooc)| and sup(ik ∪ ylexlooc) ≥ minsup.Therefore we have sup(ik ∪
ylexlooc ∪ xlexcooc) ≥ minsup,∀ xlexcooc ε Xlexcooc, ∀ ylexlooc ε Ylexlooc.

Example 5. See Table 4. Consider the item G as kernel item (minsup = 2),
we detect co-occurrence items with item G as lexcooc(G) = {A,C}, Xlexcooc =
{A,C,AC}; lexcooc(G) = E and sup(GE) = 3 ≥ minsup then sup(GEA) =
sup(GEC) = sup(GEAC) = 3 ≥ minsup.

The framework of Algorithm 2 is presented as follows:
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Algorithm 2. Generating all frequent itemsets satisfy minsup
Input : minsup, Kernel COOC array, Dataset D
Output: FI

1: foreach Kernel COOC[k].sup ≥ minsup do
2: FI[k] = ik
3: if(Kernel COOK[k].sup=minsup) then
4: Co ← GenSub(Kernel COOC[k].cooc)//generating noempty subsets of cooc
5: foreach isj ε CO do
6: FI[k] = FI[k] ∪ ik ∪ isj
7: else
8: if(Kernel COOC[k].cooc =φ )then
9: Lo ← GenSub(Kernel COOC[k].looc)//generating noempty subsets of looc
10: foreach isjεLo do
11: FI[k] = FI[k] ∪ ik ∪ isj
12: else
13: Co ← GenSub(Kernel COOC[k].cooc)
14: foreach isj ε CO do
15: Ft = Ft ∪ ik ∪ isj
16: Lo ← GenSub(Kernel COOC[k].looc)
17: foreach isj ε LO do
18: Fk = Fk ∪ ik ∪ isj
19: foreach fiεft do
20: foreach isj ε LO do
21: FI[k] = FI[k] ∪ fi ∪ isj
22: FI[k] = FI[k] ∪Ft

23: sort FI in descending by support
We illustrate Algorithm 2 on example database in Table 1, and minsup = 3. After
the processing Algorithm 1, the Kernel COOC array in Table 5 is showed.

Line 3, consider items satisfying minsup as kernel items {F, G, E, A, C}; Consider
kernel item F, sup(F) = 3 = minsup (Lemma 1- form line 5 to 6) generating
all frequent with kernel item F as FI[F ] = {(F, 3), (FA, 3), (FC, 3), (FAC, 3)}.
Consider the kernel item G (from line 12 to 21): the powerset of co-occurrence
items of kernel item G as set Co ={A, C, AC}, generating frequent itemsets Ft

= {(GA, 5), (GA, 5), (GAC, 5)}; line 16 generating noempty subsets of looc
field Lo = {E}, Fk = {GE} generating frequent itemsets FI[G] = {(G, 5), (GA,
5), (GC, 5), (GAC, 5), (GE, 3), (GEA, 3), (GEC, 3), (GEAC, 3)}.

Consider the kernel item E (from line 8 to 11) − generating noempty subsets
of looc field Lo = {A, C, AC}, line 10 and 11 generating frequent itemsets FI[E]

= {(E, 7), (EA, 5), (EC, 5), (EAC, 5)}.
Consider the kernel item A (similary kernel item G): Co = {C}, Ft ={(AC,

8)}, Lo = {φ}, Fk = {φ} generating frequent itemsets FI[A] = {(A, 8), (AC,
8)}. Consider the kernel item C (similary kernel item E): Lo = {φ} generating
fre-quent itemsets FI[C] = {(C, 8)}.
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Table 9. All frequent itemsets satisfy minsup = 3 (example database in Table 1).

Kernel item Frequent itemsets - FI

F (F,3) (FA,3) (FC,3) (FAC,3)

G (GE,3) (GEA,3) (GEC,3) (GEAC,3) (GA,5) (GC,5) (GAC,5) (G,5)

E (EC,5) (EA,5) (EAC,5) (E,7)

A (A,8) (AC,8)

C (C,8) F,G

Fig. 2. The diagram sequential algorithm for frequent itemsets mining (SEQ-FI).

3.3 Parallel NPA-FI Algorithm Generating All Frequent Itemsets

In this section, we illustrate parallel algorithms and experimental setup on the
multicore processors (MCP). We proposed a parallel NPA-FI algorithm for
because it quickly detects frequent itemsets on MCP using Algorithm 1 and
Algorithm 2.

The parallel NPA-FI algorithm for generating all frequent itemsets, includ-
ing 2 phases:

– Phase 1: Computing Kernel COOC array by parallelization Algorithm 1;

– Phase 2: Generating all frequent itemsets by parallelization Algorithm 2;

Phase 1 - Parallelization Algorithm 1 is shown in the diagram:
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Fig. 3. The diagram parallelization Phase 1.

In Figure 3, we split the transaction database D into c (number of core
on CPU) parts D1, D2, ..., Dc.After that, the core jth executes Algorithm 1
with input transaction database Dj , output the Kernel COOCDj array.The
Kernel COOCD array for the transaction database D, we compute the following
equation:

Kernel COOCDj = Kernel COOCD1⊕Kernel COOCD2⊕...⊕Kernel COOCDc

(3)
⊕ denoted as sum for sup, AND for cooc, OR for looc field of each element

array.
The next step, we sort the Kernel COOC array in ascending order by supporting,
executing commands line 12, 13 and 14 of the Algorithm 1.

Example 6. See Table 1. We split the transaction database D into 2 parts:
the data-base D1 consists 5 transaction {t1, t2, t3, t4, t5} and database D2 con-
sists 5 transaction {t6, t7, t8, t9, t10}.

The processing of Algorithm 1 on database D1

Item A B C D E F G H

sup 4 0 4 1 3 2 3 1

cooc 10100000 11111111 10100000 10110110 00001000 10100100 10100010 00001001

looc 10111110 00000000 10111110 10110110 10101111 10111110 10111110 00001001

The processing of Algorithm 1 on database D2

Item A B C D E F G H

sup 4 2 4 1 4 1 2 0

cooc 10100000 11101000 10100000 10110000 00001000 10101110 10101010 11111111

looc 11111110 11101010 11111110 10110000 11101110 10101110 11101110 00000000
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Results of equation (3), we have the Kernel COOC array as presented in Table
5. Phase 2 Parallelization of Algorithm 2 is shown in the diagram:

Fig. 4. The diagram parallelization Phase 2.

In Figure 4, we split theKernel COOCD array from element ik to im(sup(ik) ≥
minsup) into c parts. After that, the core j th execute Algorithm 2 with input
Kernel COOCD array from k+(j−1)*((m−k+1)divc) to k+j∗((m−k+1)divc)
element returns results frequent itemsets FIDj . The frequent itemsets FID for
the transaction database D, we compute the following equation:

FID = FID1 ∪ FID2 ∪ ... ∪ FIDc (4)

Example 7. See Table 1. Generating all frequent itemsets satisfy minsup= 3,
the transaction database D split into 2 parts as Example 6. Results of phase 1
paralleliza-tion, we have the Kernal COOCD array as Table 5.

The processing of Algorithm 2 on the Kernel COOC array form item F to E:

Kernel item Frequent itemsets - FID1

F (F,3) (FA,3) (FC,3) (FAC,3)

G (GE,3) (GEA,3) (GEC,3) (GEAC,3) (GA,5) (GC,5) (GAC,5) (G,5)

E (EC,5) (EA,5) (EAC,5) (E,7)

The processing of Algorithm 2 on the Kernel COOC array form item A to C:

Kernel item Frequent itemsets - FID1
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A (A,8) (AC,8)

C (C,8)

Results of equation (4), we have all frequent itemsets as presented in Table 6.

4 Experiments

All experiments were conducted on a PC with a Core Duo CPU T2500 2.0
GHz (2 Cores, 2 Threads), 4Gb main memory, running Microsoft Windows 7
Ultimate. All codes were compiled using C#, Microsoft Visual Studio 2010, .Net
Framework 4.
We experimented on two instance types of datasets:

− Two real datasets that belong to medium instance are form of UCI Machine
Learning Repository [http://archive.ics.uci.edu/ml] as Pumsb and Retail
datasets.

− Two synthetic datasets that belong to large instance using the software are
generated by IBM Almaden Research Center [http://www.almaden.ibm.com]
as T40I1KD100K and T40I1KD200K datasets.

Table 13. Datasets description in experiments.

Instance type Name #Trans #Items #Avg.Length Type

Medium Pumsb 49,046 2,113 74 Dense

Retail 88,162 16,470 10 Sparse

Large T40I1KD100K 100,000 1,000 40 Sparse

T40I1KD200K 200,000 1,000 40 Sparse

Deng et al, proposed the PrePost [9] algorithm for constructing a FP-tree-
like and mining frequent itemsets from a database. In recent years, PrePost
algorithm shows the better performance result. We have compared the parallel
NPA-FI algorithm with sequential algorithms (SEQ-FI) and PrePost algo-
rithm.

Performance implementation parallel NPA-FI algorithm on multi-core pro-
cessors:

P = 1−
(
TM −

TS
c

)/(TS
c

)
(5)

Where:

1. TS : executing time of the sequential algorithm;
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2. TM executing time of the parallel algorithm;
3. c number of the core on CPU.

Fig. 5. Running time of the three algorithms on Medium datasets.

Figure 5 (a) and ( b) show the running time of the compared algorithms on
medium datasets Pumsb and Retail. SEQ-FI runs faster PrePost algorithm
under all minimum supports; NPA-FI runs faster SEQ-FI algorithm. Average
performance of the parallel NPA-FI algorithm in turn: Pumsb as P̄ = 0.78; σ
= 0.048 and Retail as P̄= 0.79; σ = 0.032. Fig.

Fig. 6. Running time of the two algorithms on Large datasets

Figure 6 (a) and ( b) show the running time of the compared algorithms
on large datasets T40I1KD100K and T40I1KD200K. PrePost algorithm
fails to frequent itemsets mining on large datasets; NPA-FI runs faster SEQ-
FI algorithm. Average performance of the parallel NPA-FI algorithm in turn:
T40I1KD100K as P̄= 0.81; σ = 0.045 and T40I1KD200K as P̄ = 0.81; σ =
0.052.

In summary, experimental results suggest the following ordering of these al-
gorithms as running time is concerned: SEQ-FI runs faster PrePost algorithm;
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NPA-FI runs faster SEQ-FI algorithm. Average performance of the parallel
NPA-FI algorithm on datasets experimental is P̄= 0.80; σ= 0.042.

5 Conclusion

In this paper, we have proposed a sequential architecture mining frequent item-
sets on large transaction databases, consisting of two phases: the first phase,
quickly detect a the Kernel COOC array of co-occurrences and occurrences of
kernel item in at least one transaction; the second phase, the algorithm is pro-
posed for fast mining all frequent itemset based on Kernel COOC array. Besides,
when using mining frequent itemsets with other minsup value then the proposed
algorithm only performs mining frequent itemsets based on the Kernel COOC
array that is calculated previously, reducing the significant processing time. The
next step, we develop a sequential algorithm for mining frequent itemsets and
thus parallelize the sequential algorithm to effectively demonstrate the multi-
core processors. The experimental results show that the proposed algorithms
perform better than other existing algorithms.

The results from the algorithm proposed: In the future, we will expand
the algorithm to be able to mining frequent itemsets on weighted transaction
databases, as well as to expand the parallel NPA-FI algorithm on distributed
computing systems such as Hadoop, Spark.

References

1. Agrawal R., Shafer J.: Parallel mining of association rules. IEEE Transac-
tions on Knowledge and Data Engineering 8, 962?969 (1996).

2. Dong J., Han M.: BitTableFI: An efficient mining frequent itemsets algo-
rithm. Knowledge-Based Systems 20(4), 329?335 (2007).

3. Song W., Yang B.: Index-BitTableFI: An improved algorithm for mining
frequent itemsets. Knowledge-Based Systems 21, 507?513 (2008).

4. Philippe F. V., Jerry C. W. L., Bay V., Tin C. T., Ji Z., Bac L.: A sur-
vey of itemset mining.Wiley Interdisc. Rew - Data Mining and Knowledge
Discovery, 7(4) (2017).

5. Agrawal R., Imilienski T., Swami A.: Mining association rules between sets of
large databases. Proceedings of the ACM SIGMOD International Conference
on Management of Data, Washington, DC, pp. 207?216 (1993).

6. Han J., Pei J., and Yin Y.: Mining frequent patterns without candidate
generation. In Proc. 2000 ACM-SIGMOD Int. Conf. Management of Data
(SIGMOD?00), Dallas, TX, pp. 1? 12 (2000).

7. Lin M. Y., Lee P. Y., Hsueh S. C.: Apriori-based frequent itemset min-
ing algorithms on MapReduce, Proc of the 6th International Conference on
Ubiquitous Information Management and Communication, New York, NY,
USA, pp. 76?76 (2012).

135



A Novel Parallel Algorithm for Frequent Itemsets Mining...

8. Moonesinghe H. D. K., Chung M. J., and Tan P. N.: Fast parallel mining of
frequent itemsets. Technical Report No. 2, Department of Computer Science
and Engineering, Michigan State University, (2006).

9. Deng Z. H., Wang Z. H. and Jiang J. J.: A new algorithm for fast mining
frequent itemsets using N-lists. Science China Information Sciences, 55(9),
2008-2030 (2012).

10. Djenouri Y., Bendjoudi A., Djenouri D., Habbas Z.: Parallel Processing and
Applied Mathematics, ISBN 978-3-319-32148-6, pp.258-268, (2016).

136



Using Clusters in network threat detection

Tsigkritis Theocharis1, Groumas Georgios2, and Schneider Moti3

MSDS R&D, PCCW Global, Athens, Greece
{ttsigkritis, gggroumas, mschneider }@pccwglobal.com

Abstract. We describe a process to identify suspicious behaviors of net-
work entities. We utilize the dynamical clustering approach to create
clusters to classify behaviors from collected data and fuzzy matching
to identify threatful activities. We will de-scribe the process of creating
the clusters, present the different algorithms related to the process and
discuss the results.

Keywords: network security; clusters; fuzzy logic, similarity measures

1 Introduction

1.1 General

Network threats are proliferating globally and at an unprecedented rate. To
improve overall security posture, prevent intrusion [9,20] by detecting anomaly
behavior [13] and outliers [19], organizations require a real-time analysis of net-
work & network security events to determine quickly and accurately insights
regarding network security status [4]. This objective, however, is getting more
difficult in cases where networks of different entities have different level & quality
of information is available.

In network infrastructures there are many distributed or centralized entity
types (e.g., network nodes, network elements, network components or devices,
subnets, IPs, spe-cific service an IP uses), The challenge of network and security
monitoring is to detect or determine unusual or suspicious activity corresponding
to a network entity on a stream of network and security events of extreme volume
and velocity. Events can be distinguished from each other by attributes, which
can be either categorical (e.g. location, Autonomous Systems Numbers (ASN)
[17] or numerical (e.g. packet count, payload size of a session).

1.2 Related work

Many classification techniques are used to determine fraud behavior. But those
approaches can only predict already well known attacks [21,22] and are easily
out-dated due to the evolution of the methods used by the attackers. Many
different algorithms were introduced to fight intrusion and detect anomaly in the
network or cloud. Examples are: k-nearest neighbor [3][7][16], local outlier factor
[6], outlier detection for high-dimensional data [19] support vector machines [12],
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neural net-works [15], Cluster analysis-based outlier detection [14], association
rules and fre-quent itemsets, and fuzzy logic based outlier detection [23].

We used the clustering approach. Clustering is an unsupervised method to
group data points into groups such that the data points within a group are
similar to each other and very dissimilar to data points in different groups. There
are several different clustering algorithms. Probably the most popular clustering
algorithm is the K-means algorithm [1,8] that has two different approaches. In
the first one, the user predefines the number of clusters (K) and places the
data points based on the dis-tance between the data points and the centers of
the clusters [10]. In the second ap-proach, the dynamic approach, where the
user defines the inner distance between the data points within the clusters, and
assigns the data accordingly [2]. Another method to generate clusters is via the
hierarchical method [1].

Another interesting approach is the fuzzy approach and let an element to
belong to multi clusters. Each sample can be assigned to multiple clusters with
[23]. Bezdek [5] used fuzzy logic to create clusters. We use the dynamic approach
to K-means clustering method, by using fuzzy logic for the matching process.
This will be dis-cussed further below.

1.3 The Data Set

The features we used for our approach are aggregated metrics and could be split
into four categories, namely traffic related (e.g number of connections, emails,
num-ber of unique external IPs, number of unique countries, number of unique
services), security related (e.g threat logs, failed logins, spam emails), policy
violations (e.g fire-wall blocks, access control blocks) and list of categorical at-
tributes set (e.g services used, location, ASN).

2 Fuzzification as a similarity measure

The most fundamental concept of the fuzzy set theory is the membership func-
tion. This function computes the distance of an element to the center of the
fuzzy set. It can be assumed that the center of the fuzzy set is a place where the
membership grade is 1. We also can assume that it is possible to convert any
number to a fuzzy term by defining the terms borders.

This means that any value can transformed from being a singleton to being
a fuzzy term. The membership grade of 1 represents the original center point
of the cluster, and the two end points represent the borders of the membership
function (as displayed below).
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Fig. 1. Logical structure of the fuzzy term.

To match between a new data D and C, we only need to perform the fuzzi-
fication process. The fuzzification process filters the domain data D through
the membership function to get the membership grade as shown below. The
fuzzification process has two major advantages; it avoids the need to normalize
the data base and it is the matching process itself. In the following section, we
present the process of cluster creation.

Fig. 2. Example of a fuzzy variable.
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3 The clustering system

3.1 Overview

Clusters are defined as groups of data points that are closely similar to each
other. On the other hand, the clusters themselves have to be as far as possible
from each other to be easily distinguishable.

In the clustering environment, we test how well the clusters recognize a set
of given data points. When simulating the performance, we create the clusters
with one set of data and test it with another. The most important concern we
have is to make sure that the learning data set and the testing data set will be
different. To avoid bias, we require that the learning data set will be created
randomly.

There are two major procedures to create the clusters:

• Fixed cluster construction − In this approach we define a priory the number
of clusters we want to create
• Variable cluster construction − Here we let the system to determine the op-

timal number of clusters, based on a set of parameters that will be described
later.

In our approach, we chose the dynamic approach to create clusters. That is, we
let the system to determine the optimal number of clusters. When the process
of constructing clusters is completed, the center of each cluster is transformed
into a fuzzy term associated with some fuzzy membership function.

Fig. 3 illustrates the overview of our clustering system, based on the above
remarks. Please note that from a given data set, a learning data set is created by
randomly selected data points and is used for the cluster creation process (right
leaf in Fig. 3), while the remaining data points are used for the testing process
(left leaf in Fig. 3). Both cluster creation and testing processes will be discussed
in the following sections.

Fig. 3. Clustering system overview.
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3.2 Creating the Learning Data Set

As mentioned above, the most important concern we have is to make sure that
the learning data set and the testing data set will be different. To avoid bias, we
require that the learning data set will be created randomly. In the following, we
present our learning data set creation process.

1. Let n be the size of the complete data set. Choose a random number r such
that
0.4 ∗ n < r < 0.6 ∗ n
In other words, we want the learning data set be about half of the size of
the en-tire data set.

2. From the entire data set choose r different data points:
For i=1 to r do
Generate a random number m between 1 and n
If m − th data point in the initial data set is not in the learning data set,
add it to the learning data set

At the end of this process we have created a data set containing r different and
randomly chosen data points from the initial data set.

3.3 The Matching Process

The matching process is a fundamental sub-process in cluster creation process.
The matching process compares two data points to find out their similarity.
These two data points are the center of the cluster and a new incoming data. A
data point is defined as a collection of variables, each with a different type and
each has a differ-ent weight. In other words, the data that is collected and ana-
lyzed contain many attributes. Some of these attribute may be more important
(or influential) than oth-ers. This importance can be expressed as the weight of
the attribute (or variable). In our final decision making we will take the weight
into account. If the variables are numeric then the result is numeric within [0,1].
Otherwise, it is Boolean, i.e. 1 if the two attributes are identical and 0 otherwise.

This can be summarized graphically in Fig.4:
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Fig. 4. The matching process.

So, the matching process can be summarized as follows, assuming that ac
be the attribute of the cluster center and ad is the attribute of the testing data
point.

• In case that ac and ad are Boolean or linguistic data then:

ri =

{
1, if ac, ad are identical

0, otherwise
(1)

• In case that ac and ad are numeric then matching ri is the fuzzification
process of ad in ac:

ri = µac
(ad) (2)

To take into account each attributes weight, we add the results from all the
matches performed on the attributes of the two data points, such that the final
result R is defined as:

R =

∑
riwi∑
wi

(3)

where ri is the matching result and wi is the attribute weight. It is important to
note that all the posterior information is not included in the matching process.
This includes the IP number, IP group number, and the information whether or
not this record represents a false activity.

3.4 The process of creating clusters

As mentioned above, we test how well the clusters recognize a set of given data
points. When simulating the performance, we create the clusters with one set of
data and test it with another. To avoid bias, we require that the learning data
set will be created randomly. The process of creating clusters is divided into
three steps:
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1. Creating the clusters. We choose a data point and assign it to the first
cluster. This data point becomes the center of the cluster. Then we pick the
next point match it against the first cluster. If R (3) is above some threshold
T, then we add the new data point to the cluster. If not, we create the second
cluster and assign the new data point as the center of the second cluster. We
repeat the process until every da-ta point belongs to some cluster.

2. Updating the centers of the clusters. For each attribute, if the attribute
is numeric we compute the average value of the attribute, and if not we do
not alter the value of the center.

3. Self-testing. After changing the centers of the clusters, we have to repeat
the pro-cess of matching (as described in step 1) to ensure that data points
did not move to other clusters. That will ensure stability of the learning
process. If there was a change, go back to step 1, and repeat the process.

By the end of the clusters creation process we have several clusters that have
data points that are very similar, and each cluster is distinctively far from other
clusters. This fact will ensure a better recognition and classification during test-
ing.

4 The Testing Procedure

In this stage, as illustrated below, we match a new incoming data point that
represents an IP behavior with the set of clusters defined above. We define two
classes, threat and normal. A data point that belongs to threat class is associated
with at least one threat event. On the other hand, a data point, and therefore its
related IP behavior, which belongs to normal class, is not associated with any
threat and security events. If the data point is correctly assigned to its class, we
have a true identification else we have a false identification. Briefly, we take a
data point from the test file and compare it with the clusters. If the similarity
between the cluster set and the data point is above a certain threshold, then we
have a match. Also, if we do have a match, the procedure supplies the index of
the specific cluster that was matched against the data.

The above process can be specified as follows:

1. Match the new incoming data point against the clusters center.
2. If the matching result (R) is above a given threshold, then go to step 5, else

go to 3.
3. If the matching result is less than the threshold, move the index to the next

cluster
4. Go to 1.
5. Extract the cluster that recognized the new data point. Lets call it C.
6. From C, create a set of data points that have the same IP as the data point

in question. Denote this list as L.
7. Count the number of threats/normal data records in L. Let Lt and Ln be

the threat/normal subsists, respectively, then we define the threat ratio and
the normal ratio as:

Tratio =
| Lt |

| Lt | + | Ln |
(4)
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and

Nratio =
| Ln |

| Lt | + | Ln |
(5)

8. If the threat ratio (Tratio) is above a threshold, and the data point is a
threat, then we mark a success.

9. If the normal ratio (Nratio) is above a threshold and the data point is normal,
then we mark a success.

10. Otherwise we mark a failure.

11. Get the next data point to be tested (if there is one and go back to step 1).
If not exit the loop.

So, the idea is to assign the data point in question with one of the following
categories:

1. The incoming data records IP indicates threat behavior.

2. The incoming data records IP does not indicates threat behavior.

3. The incoming data records IP group is a threat group. A threat group is
defined as a group of IPs most of its IPs have a threatful behavior.

4. The incoming data records IP group is not a threat group.

We check one option at the time until we find a similarity. If nothing found, we
place the result in the outlier bin. This may indicate a new type of data point or
a corrupted one. With respect to threat class, our clustering system can check
whether:

The above procedure is illustrated in Fig. 5.

Fig. 5. Testing the system using clusters
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5 Parameters Configuration

In this section we describe how to choose the best attributes from the data base.
The learning system determines which variables will be used in identifying a
threat, and the best values for the chosen variables.

5.1 Choosing Variables and Possible Values

In our system we chose all the variables that can contribute to the identification
of a threat. Different variables have different values. Due to the fact that some of
the variables are Boolean, we can assign them the values 0 or 1. Some variables
are linguistic (i.e. have a finite non numeric values), so we need to check all
possible values. Other variables are numeric. In this case we have to choose
some representative values. For example, the variable threshold is numeric. It
represents how well a certain record matches the set of clusters. It is logical to
assume that the matching should be between 0.7 and 1. In other words, if the
matching between the record and the cluster center is below 0.7 then it should
not be accepted as a member of that cluster. We divided the range of accepted
matches to low (above 0.7), medium (above 0.85) and high (above or equal to
0.99). The more options we provide, the more complex will be the computation
(this will be described below).

After examining all the variables, we create a multivariable loop. Let xi be a
variable of type integer. Also, xi corresponds to a real variable (such as threshold,
etc.), yi. Also let ai be the lowest value in the domain of xi and bi the highest
value in this domain. So a simple loop will be:
For xi = ai to bi do S,
where S is an executable statement.
In the example above the loop will execute from 0 to 2, such that the value 0 in
xi corresponds to 0.7 in the real variable threshold. It should be noted that the
number of permutations can be large. In particular, for a set of n variables, let
P be the number of permutations, so, we have:
P=X1 × X2 × ...× Xn−1

Generally, the algorithm for variable selection is O(t*2n). t: the number of
threshold’s levels (e.g. 3, levels:[0.7 , 0.85 ,0.99]) n: the number of features ( e.g 7,[
firewall block count, failed login count, email count, spam count, msg bytesize,
orgid, value])

Each Boolean variable shows if some numerical variable participates in the
computation. For example, If the 6th Boolean is set to false, this means that the
numerical variable orgid does not participate in the simulation. So, in this case
P=27*3*3 1 =1151 cases. So, in the first stage we simulate the system with all
possible values. This means that we run the simulation 1151 times (we omit the
case where all Boolean variables are false) and place the simulation results on
some file. The result file contains all the results computed above. It also contains
the information regarding the variables participated in the simulation. After this
first stage is completed we proceed to the tune up stage.
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5.2 Tuning up and testing

The tuning up process deals with finding the best values for the variables chosen
to be part of the system. The learning system determines which variables will
be used in identifying a threat, and the best values for the chosen variables.

As was stated, first we choose all the variables that can contribute to the
identifica-tion of a threat. Basically, these are all the variables in the database
containing numeric or Boolean information. Different variables have different
values. After running the system once, we get P different results (in our case
p=1151). From this set we choose the cases that their Success rate is the highest.
In other words, we choose the permutations that generated the best results in
the matching of the new data point with the clustering system to find out if the
new data point is a threat or not.

If we select more than one case, we observe the number of outliers (# of
cases the system rejects). In our system we allow less than 10% of outliers (from
the given test files). The reason for having a threshold for checking the number
of outliers in the system is only for reducing the amount of valid results. If the
number of the outliers is more than 10%, then the possibility of rejecting non
threat data increases. Note that the idea here is to reduce the number of possible
permutations. The goal is to generate one set of values that will stand the tests
we will describe later.

If we still have more than one option we will select the case that the integer
values are the highest. We have 2 numbers in the variable pool, each having the
values 0.7, 0.85, 0.99. One of the two variables is the threshold. It determines if
the new record belongs to a cluster or not. We test the data with low threshold
(0.7), medium threshold (0.85) and a high threshold (0.99). We obviously look
for the high threshold. The problem is that high threshold will not guarantee
stability. Therefore, we need to test several thresholds. The second numeric vari-
able is responsible for the shape of the centre of each attribute in the centre
vector of the cluster (we denote it as the shape variable). Let x be the value
representing the centre of an attribute of the cluster and S be the shape value.
Then we want to expend x to a fuzzy term with a trapezoid shape as described
in Fig. 6:
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Fig. 6. Fuzzy term described as a trapezoid

The values of the points A, B, C, and D in Fig. 7 are computed as:

B = xS

A = BS

C = x+ (1− S)x = x(2− S)

D = C + (1− S)C = C(2− S)

(6)

For example, if x = 100, then B = 70, A = 49, C = 130, D = 169. The
trapezoid created is not symmetric. If we want to make the trapezoid symmetric,
we define y such that

y = xS (7)

And

A = x− 2y

B = x− y
C = x+ y

D = x+ 2y

(8)

If we still have more than one option we will select the case that has the most
Boolean variables having the value true. This means that we chose the case
where as many as possible variables from the variable list described above are
participating in the simulation. This guarantee that the system will choose only
one case and this case has the best characteristics.

After selecting the best variables and the best values for those variables we
move to the final stage, or the final test.

After choosing the best set of values for the variables to determine if some IP
is a threat or not, we use these values to simulate the system 200 times to ensure
con-sistency. The reason for choosing this large number is because of the rule
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of large numbers. If we show consistency in this simulation we can ensure that
statistically the consistency will hold. Consistency is defined as having the same
results (or very close to it). The results are stored on a file for further analysis.
The analysis showed that in almost all cases we simulated (98%), we got very
high success. Success is defined as a case where the prediction (threat/normal)
is the same as the actual values.

We have repeated the entire process described above 500 times and got con-
sistent and very good results.

5.3 Example

As was stated above, in the first run we simulate results with all permutated
values (1151). This is shown in Fig. 7.

Fig. 7. Initial results

The system sorts the results and selects only the results that their success
rate is above 98%. After cutting the results with less than 98% success we are
left with 51 cases. This is shown in Fig. 8:
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Fig. 8. Results after first cut

From the 51 cases remained, the system selected 16 cases in which the number
of outliers is less than 10%. Out of these 16 cases we found one case in which T
was 0.99 and S was 0.85. This permutation was chosen.

Then we run the system 100 times to check consistency. The results are
depicted in Fig. 9.

Fig. 9. Simulating the system 100 times

The success rate was 99%. Success is measured by counting the number of
cases we predicted correctly divided by the number of cases tested. The outlier
rate was less than 10%, that is, the number of records that were rejected due
to the fact that their matching result was below the given threshold, was 7%.
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The matching threshold T was set to 0.99 (almost a binary case) and the shape
value S was set to 0.84. That concluded that the system was very consistent.

We repeated the process 500 times and the results were consistent with the
selected permutations.

6 Conclusions

The approach described above was implemented and tested using actual net-
work traffic from PCCW Global backbone network. It is used to generate early
notifica-tions regarding suspicious IPs that although no security information was
available, were observed with similar traffic behavior with IPs that have been
involved in net-work security incidents in given time context. We used random
numbers to generate the learning and testing data, by running the simulations
200 times to optimize pa-rameters. The presented approach is related to intel-
lectual property protected by the US patent (provisional) with US Application
No.: 62/439,332.

Approach enhancements that are planned as future work are to apply a his-
torical threat severity score model to each entity type, extract temporal patterns
and apply a set of techniques considering other unsupervised learning techniques
to reason about the final decision. An automated framework for applying appro-
priate weights to features and feature selection using dimensionality reduction
techniques in conjunc-tion with PCCW Global security analysis feedback is un-
der research.
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Abstract. The capabilities of deep data extraction and consideration
of relationships and in-fluences of data have been explored in theoretical
and empirical studies within the domain of entrepreneurial development.
The ability to model and develop an envi-ronment conducive to the, pro-
motion of growth, stimulation of activity, support of knowledge trans-
fer and maintenance of a commercially acceptable level of in-tegrity, is
central to the framework necessary for engagement with entrepreneurs.
This study considers a case study demonstrating potential for increased
commer-cial awareness based on the relationships of data present on the
web but which may not be in an easily recognised or useful format. Anal-
ysis of the relationships of the data, the perceived levels of influence the
data may have, and its relevance to the enquirer, whilst presenting the
outputs in a standard form which is readily accessible offers scope for
future intervention and support. The framework anal-yses and subse-
quently reports obscure data in a meaningful and easily digested manner
and this article considers how this improved flow of information and
knowledge is beneficial to entrepreneurial activity.

Keywords: entrepreneur, social network analysis, data extraction, con-
nectivity.

1 Introduction

Contemporary economic competitiveness is highly dependent on access to high
qual-ity, market focused, information. This paper considers the potential offered
by social network analysis (SNA) for the enhancement and promotion of start-
ups.

Social networking employs relationship knowledge based on a modelled struc-
ture of the strengths of connections between information agents. Many interac-
tions are not immediately visible (Freeman, 1979) particularly where human in-
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teractions are concerned as may be found in clustered environments. Social struc-
tures, infrastruc-ture, communications and human capital resources are potential
relational infor-mation agents which may be considered appropriate within the
decision process (Scott, 2012). The structures of the data, and nuances deter-
mined by them, form the core of the linkages between entities on which the
decisions may be made. The map-pings and interconnected relationships, both
intra-agent and extra-agent, between entrepreneurs, government departments,
support groups, Universities (Pinheiro, Lucas and Pinho, 2015), Internet and
other sources of agency generate patterns (Maharani and Gozali, 2015). Anal-
ysis of the socially interacting patterns and the resultant nodes produced in
the graphing produces information relevant to activities within the network. Of
greatest importance within the network is the social capital which is intrinsic
to the entrepreneurial network; this social capital is considered critical for the
performance of start-ups (Stam, Arzlanian and Elfring, 2014).

Selection of entrepreneurial partners and clusters is not always a straightfor-
ward process and may lead to unprofitable dead-ends if the available information
is not suitably relevant and high level of quality (Dvir et. al., 2010). Successful
transactional activities such as technology transfer, development and manage-
ment of intellectual property, engagement within regional and cultural norms,
and deep social interaction (Landry et al, 2002) are requirements of a success-
ful start-up. The diversity of actors within the cluster and associated with it
varies according to region, availability of human capital, industrial scale and
government policies (national and local). These diverse agents create a level of
complexity which may be difficult to decipher in the decision-making process.
The strengths of relationship between actors and by actors are not all equal,
hence their effects within any alliance of, small to medium sized enterprises,
start-ups, or clusters of complimentary organisations do not have equal weight-
ings. The quantity and type of agent with a role in the start-up decision making
process is not always easy to determine and each context will demonstrate dif-
ferent respective weightings.

The methodology employed within the study produces an influence on the
infor-mation output from the analysis. The degree of subjectivity of the extracted
infor-mation (Frasquet et al, 2011) depends on the relational agent of trust
within the mod-el, hence it is advisable to explore any pre-existing relationships
to determine how this may be weighted. The SNA may not interpret all agents
which may affect the start-up, hence any limitations must be clearly signposted.

The relationships within the social network depend on the influential be-
haviour of the nodes. Nodes with the highest degrees of centrality describe
agents of high levels of connectivity with other nodes. These nodes are given
the greatest weightings to represent high levels of connectivity and high levels
of interactions. Centrality is the means by which these high levels is described.
The degrees of centrality are an im-portant element in the analysis of the hu-
man interaction process; the variety of inter-actions, types of interaction and
communication means, all affect the relationship model.
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Small to medium sized company clusters naturally contain old and new firms
op-erating within a range of high and low technologies and may be situated
in emerging or more established economic zones. Start-ups wishing to engage
with these activities will be affected by network diversity. Stam et al (2014) de-
termined that performance is closely connected to network diversity especially
for new firms. The performance levels of older, established firms are better in
larger social networks with strongly es-tablished ties. Evolution of start-up status
within the requires adaptability of the model as the social capital varies. There-
fore, the way the entrepreneur relates and interacts with the social network is not
constant and is dependent on the levels of awareness of the entrepreneur and sup-
porting organisations to changing conditions. The methodology employed within
the SNA is determined by the status and maturity of the cluster.

Better connected entrepreneurs (Hoang and Antonic, 2003) are viewed as
having large nodes demonstrating high levels of interaction with supporting and
collaborative actors. The identification of opportunities and subsequent mobilisa-
tion of resources social capital, finances and personal networks is a constructive
process, however, extraction of data to determine model effect is not without dif-
ficulty. Data may be sparse but highly central to the model leading to concern
regarding the objectivity and accuracy of the model. Data is contextually depen-
dent and where empirical data is not accessible there may be a need to construct
a simulated node which may be updated on receipt of error information.

The entrepreneurial context reveals a generalisation of network effects is not
easily obtained when esoteric terms such as social capital are considered. The
definitions of social capital vary (McEvily and Zaheer, 1999; Batjargal, 2010) as
does the degree of homogeneity of the network under consideration.

Lee (2015) considered the use of SNA to foster entrepreneurs within Korean
crea-tive industries. The expectation that successful activities may be created
simply through provision of bricks and mortar has been debunked. The activ-
ities of the start-up should be integrated into the social and industrial fabric
of the region to attract entrepreneurial attention. Effective marketing of the
newly developed assets and strategic allocation of support structures to aid the
creation and involvement of net-worked activities. Unpredictability and rapidly
changing trends are characteristics of many new industries leading to unique-
ness of circumstance. Access to a broad, available, qualified workforce, potential
partners and financial support are just some of the agents affecting the net-
worked cluster. The innovative elements may not be state based requiring close
interaction between individuals. Internet enabled technol-ogies may support new
and established firms, however, geographical and relational issues are considered
important to extant activities and subsequent growth.

2 Data Extraction Networks: Supporting knowledge
transfer and social capital growth

The primary function of social network analysis is the process of identification
of the primary agents or central nodes in the network. The central node is that
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which is most popular in terms of connectivity and perceived importance to the
function of the network. The degree of centrality describes the flow of information
to and around each node to determine its central function. This technique may be
used across many domains such as epidemiology, town planning, building design,
transportation. In this study, the degree of centrality is explored to ascertain the
optimal sources of infor-mation and support for entrepreneurs in local clusters
to aid growth and development of small to medium sized enterprises.

Influence is a measure or perception of quality of interaction, and influential
in-teractions are fundamental to the relationships between, and in collaboration
with, entrepreneurs. The influences of agents within the network play a large
role and may be tacit depending on context. Rachman et al (2013) implemented
social network design based on Kretschmer (2007) methods to determine those
agents with greatest influence. The actions of influence are paramount however,
the analysis must remain cognizant of content within the influencing agents
and how this content is distributed across the web. Adapting to the needs of
entrepreneurs, in a world where accurate keywords act as agents to enable a
targeted analysis in a time sensitive framework, is key to the following case
study. The keywords entered in the system form the lens of analysis for the
dominant nodes, and the model adapts to changes requested where an output is
considered to not be relevant to the search.

The objective of this paper is to propose a model based on case studies of
small to medium sized organisations using the extraction of non-transparent
Internet based data to support entrepreneurial activity. The proposed model,
or selection of adaptive models, will consider relationships applicable to a case
study within the context of web distributed start-up support.

3 Case Study

RandomStartup, as its name suggests, is a free start-up discovery engine that
allows users to find startups from all around the world which was developed by
a team of students from the USA, Romania and Honduras. The website and
the apps are user friendly and simple to use: You just need to press refresh and
another startup will pop up.
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Fig. 1. Start Page.
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Fig. 2. Menu Page.
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The website www.randomstartup.org is operational and gathers data from
more than 2500 worldwide start-ups. The iOS and Android apps are under con-
struction with a design emphasis on interactive features: Search button using
keywords (music, travel, promote, marketing, education, en-trepreneur, etc) so
user can discover start-ups in their area of interest and determine influencing
information. Save button allows users to save start-ups they like or use.
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Fig. 3. With every refresh a new start-up popsup
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Fig. 4. For every refresh a new start-up will appear

While loading the value proposition of the start-up pops-up

The main purpose of this online platform is to connect start-ups with poten-
tial us-ers or buyers and generate social capital. At the same time, it can serve
as inspiration for people seeking ideas with a desire to start a new venture. It
also works for those that already have started a new business and want to see
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what their competitors are doing or for those that are simply looking for part-
nership. Some users who have al-ready tried the product describe it is a healthy
alternative to scrolling Facebook feeds.

Products must have a minimum level of viability and may be promoted
through the website URL or app; submissions of ideas on RandomStartup are
free. After submission, the websites are carefully analyzed for viability and in-
tegrity before ap-proval by the RandomStartup team.

Each start-up has equal chances to be known to the world (the logo a yellow
equal) and the order of appearance of the start-ups is completely randomized.
So, the chronological time doesn‘t matter when a person introduces a start-up,
but rather the knowledge that the company is in the start-up phase. Hence,
each start-up has an equal chance of appearance to the public searches. Ran-
domstartup is all about entrepreneurship and about connecting the world of
entrepreneurs on a single platform.

With RandomStarup mobile app they will be able to customize their search
by intro-ducing keywords to determine levels of influence. For example, if the
user writes IoT the app will determine those businesses and ideas where this
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keyword is central to the analysis. This works as well for tourism, travel, music,
innovation, etc. RandomStartup also has a save button to revisit outputs at a
later stage for further consideration.

Nowadays, many people have ideas but few of them succeed in making those
ideas become reality. When they finally succeed in building a prototype or a
mini-mum viable product they struggle to become known to the world. Now,
things are starting to change because with Internet connection you may access
information no matter where your location is. So, even if you are based in Asia,
if you have a good product or service you can have users or clients from other
parts of the world. In this regard RandomStartup wants to play the connector
role.

RandomStartup is a pool where start-ups are swimming. The purpose is to
help them become known to the world and strive in this competitive world.
Practically, start-ups connect with potential users or buyers and in this way
they grow their busi-ness. Also, it is a good source of inspiration for people that
are coming from emerging economies to increase the wealth of their co-citizens
by applying ideas from devel-oped countries. The reverse is also available, people
from emerging countries can also build useful products or services that can be
used by people all around the world and at competitive prices.

By using the Randomstartup platform (website or apps) entrepreneurs can
im-prove their business or come up with new innovative solution. From, intelli-
gent soft-ware services and smart devices to cloud services, hidden data can be
discovered and used.

RandomStartup‘s aim is to conquer complexity with simple user rules. Play-
ing the role of a connector that has impact both on start-up owners and users.
The novelty of RandomStartups comes mainly from its simplicity. Think about
a photo frame where instead of photos you may find accurate real ideas from
all around the world. Be-cause the user doesn‘t know what may come next, the
sentiment of serendipitously finding something interesting and useful makes you
hit the refresh button again and again.

There are also other start-up generators, but most of them took the approach
of building a website where they put links and stories about the startup. At
Random-Startup it is all about the ability of a start-up owner to present his/her
product in a way that resonates with entrepreneurial activity because its content
is employed di-rectly. In time, only some start-ups survive, so the system is very
careful to promote only websites that work.

Since the first day the website was launched (September 2014) the number of
people submitting their start-ups has been continuously growing. Entrepreneurs
are searching for different ways to promote their products and services mainly
because most of them have international applicability. When building a start-
up resources may be limited at the beginning, so the best thing you can do is
to try to invest them efficiently. RandomStartup started from zero startups in
September 2014 and now has more than 2500 start-ups. Some start-ups ceased
to function along the way but this industry is tremendously growing with the
goal of becoming the biggest start-up discovery engine around the world.
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The company quickly realized that next to promoting start-ups there is also
a need for recognition and support along the way. The path of building the
dream may be-come very difficult and some may give up easily if they don‘t see
immediate results. The importance of feedback, services, and skills exchanges,
between complementary start-ups can enhance the chances for a start-up to
survive. At RandomStartup meaningful partnership are built with start-ups that
were previously featured with the program with the mantra that growing start-
ups through start-ups could represent a big step forward for entrepreneurship.

RandomStartup began as an initiative which is now in practice. It started
with the website (www.randomstartup.org) and the next phase is about to begin
via the launch of the iOS app and the android app.

Internal developments include: Improvingthe database over time by intro-
ducing more details about the start-ups and gather more information about the
users. External developments include: increasing in terms of scalability) the on-
line presence to create RandomStartup Ambassadors in more than 190 countries.
At the beginning of our journey more start-ups were located in the USA, but as
time passed by the website received requests from Europe, Asia and Australia.
In the future, the intention is that visitors will be able to discover start-ups from
Latin America and from Africa. Introducing new features and data analysis, and
building more partnerships with startups and help other startups connect

When running a start-up, you need to expect the unexpected, so to sum up
it is planned to adapt the system Every amazing journey starts with a first step.
And RandomStartup did it and up to this point they are on the right path. Still,
there are so many challenges that must be overcome along the way.

Adapt the product to clients needs while still preserving its authenticity
and integri-ty. Usually people give feedback and expect that their idea will be
applied immedi-ately. In the real world this is impossible because there simply
isnt sufficient time to test all the suggested ideas. It is necessary to decide what
goes best for the global picture on the long run.

Monetize the product. Currently the services are free and the company is
investing resources to build a viable product. Future plans include a freemium
version of the apps.

4 Conclusion

The findings of this study demonstrate the contingent value of social capital
for en-trepreneurs and displays how supportive, user design, and authentic in-
formation pro-duction aids this process. For entrepreneurs, the results clearly
indicate the importance of cultivating rich personal networks and contextually
relevant networking strategies according to the status of the business. Social
network analysis is an additional tool for successful entrepreneurship, but dif-
ficulties may arise over vague boundaries and expectations. The rapid growth
development of Internet enabled media, is producing value added capabilities
in marketing strategies, networking and decision making. Through appropriate
selection of influential data, start-up companies can access and disseminate infor-
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mation, products, and marketing, more effectively and efficiently. This case study
although limited to a single organization is an indicator of success supporting
success through diligent design. Future research to design and implement more
in-depth analysis, using socially networked influential user data, may produce
more focused and relevant outputs rapidly and effectively.

The authors thank Silvia Dusa - the owner of Randomstartup - for the cour-
tesy of providing us with information about this site.
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Abstract. Cosmetic products serve the beautifying purposes and cover a wide 
range of products. Despite the recent advances in production, planning and man-
agement processes in the cosmetic industry, few studies have explored machine 
learning (ML) methods to predict the derived demand from point-of-sales (sell-
in) based on end consumer demand (sell-out). In terms of regression, ML can be 
useful to identify and discover patterns in complex datasets related to products 
and predict point-of-sales behavior affecting the sell-in demand. The contribution 
of this paper is the comparison of the predictive performance of ten regressors 
and its heterogeneous ensemble generating estimates of the sell-in demand using 
datasets from a Brazilian cosmetics company that operates in a franchising busi-
ness model. The results show that ensemble learning method can be a convenient 
and accurate approach to predict monthly cosmetic sales up to 200 SKUs (Stock 
Keeping Units) with 15 steps ahead, reducing the Bullwhip Effect, improving 
stock and service levels along the supply chain. 

Keywords: Ensemble learning, Forecasting, Regression, Cosmetics Industry, 
Supply chain management, Bullwhip effect. 

1 Introduction 

During the last years, the cosmetic industry has dramatically diversified its manage-
rial and marketing orientation towards customer requirements due to the growth in re-
sponse to the customer trends towards a healthier lifestyle and requirements for natural 
cosmetics [1]. In 2015 the industry generated $56.2 billion in the United States. Hair 
care is the largest segment with 86,000 locations. Skin care is a close second and growing 
fast, expected to have revenue of almost $11 billion by 2018. This growth is being driven 
in part by a generally increasing awareness of the importance of skin care, but also spe-
cifically due to an increase in the market for men [2]. Since the turn of the century the 
cosmetic markets of the BRIC countries (Brasil, Russia, India and China) have been 
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growing fast. In 2011 all those countries generated 81% of the global cosmetics sales 
growth, according to Euromonitor International’s data, more than half of which (54%) 
was attributed to BRIC [3]. According to Euromonitor, the Brazilian market for Beauty 
and Personal Care (BPC) products was about 102 billion of real in 2016 and should 
reach 120 billion of real in 2020. Although it is a health market, the compound annual 
growth rate (CAGR) is expected to decrease from 8.3% (2011-2016) to 4.8% (2016-
2021) with a weak period in 2016 and 2017 with a CAGR of 2.6% [4]. This scenario 
motivates many companies to review internal processes in order to eliminate inefficien-
cies.  

The Brazil BPC market has many different product categories, with hundreds and 
even thousands of products within each group. As consequence, a large company can 
have thousands of SKUs in its portfolio and complex demand plans along the whole 
supply chain, from consumer (independent, sell-out demand) to OME (derived, sell-in 
demand) are necessary to keep the global efficiency of system. Increase in the BPC 
complexity and the massive data production have caused an exponential growth in da-
tabases and repositories. In addition, forecasting is crucial for the cosmetic industry, 
but an effective sales forecasting model is challenging due to the sizeable amount of 
purchasing information obtained from diverse sources in a BPC industry. Machine 
learning (ML) and big data methods are emerging technologies actively being adopted 
across many knowledge fields. In last years, several ML applications for regression 
approaches have been studied and proposed using ensemble-based frameworks [5-7].  

The main contribution of this paper is a validation of ten regressors (multilayer per-
ceptron, Elman partially recurrent network, support vector regressor, extreme learning 
machine, Cubist, k-nearest neighbor, multivariable adaptive regressor splines, ordinary 
random forest, regularized random forest, and extreme gradient boosting) and the com-
bination of the mentioned methods in the ensemble approaches for regression. The re-
gressors were evaluated with a dataset including 200 SKUs from a Brazilian cosmetics 
company that operates in a franchising business model with thousands of stores. The 
remainder of the paper is organized as follows. In Section 2, we briefly introduce the 
regression case study of the Brazilian cosmetics company. In Sections 3, comments 
about the adopted ensemble form are mentioned. Section 4 presents a results analysis. 
Finally, this short paper is concluded in Section 5. 

2 Brief Description of Case Study in Cosmetics Industry 

This complexity of the BPC is leveraged by the fact that sales usually happen in two 
distinct stages, from industry to stores (sell-in) and from stores to end consumers (sell-
out). In the long term, the sell-in volume is similar to the sell-out one. However, in the 
short-term they are significantly different as the sell-in demand is deeply affected by 
the behavior of the independent, fully autonomous buying agent at the point-of-sale. 
This phenomenon is well known in the supply chain literature as the Bullwhip Effect, 
caused by sub-optimal decision policies, time delays, uncertainties and speculative be-
havior of the buying agent [10]. In case these differences are not forecasted, over stock-
ing or out-of-stocks can happen in both stages, leading to inefficiencies in the manage-
ment of the company’s financial resources. Different approaches were tested to identify 
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which methodology would help companies to convert sell-out forecasts to sell-in vol-
umes, i.e. predict the behavior of the autonomous buying agent. Sell-out and sell-in 
volumes were made equivalent in time by adding the lead-time of the delivering prod-
ucts, differences in volume were the subject of our study. A schematic of the case study 
related to a regression problem is illustrated in Fig. 1. 

Fig. 1.  Schematic linking the cosmetics industry and regressors. 

3 Ensemble Learning 

The process of ensemble learning for regression can be divided into three phases: 
the generation phase, in which a set of candidate models is induced, the pruning phase, 
to select of a subset of those models and the integration phase, in which the output of 
the models is combined to generate a prediction [4]. In this paper the proposed ensem-
ble learning for regression is composed of simple and heterogeneous base models (base 
learners) linked with cross-validation procedure, including the following procedures: 

Dataset setup: The dataset has 56 features for 200 SKUs as inputs and one output 
variable of the regressors. Among these features are holidays and marketing variables 
that affect the buying behavior of the downstream members of the chain. The time unit 
is the selling cycle of the company and forecasting horizon of the sell-in (output varia-
ble) was 15 steps ahead. More details about the contents of the dataset were not author-
ized by Brazilian cosmetics industry. 

Features selection: The adopted design of ensemble learning of this research was 
based in the combination of three procedures: (i) correlation analysis of inputs to the 
output; (ii) ranking of the information gain obtained by a gradient boosting machine for 
regression called xgboost [8] in regression task; and (iii) features clustering linked with 
correlation analysis. General result of features selection was a decreasing of 43 initial 
to 36 to forecasting horizon with 15 steps ahead to 200 SKUs. 

Model validation: Cross-validation (CV) is a resampling technique often used in ML 
for model selection and estimation of the prediction error in regression problems. In 
this paper, CV was equal to 10 folds repeated 100 times.  
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4 Results Analysis 

Ten ML approaches were designed and tested alone in R Studio computational en-
vironment. In the tests phase, different combinations using a weighted sum of regres-
sors outputs linked with a factorial experimental design [9] approach to the alone design 
was validated to obtain a best ensemble regressor in terms of generalization to prevent 
from having overfitting in a forecasting for 200 SKUs. The performance criterion 
adopted was the MAPE (Mean Absolute Percentage Error) to be minimized with 15 
steps ahead of forecasting. The validated ten regressors were the following: multilayer 
perceptron (MLP), Elman partially recurrent network (EPRN), support vector regressor 
(SVR), extreme learning machine (ELM), Cubist, k-nearest neighbor (kNN), multivar-
iable adaptive regressor splines (MARS), ordinary random forest (ORF), regularized 
random forest (RRF), and extreme gradient boosting (XGB). The best results with alone 
approaches were RRF, ORF and XGB, and for all tested approaches, in terms of MAPE 
performance (k=10 folds repeated 100 times) was the ensemble (BestEns) obtained by 
weighted sum of kNN, SVR, Cubist and XGB as illustrated in Table 1. 

The SO, sale of franchisees to the final consumer, utilized as forecaster was more 
efficient than the regressors in SKUs. This result confirms the hypothesis that in many 
cases the behavior of the downstream agent is not rational could be identified over the 
sell-out demand. According to the supply chain literature, this might be due to uncer-
tainties, sub-optimal decision policies and time delays for the agent to react to the con-
sumer demand [10]. Even though this might appear to be a not very good result, for the 
company knowing which types of products are not subject to rational buying behavior 
helps to mitigate the amplification of the demand signal (bullwhip effect) upward in the 
chain. For another set of products, significant variables were identified, which drive 
buying behavior downstream on the chain. Business understanding of these variables 
helps preparing stocks assuring adequate service level. 

Table 1. Mean quartile results of MAPE criterion. First best results in bold, 
second and third best results are underlined. 

Regressors Quartile (25%) Quartile (50%) Quartile (75%) 

SO (Sell-Out) 0.130 0.273 0.464 

MLP1 0.131 0.331 0.562 

EPRN1 0.292 0.575 0.913 

SVR2 0.231 0.440 0.654 

ELM3 0.305 0.596 0.932 

Cubist4 0.136 0.304 0.654 

kNN5 0.153 0.315 0.573 

MARS6 0.136 0.289 0.571 

ORF7 0.122 0.271 0.510 

RRF7 0.125 0.263 0.517 

XGB8 0.126 0.278 0.481 

BestEns 0.104 0.239 0.430 

* Comprehensive R Archive Network (https://cran.r-project.org/) 
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5 Conclusion and Future Research 

Ensemble methods has been proved be a promising alternative in many applications 
(see details in [5,6]). The combination of many regressors in an ensemble is a well-
known method of increasing the quality of recognition and forecasting tasks. In this 
paper, the performance of ten ML approaches was applied alone and also in an ensem-
ble form based in weighted sum. The solution obtained by this research was further 
extended for the whole product portfolio and implemented in a solution that combines 
R and SPSS and was fully deployed into the Integrated Sales and Operations process 
of the company. As a future research to do, the systematic way to improve the ensemble 
design based on bagging, boosting, and stacking approaches.  
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Abstract. Biosignals are measurable signals produced by living beings.
Information obtained by measuring and analyzing human biosignals pro-
vide vital insights into diagnosing and treating many medical conditions.
However, raw biosignals must first be preprocessed before sophisticated
tools such as machine-learning can be applied to extract useful informa-
tion. One of the most critical steps of preprocessing is signal segmen-
tation, where long, heterogeneous signals are segmented into smaller,
homogeneous windows. The traditional approach is to segment the sig-
nal into short, fixed-length windows. However, doing so often leads to
sub-optimal results. In this paper, we address these challenges by de-
veloping a novel segmentation algorithm based on an unsupervised hier-
archical clustering approach to identify the boundaries of homogeneous
segments. We also develop a metric for evaluating segmentation quality
and use it to test the performance of our algorithm.

1 Introduction

Biosignals provide vital information for the medical field. Sleep disorder diag-
nosis [1], mobile activity detection [2], and emotion recognition [3] are some of
the most well-known applications. The advancement of computing technology
has allowed sophisticated learning algorithms to automatically extract meaning-
ful information from large datasets and facilitate decision support for domain
experts [4].

The accuracy of machine learning classification methods is largely determined
by the quality of the data. As a result, data preprocessing is critical for learning
algorithms to work efficiently. Specifically, in signal analysis, long, heterogeneous
signals that represent multiple events in chronological order must first be sepa-
rated into shorter, homogeneous segments that represent singular events. This is
because most classification algorithms will only be able to identify segments as a
single event, and if the signal segments are too long and contain multiple events,
they are likely to be misclassified. On the other hand, if signal segments are too
short, classification algorithms have less data to analyze, thus decreasing classi-
fication accuracy. Traditionally, signals are segmented into short, fixed-window
segments before classification [5]. The advantage of fixed-window segmentation
is that it requires relatively little computation power, and a sufficiently small
window size can prevent heterogeneity. However, a small window size can also
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lead to over-segmentation, where certain events of interest exceed the size of the 
window.

Following, we elaborate on previous solutions proposed to this problem. In 
[6], the authors use Simulated Annealing on MRI segmentation, and demonstrate 
the improved results if used with an expensive wavelet optimization. [7] uses the 
equipartition principle segmentation and gives signal segments that have equal 
errors in reconstruction, selecting the most suitable model amongst wavelet, 
Fourier and polynomial modeling to find each segment. [8] segments audio sig-
nals by extracting a sequence of short-term and mid-term feature vectors, then 
computing a dissimilarity measure for each pair of successive feature vectors to 
detect the local maxima. The authors in [9] performed multichannel EEG sig-
nal segmentation by using two sliding overlapping windows for detecting signal 
property changes for signal segmentation. In [10], an adaptive segmentation was 
performed using a wavelet transform by combining the amplitude and frequency 
contents of the wavelet-decomposed signals to detect boundaries. In [11], the 
authors combine QRS detection with an adaptive threshold to segment EEG 
signals. [12] performs segmentation on cyclic biosignals by measuring the tem-
poral alignment distance between a template cycle and the testing signal, and 
extracting at local minima. In [1], (2015) the authors used the modified Varri 
method for segmenting data. In this method, two sliding windows are used, one 
for measuring amplitude values, and the second for estimating frequency values 
in the windows.

The Modified Varri method has the advantage of requiring relatively low com-
puting power to calculate the frequency and amplitude windows. However, it also 
has two weaknesses. The first is that the algorithm requires the size of the slid-
ing windows to be very small in order to set precise boundaries. With relatively 
little data to work with, each individual window becomes susceptible to random 
noise, leading to inaccurately large differences between consecutive windows, 
and resulting in over-segmentation. The second weakness is that the Modified 
Varri method can only measure amplitude and frequency-estimates within the 
windows. If the user wanted to classify post-segmentation signals based on more 
complex and accurate features, for example, power spectral density, segmenta-
tions based on amplitude and amplitude differences may be inaccurate.

In this paper, we propose a new segmentation algorithm to address the weak-
ness of previous approaches. Using an adaptation of the unsupervised learning al-
gorithm, known as Agglomerative Hierarchical Clustering [4], we will first divide 
the signal into very small segments, and then repeatedly merge the most similar 
consecutive segments based on a proximity function. The proximity function al-
lows the user to compare consecutive segments based on complex features, while 
the merging algorithm allows similar sub-segments to be merged into larger ho-
mogeneous segments for more accurate classification. We compare our algorithm 
against the Varri method. Although our algorithm requires more computational 
power than the Modified Varri method, we expect the resulting segments to be 
more accurate in representing different events within the signal, as the proximity
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function can incorporate any number of signal features and is not limited only
to amplitude and frequency.

Our segmentation algorithm is based off the Agglomerative Hierarchical Clus-
tering algorithm, which takes a set of data points as input, and repeatedly merges
the most similar data points together. Since a merged “group” of data points
can be combined with another similar “group,” each individual data point will
belong to nested set of groups, called hierarchies.

2 Hierarchical Segmentation

Fig. 1. A visual depiction of the Agglomerative Hierarchical Clustering [4] algorithm
process of merging neighboring data points.

As with most clustering algorithms, each step of the merging process is only
locally optimal. Two groups that are the most similar in a particular iteration of
the algorithm may actually be better off in different groups after the algorithm
finishes. However, there are exponentially many ways to partition a set of data
points into groups, making it infeasible to compute the globally optimal set of
groups. As a result, the weakness of the Agglomerative Hierarchical Cluster-
ing algorithm is one which is currently unsolvable, and shared by all clustering
algorithms [4].

Algorithm 1 is demonstrates our segmentation algorithm, which we will call
the Hierarchical Segmentation algorithm.

For our purposes, the Hierarchical Segmentation Algorithm differs from the
clustering algorithm in three ways. First, rather than initializing the starting
groups as individual data points, our algorithm will initialize starting groups as
small segments. This is because for biosignals, individual points are more sus-
ceptible to random noise than segments of points. Furthermore, many important
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Algorithm 1 Hierarchical Segmentation

1: function HierarchyCluster(signal, initialSegmentSize, tolerance)
2: Create initial segments of length initialSegmentSize from signal.
3: Calculate proximity matrix between consecutive segments.
4: repeat
5: Find minimum proximity value.
6: Merge closest two consecutive segments.
7: Update proximity matrix to reflect the proximity between the new segment

and the original segments.
8: until minimum proximity value <tolerance, or only one segment remains.
9: end function

biosignal features such as frequency and entropy are meaningless for individual
points, but become more important for larger segments. Second, since signals
are chronological, and a single event will span a continuous range of the signal,
our algorithm will only compare chronologically consecutive segments for poten-
tial mergings. This is important because comparing all N(N-1) different pairs
of segments is often computationally infeasible. By only comparing consecutive
segments, we just need to check (N-1) pairs. Third, we will not be keeping track
of nested hierarchies, only the final set of segments when the algorithm ends.
As a result, we want the algorithm to end as soon as the closest consecutive
segments are sufficiently different from each other.

Calculating the Proximity Matrix is the most complex step of the algorithm.
To calculate how similar two consecutive segments are, we first need to describe
each segment in terms of quantifiable features. This process, called feature ex-
traction, allows users to incorporate existing knowledge of a signal’s properties
into the segmentation process. For example, EEG signals are known to have im-
portant frequency properties, so users analyzing EEG signals can choose Power
Spectral Density Estimate as a defining feature of segments. Other commonly
used features include energy, power, zero-crossing rate, and energy entropy [1].

After extracting a list of feature values from the segments, which we will
call the feature vector, the algorithm needs to calculate the relative similarity
between consecutive segments using a distance function. Some common distance
metrics include Euclidean distance, correlation distance, and cosine distance [4].
After every merging, the distance between the new segment and its adjacent
neighbors must be calculated. If the list is stored in an array, the array must be
re-indexed as well.

The loop runs until the most similar consecutive segments that remain have
a greater distance than some user defined tolerance, with at most N-1 iterations.
During each iteration, the algorithm 1) finds the closest consecutive segments,
2) merges the consecutive segments, 3) calculates the feature vector of the new
segment, and 4) calculates the proximity of the new segment to its adjacent
neighbors. Steps 1 and 2 can run in O(N) time, while step 4 can run in constant
time. However, the complexity of step 3 depends on the feature extraction func-
tion. If the extraction function has only homomorphic features, then step 3 can
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be run in constant time, where the algorithm simply calculates the new feature
values based on the old one. An example of such a feature would be average
amplitude. On the other hand, features such as power spectral density must be
recalculated for every new segment, and since the size of segments increases af-
ter each iteration, the extraction step would run at O(g) time, where g is the
complexity of the extraction function. As a result, the overall runtime of the
Hierarchical Segmentation Algorithm is max(O(N ∗ g),O(N2)).

3 Segmentation Evaluation

In order to test our segmentation algorithm, we need an evaluation method for
testing segmentations. Several types of evaluations exist, but the most direct way
is to use an empirical discrepancy evaluation method [13]. Empirical discrepancy
methods evaluate a generated segmentation by comparing it to a segmentation
accepted as the “correct” segmentation, known as the ground truth. In signal
analysis, the ground truth is either a manual segmentation by experts or an au-
tomated segmentation by machines that experts accept to be perfectly accurate.

However, as far as we know there does not exist an empirical discrepancy
evaluation for signal segmentation. Such an evaluation method must take into
account how well the generated segmentation represents the ground-truth, as
well as measuring oversegmentation. As a result, we developed such a signal
evaluation method based on an existing image segmentation evaluation method
[13].

Let us first define the distance between a segmentation and a boundary.
Since a segmentation is simply a set of boundaries which create segments, we
can define the distance dist to be

dist(boundarysegments) =

min(|boundary− segmentsj |)

for all j = 1, 2, ...., N , where N is the number of boundaries in segments (Fig.
2).
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Fig. 2. Distance between a boundary and a segmentation [14].

In other words, the distance between a boundary and a set of boundaries
should be the distance between the boundary and the nearest boundary in the
set. A boundary that is near a segmentation’s boundary is considered “close” to
the segmentation as a whole, while a boundary that is far from all boundaries
in a segmentation is considered “far.”

Now, let us define genSegs to be the computer generated segmentation of the
signal, while truthSegs is the ground-truth segmentation.

The value
∑
i

dist(truthSegsi, genSegs) is how well the generated segments

represent the ground-truth segments (representative distance). Each iteration
of the summation measures how far a specific ground-truth boundary is from
the generated segmentation, and a large representative distance means there
are certain ground-truth boundaries that are far from the generated segmen-

tation. Similarly,
∑
i

dist(genSegsi, truthSegs) measures how well the generated

segments fit the ground-truth segments (fit distance). Each iteration of the sum-
mation measures how far a specific generated boundary is from the ground-truth
segmentation, and if over-segmentation occurs, the summation will be very large.

We now define the distance between the generated segmentation and the
ground truth to be a weighted sum of the representative distance and the fit
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distance

dist(genSegs, truthSegs) =

a
∑
i

dist(truthSegsi, genSegs)+

b
∑
i

dist(genSegsi, truthSegs)

(1)

where a and b are weight coefficients specified by the user. Overall, this evalu-
ation formula gives the difference, or disparity, between a generated segmentation
and the ground-truth segmentation, taking into account both representation and
over segmentation.

4 Testing Results

Using the signal evaluation method, we evaluated how well our hierarchical seg-
mentation algorithm works on real polysomnographic data.

The data was collected in sleep study sessions at the Texas State Sleep cen-
ter, using Compumedics Profusion PSG 3, and converted to anonymous format
for research use. Profusion PSG allows the recording of 28 different biosignal
channels with different sampling rates, including 8 electroencephalogram (EEG)
channels and 2 EMG signals from the legs. In addition to signal recording, Profu-
sion also provides annotations of events such as sleep stage, limb movement, and
respiratory events by using software built and optimized for its sensors to ana-
lyze the collected signals. Theses annotations provided by Profusion are trusted
by sleep experts to assess sleep disorders [1], and therefore we consider them
accurate enough to be our ground truth segmentations. In our tests, we used
data from a full night sleep study, approximately 7.5 hours long, of one patient.
At a sampling rate of 128Hz, each data channel consists of 3,456,128 data points.

In the first test, we ran our algorithm on EMG signals used to detect leg
movement. Because EMG signals are mainly characterized by amplitude features
[1], we used power, mean, and standard deviation as our features in the extract
function. In the second test, we ran our algorithm on EEG signals used to detect
arousal, or periods of wakefulness. Because EEG signals are characterized by
frequency and amplitude features [1], we used power spectral density estimate,
amplitude, and standard deviation as our features in the extract function. In both
tests, we set initial segment size to 0.5 seconds, because all movement/arousal
events were longer than 0.5 seconds. We also used Euclidean distance to measure
the distance between feature vectors.

After each test, we evaluated the generated segmentation using the evalua-
tion method described in the previous section. We then compared the results to
existing segmentation algorithms. In the EMG test, we compared our algorithm
with the fixed window algorithm, while in the EEG test, we compared our al-
gorithm with the Modified Varri algorithm [1]. For the fixed window approach,
a 30-second window size was used, which is considered as the standard “epoch”
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size in sleep studies. Based on the ground-truth labels, there were 291 left leg 
movement events, 318 right leg movement events, and 67 sleep arousal events. 
Each event marked two boundaries (beginning and end of movement).

Figures 3 - 5 show the results of the comparisons. As it can be noted the 
vertical axis in Fig. 3 is in exponential scale. The sum of all the differences, 
as calculated by Equation 1, ends up being a large number as it multiplies the 
number of event occurrences with the number of data points of difference between 
the correct (ground truth boundaries) and the predicted ones for each event.

Fig. 3. Sum of distances (in exponential scale) of predicted segmentation boundaries
from ground truth for leg movement events in EMG Signals Left Leg, Right Leg and
Average between the two.

Fig. 4. Sum of distances of predicted segmentation boundaries from ground truth for
Arousal events in EEG signal channels 1-4.
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Fig. 5. Sum of distances of predicted segmentation boundaries from ground truth for
Arousal events in EEG signal channels 5-8 and Average over all 8 channels.

As it can be seen, the hierarchical segmentation algorithm performs signifi-
cantly better than the fixed window algorithm and the Modified Varri algorithm.
In both cases, hierarchical segmentation had a significantly smaller fit distance
than its counterparts, while having similar representative distances. In other
words, while Fixed window and Modified Varri suffered from over-segmentation,
hierarchical segmentation was able to identify ground-truth boundaries while
minimizing extraneous boundaries.

As with every clustering approach, the proximity function (or distance met-
ric) used to measure the distance between neighboring points can significantly
affect the outcome. However, our method allows the user to choose the proxim-
ity function that is deemed appropriate for each application, contrary to other
existing segmentation methods which use predetermined metrics to recognize
signal variability.

5 Conclusion

Fixed window segmentation, the traditional method of preprocessing signals for
machine learning, often results in heterogeneous segments or over segmenta-
tion. In this paper, we proposed a new segmentation method, the Hierarchical
Segmentation Algorithm, which uses machine learning algorithms to identify
boundaries between homogeneous segments. By segmenting signals based on
complex features, our algorithm allows users to increase segmentation accuracy
using pre-existing knowledge of the signal itself. Experimental testing on real life
data confirms that our algorithm significantly outperforms existing solutions in
terms of segmentation accuracy. For future study, we hope to perform tests on
different types of signals, and to investigate segmentation algorithms of lower
complexity.
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Abstract. Evaluation indicators weigh compute method of scientific research 

institutions will directly affect the accuracy and objectivity of the evaluation re-

sults of scientific research institution.Linked Open Data, offers a large number 

of semantically described and linked concepts in various domains. In this paper, 

we propose a novel approach to take advantage of this structured data in the 

domain of scientific research institutions to compute the indicators 

weigh.Derived from information theory, our approach of computing the Infor-

mation Content for semantic relations and ranking universities based on these 

indicators weigh achieved results comparable to the  Shanghai Jiao Tong Uni-

versity.The score correlation and rank correlation of the above two ranking re-

sults are very strong, which proves the validity of the weight computing method 

based on the Linked Open Data in this study. 

Keywords: Linked Open Data, evaluation indicators, evaluation of scientific 

research institutions, weigh compute. 

1 Introduction 

The multi indicators comprehensive evaluation method is widely used in the quantita-

tive evaluation of scientific research institutions, and the weight design of indicators 

has always been a key and difficult point of technology. 

The semantic relations between scientific research institutions and their achievements, 

personnel, education, awards and other information have been established in the 

Linked Open Data, and the specific semantics under these semantic relations are high-

ly correlated with the evaluation indicators of scientific research institutions.Besides 

these semantic relationships are relatively authoritative and accurate, providing a 

guarantee for the use of semantic relations to compute the weight of the indicators .  

2 Methodology 

Base on the concept of entropy in Information Theory,after giving a set of evaluation 
indicators, the relative intensity of each indicator in the competition sense is considered 
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from the perspective of information. It represents the degree of the effective infor-
mation quantity provided by the evaluation indicator in the problem. Details available 
semantics relations regarding scientific research institutions include its awards and 
prizes, doctoral students, publication, notable work, and other key contributions (see 
Figure 1) [1].The semantic relations extracted from Linked Open Data can be em-
ployed as indicators.We propose a novel metric to compute the Information Content of 
semantics relations that signify the indicator weigh  in the Linked Open Data. We pro-
ceed to experiment with indicator weigh computing which based on the aggregated 
Information Content of each indicator. 

Fig. 1. Part of Linked Open Data graph regarding scientific research institutions. 

2.1 Information Content Measurement 

In information theory, Information Content (IC), is the amount of bits required to re-

construct the transmitted information source[2].Based on probability theory, Infor-

mation Content is computed as a measure of generated amount of surprise: 

IC(a) =  ))  (1) 

such that  ) is the probability of appearance of the term or concept   in its con-
text.In this paper,   represents a semantic relationship. 

2.2 Indicator Information Content 

In Linked Open Data, a single evaluation indicator may correspond to multiple seman-

tic relationships.L={l1,l2,…,l|L|} is the set of  semantics relations, in which li is the rela-

tion, defined as <a,li,b>, connecting resource a to resource b. I={I1,I2,…,I|I|} is the set 

of research evaluation indicators, semantic relations      ,is a subset of  L  ，

corresponding to each indicator Ii.Based on information theory, The weight of a single 

evaluation indicator is the sum of all semantic relation’s information content corre-

sponding to the indicator[3]： 

) = ∑ ) (2) 
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3 Experiment 

3.1 Experimental Context 

The main Linked Dataset employed in our experiments was DBpedia[4]（structured 

content from the information created in the Wikipedia）.Using the proposed indicator 

compute method  to compute the weight of indicators (Ns&Pub,Hici,Alumni,Award) 

Shanghai Jiaotong University World University Rankings（SJTU）uses, a  rank  ex-

periment for the top 100 universities, according  to the two ranking  results to compare 
and analyze. 

1. DownLoad DBPedia 3.8 and load the data into OpenLink Virtuoso.

2. Find out all the semantic relationships corresponding to each indicator.

3. Compute the information content for each indicator.

4. Rankings for the top 100 universities of Shanghai Jiaotong University rankings

based on the computing weight values of the indicators. 

5. Comparing our results with existing Shanghai Jiaotong University rankings

3.2 Results 

The indicators and corresponding semantic relations in DBpedia used in the experi-

ment,See table 1. Part of lod-based top 100 universities ranking,see table 2.The score 

results using the proposed weight computing method and the SJTU existing weight 

score results,Pearson correlation was 0.980,Spearman correlation was 0.939.Its rank-

ing order and ranking order of SJTU, Pearson correlation and Spearman correlation 

was 0.939,see table 3. The score correlation and rank correlation of the above two 

ranking results are very strong, which proves the validity of the weight computing 

method based on  Linked Open Data. 

Table 1. The indicators and corresponding semantic relations in DBpedia. 

Indicators Semantic relations Weight value 

Research Output 

(Ns&Pub) 
dbo:author,dbo:publisher 10.044929211724337 

Research Team 

(Hici) 

dbo:employer,dbo:occupation, 

dbo:training,dbo:team 
9.009842851681144 

Talent cultivation 

(Alumni) 
dbo:almaMater,dbo:education 10.294329936963663 

Prizes 

(Award) 
dbo:award 10.460661878821565 

Table 2. Part of  lod-based top 100 universities. 

rank university score SJTU score SJTU rank 

1 Harvard University 4985.469309 130 1 
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2 University of Cambridge 3514.994267 86.47 5 

3 
University of California, 

Berkeley 
3468.672932 89.86 3 

4 
Massachusetts Institute of 

Technology 
3451.373995 89.14 4 

5 Stanford University 3441.811203 93.5 2 

6 Columbia University 3071.002103 79.65 6 

7 University of Chicago 2912.113239 70.56 10 

8 Princeton University 2884.626794 70.49 11 

9 University of Oxford 2834.65499 76.8 7 

10 Yale University 2738.671839 74.92 8 

… … … … … 

100 
École Polytechnique Fédérale 

de Lausanne 
966.427745 34.34 89 

Table3. The correlation between lod-based and SJTU. 

Pearson Spearman 

score rank score rank 

0.980 0.939 0.939 0.939 

4 Conclusion 

Linked Open Data,as a structured and reliable source of semantic data, it can offer 

significant benefits for a low-cost and accurate performance computing of  evaluation 

indicators weigh of scientific research institutions. 

We will focus more on the accuracy of the compute by capturing more semantic rela-

tions from Linked Open Data cloud and by eliminating any trace of redundancy. 
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Abstract. With the revolution of science and technology, we step into
the age of information, particularly age of data. As the amount of data
is expanding, scarcity of knowledge is also increasing. Hence analysis for
more useful and interesting knowledge is on demand. Representative pat-
terns can be a solution to it to represent data in the more concise way.
Different efficient methods for mining frequent and erasable patterns ex-
ist in representative pattern mining field that are regarded as significant.
We have proposed a new type of pattern called decaying pattern. These
patterns are characterized as those patterns that were frequent for a time
being and then decayed with time. These patterns of declining nature
as to frequency can give us the opportunity to analyze reasons behind
items’ decrease such as extinct animals, finding unsolved accidental news,
analysis of buying behavior of customers that require further inspection.

Keywords: Frequent Pattern, Erasable Pattern, Representative Pat-
tern, Data Mining, Pattern Tree, Decaying Pattern

1 Introduction

Data mining is the process of analyzing large amount data to discover knowledge
and finding patterns and relationship among them. By means of data mining we
can renovate huge amount of information into useful information and knowledge.
This knowledge are immensely important on various applications and research
field. Frequent pattern mining is one of the most significant field of data mining.
Pattern of any itemset having frequency of more than a given threshold is called
frequent in a given dataset.Another important domain of data mining is mining
representative patterns. Different kind of frequent patterns can be formed in
itemsets, sequences, episodes and substructures and so on. Representative fre-
quent pattern mining is finding precise, distinctive and explicable set of patterns
of each class that represent their key characteristics among other classes. Repre-
sentative patterns represent a dataset and extract the significant knowledge from
huge amount of data. This representation can be done in many criteria. Many
efficient and noble works are already done on these e.g. some patterns are most
significant in the database, that are mined as representative frequent patterns,
some patterns are so insignificant that it is better to prune them, this patterns
are mined as representative erasable patterns[10,11,12]. Again maximal, closed,
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top rank-k, top-k frequent regular [7,8,9] are also developed for representative
pattern mining.

There are some patterns which are frequent in a database for some time
being, then they are lost. These patterns could be in representative frequent
pattern set but due to their decaying nature, they fail to get a place here. This
type of patterns are ignored but have importance in various research fields. We
focus on this decaying representative patterns which can be a means of mining
important knowledge from huge amount of data.

1.1 Motivation

With the existing algorithms we can only find the patterns which are most fre-
quent or too scarce. Patterns having both characteristics that are once frequent
but have become infrequent with time are not mined yet. This type of patterns
are not observed but have importance in various research fields.

Motivating Example

Suppose a large electronics company sells various types of products like laptops,
smartphones, smartwatches, tablets etc. Laptops and smartphones are very pop-
ular among the buyers of that company. These two products were sold through-
out the year. On the other hand, smart watches are not greatly welcomed by the
customers, so the sale of smartwatches remained below the expectation. How-
ever for tablet the case was slightly different. When company released it first,
it was a very demandable product. After there second release, the sale suddenly
decreased.

After two or three years when a data analyst of that company mined for
the most remunerative products, he got laptop and smart phone as the number
of sale was higher and so the profit. Again as least profitable product he got
smart watch. Company will take action for better development of smartwatch.
As tablets do not fit in any of the two categories, company will never know the
problem why the sale of tablets decreased and it will not take any necessary
step. If analyst would observe decaying nature in the trade, this tablet will come
to light for finding the reason behind consumers’ sudden disinterest toward this
product.

There are more important applications of decaying patterns. Everyday ac-
cidental or unusual occurrences are happening which appear in newspaper and
social media so frequently for some days and then perish of unnotice. In most
cases they remain unsolved. Mining those patterns can help correspondents write
follow-ups. Again we can find this pattern in species data of animals and plants
which have become extinct such as Sea Mink, Tasmanian Tiger, West African
Black Rhinoceros and so on. In many cases this decaying nature is prevailing
but do not come to light. This gradual going off detection is our main purpose
of proposing new type of pattern.
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1.2 Contributions

– We have proposed a concept of new type of representative patterns named
“Decaying patterns” which represents those which were once in frequent pat-
tern set but decayed with time. This could be put into representive pattern
set but due to degradation, they fail to stay there.

– We have developed an algorithm to mine this type of patterns from real
life large datasets which are collected from famous data mining repositories
FIMI and SPMF.

– Data that we have used to test are considered as stream of data so we have
divided it into set of windows and for any current window we have observed
whether it is frequent or erasable which assures getting recent result always.

– We have run our algorithm on six real life datasets, two synthetic datasets.
Further our own web service to collect news from prominent online news-
papers provided us with floods of daily news. We have pre-processed that
huge data and applied our algorithm. From all of these real life large dataset,
significant number of decaying patterns have been obtained.

The rest of the paper is organized as follows. In section 2 some overview
of related works on representative pattern has been given. Section 3 consists
of our proposed approach, algorithm and a small example simulation based on
the algorithm. Section 4 contains the experimental analysis based on different
performance metrics by running the algorithm on many real life and synthetic
datasets. Finally in section 5 we concluded with discussion on the future scope
of contribution on our proposed algorithm.

2 Related Work

Maximal Frequent Itemsets[1]: Low min sup generates large number of pat-
terns. Bayardo[1] proposed for storing long patterns(maximal frequent itemsets)
in roughly linear scale. If a pattern is X is frequent, all Y where Y ⊂ X is
frequent.

FPclose[2] implements another distinction of FP-tree known as CFI-tree (Closed
Frequent Itemset Tree). Four fields are necessary for this tree structure - item
name, count, node link and level. Subset test of maximality is done with level.
Count works for checking if the support count is equal to it’s superset and if it
is not, both superset and subset are stored in memory. FP-close is the fastest
among the algorithms of that time when minimum support is low but when
minimum support is high it becomes slow than Apriori.

TFP[3]: For mining top-k frequent closed items, TFP is an efficient algorithm.
The common factor among all approaches of frequent pattern mining is the us-
age of min sup threshold which ensures generation of accurate and entire set of
frequent item sets which leads to two problems stated below -
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First, an appropriate min sup is taken as input but this requires detailed knowl-
edge on mining query. Again setting min support is quite problematic in the sense
that a too small threshold may produce thousands of itemsets on the other hand
a too big threshold may generate no answers.
Second, Due to the downward closure property, when a long itemset is mined,
it may generate an exponential number of itemsets.
To solve these problems they proposed a new approach of mining top-k frequent
closed itemsets of minimum length min l, where k is user given number of fre-
quent closed itemset that they want to be mined. k is easy to specify and top-k
means k most frequent closed itemsets. min l helps to mine long itemset without
mining the short ones first.

ECP(Erasable Closed Pattern)[4]: In factories, for the optimization of pro-
duction plans erasable pattern(EP) mining plays an important role. For efficient
mining of these patterns various algorithms have been proposed. Nevertheless,
number of EPs becomes numerous because of large threshold values which cause
memory usage overhead. Hence it becomes requisite to mine compressed EPs
representation. This paper first came up with the concept of erasable closed pat-
terns (ECPs). These ECPs can be represented without losing information. They
at first gave a theory to detect ECPs based on a structure name dPidset and
proved it. Then two efficient algorithms, ECPat and dNC-ECPM are proposed.
Their result of experiment on these two algorithm shows that for sparse datasets
ECPat performs the best but ECPM algorithm is more efficient in the case of
memory usage and runtime for rest of the datasets.

DSTree(Data Stream Tree)[5]: In this paper, Leung et. al. proposed the
concept of data stream tree. Transactions are sorted in any canonical order cho-
sen by user. Each node keeps a list for frequency count. With the appearance of
a new batch of transaction, it is appended to the list to each of the node and
frequency count of that node in the current batch. The last entry of a certain
node N is the frequency count of that node in the current batch. When the next
batch of transactions arrives after fulfilling the batches in a window, the list is
shifted to left to place the newest batch to be added as the most recent one. In
DSTree costly deletion is not required, only shifting and updating the frequency
list will suffice to update tree.

3 Our Proposed Approach

Decaying patterns are important and useful for analysis and many other purposes
in many data repository. To the best of our knowledge, it is the first approach
for mining decaying pattern. By observing the enormous application in many
sectors, we hope these patterns will be effective and useful for gaining knowledge.
We are using a tree similar to data stream tree with sliding window approach.
The sliding window is for observing the frequency variation effectively and the
tree formation is for mining frequent sub patterns. Again a pattern tree will be
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constructed with the frequent sub patterns from where decaying patterns can be
mined efficiently.

3.1 Preliminaries

A window is comprised of a set of batch and a batch consists of a set of trans-
actions.

– win F (Frequent window length in decaying pattern ) The number of con-
secutive windows where a the pattern has to be frequent.

– win IF The number of consecutive windows where a pattern need to be
infrequent ( Difference between total window size & win F ).

– min WT (Minimum window support threshold) The minimum support thresh-
old that is to be crossed by a pattern by occurrence for being frequent in a
window.

– ET (Error threshold in win F ) The maximum number of batches in win F
where pattern can be infrequent.

– ET′ (Error threshold in win IF ) The maximum number of batches in win IF
where pattern can be frequent.

Definition 1 (Decaying pattern) Consider a set of batches of transactions B=
{b1, b2, b3,...,bn} where each batch consists of a number of transactions T= {t1,
t2, t3,...,tm}. If a pattern is frequent(meets min WT ) in frequent windows (each
window of win F ) and then becomes infrequent in decay windows (each window
of win IF ), it is called decaying pattern.
e.g. a pattern with a window length 9 and the frequency list of the pattern
in these windows is [9,5,10,4,3,3,2,0,0]. Let the min WT is 4, frequent win-
dow length win F is 4. Here the for first four window[9,5,10,4] the pattern
meets min WT (4). The pattern remains infrequent for last five windows win IF
[3,3,2,0,0]. So this pattern is our desired decaying pattern.

– Batch size and window size generation

The size of batch and windows will be based on the number of transac-
tion in a database. In a database with small transaction this value should be
kept as small as possible. If user wants to observe the decaying characteris-
tics intensely then he should keep batch size small because the window will
move slowly in that case. In general case with increment of batch size the
number of decaying patterns increase. For sparse dataset batch size should
be as large as possible for this reason.

– win F and win IF generation

For dense dataset

win F =
Total window size

2
or

win F =
2× Total window size

3
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For sparse dataset

win F =
Total window size

3

win IF = Total window size− win F

But this can be tuned by user according to his demand.
– Minimum window support min WT

We represent the minimum window support as a percentage value. A min-
imum window support threshold of 60% would mean a pattern would have
to be appear in at least 60% of all the transactions in current window of the
data stream. The min WT value is calculated as follows:

min WT = minimum support percentage× number of transactions in WS

– ET and ET ′ generation

The error threshold in win F and win IF should be 1% for dense dataset
which refers that a pattern which remains frequent in at least 99% windows
of win F and remains infrequent in at least 99% windows of win IF , pat-
terns will be excepted as decaying pattern. For sparse dataset ET and ET ′

can vary from 10% to 20%

3.2 Tree Construction and Mining

Our tree construction will follow the mechanism of DSTree[5] construction but
we have changed it according to our our purpose.
The transactions in the tree will be sorted in frequency descending order for
static database. In case of data stream any canonical order can be maintained
like alphabetic order or order based on any specific property. With every node in
the tree a frequency list is added which contain the frequency of current batches
of that item. A batch of transactions is inserted at a time and frequency of each
item is appended in the frequency list of each item node. When new batch is
added, the list is shifted to left and the oldest batch frequency is removed. This
has the same effect as deleting the transactions in the oldest batch from the
window.

In each window, the frequent patterns are mined with any frequent pattern min-
ing algorithm. We used FP-growth[6] algorithm for mining frequent patterns in
a window. These patterns from each window is added to a new pattern tree.
Each node in a pattern tree is also consists of a frequency list. Frequent pat-
terns generated from each window of data stream tree considered as a batch of
transactions for the pattern tree. The frequency list of each node contained the
frequency of that node in a particular batch. Each batch of frequent patterns are
inserted at a time in tree. When a complete pattern tree is generated, we will
extract the patterns of our interest by checking only the leaf node. If a leaf node
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meets the condition of a decaying pattern the whole branch and the sub-branch
of a path including the leaf node will be considered as decaying pattern

Example Workout

– In table.1 a small transaction dataset is shown. There are seven items a,b,c,d,e,f,g
and fifteen transactions. We have divided the transactions into five batches.
Each batch consists of three transactions, batch length BS is 3. Each win-
dow consists of 2 batches, window size WS is 2.
We consider our minimum window support threshold min WT as 3 which
means that a pattern can be frequent in a window if the total frequency of
a pattern is at least 3 in that window.
Frequent window length in decaying pattern, win F is 2.

– Now we have to construct a DSTree with these batches. In figure.1a the tree
is constructed with batch-1 and batch-2. The frequency of each batch is in-
serted in the frequency list with each node e.g. ‘a’ has value 3 and 2 in its
list which refers to the frequency of ‘a’ in first batch is 3 and in second batch
is 2. In each window we mine frequent pattern from the tree with FP-growth
algorithm. The total frequency of ‘a’ in window 1 is 5 which is greater than
min WT , so ‘a’ is a frequent pattern for window 1.
In this window, we have found {a}, {b}, {d}, {a,b}, {b,d}, {a,d}, {a,b,d} as
frequent patterns.

Batch Transactions Contents

First
t1
t2
t3

{a,b,d,e}
{a,b,f,d}
{a,b}

Second
t4
t5
t6

{a,b,d,f}
{b,f}
{a,b,d}

Third
t7
t8
t9

{a,b,d,e,f}
{d,e}
{a,f}

Fourth
t10
t11
t12

{a,d,f}
{d,e,g}
{a,e,f,g}

Fifth
t13
t14
t15

{a,d}
{a,d,f}
{d,e,g}

Table 1: Transactions are arranged in frequency descending order
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(a) Tree after including first two batch (b) Tree after inserting 3rd batch

Fig. 1: Window 1 & 2

– For second window, we have to insert third batch by removing the oldest
batch from the tree. We shifted the frequency list of each node to left direc-
tion and added the frequency of new batch to the rightmost. Again by mining
frequent pattern we got {a}, {b}, {d}, {f}, {a,b}, {a,d}, {b,d}, {a,b,d}. [Fig-
ure.1b]

(a) Tree after inserting 4th batch (b) Tree after inserting 5th batch

Fig. 2: Window 3 & 4

– For third window [Figure.2a], after inserting fourth batch we got {a}, {e} as
frequent patterns.

– On fourth window[Figure.2b] we got {a} and {g} as frequent patterns.
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Fig. 3: Pattern tree with the frequent patterns from all windows

– We have built a pattern tree with all the patterns found above, considering
the patterns from each window as a batch of transactions to insert in the
tree. Each node also consists of a frequency list. [Figure 3]

– Now from this pattern tree, we can easily find out desired pattern only by
checking the leaf nodes. The decaying patters are - {a, b, d}, {b, d}, {a, d}.
[Figure.3]

Algorithm 1: Algorithm for Mining Decaying Patterns

Input : transactions[] where each transaction consists of items, min sup,
win F and win IF , ET and ET ′

Output: List of decaying patterns in structure named Decay Patterns

1 Sort transactions[] in lexicographic order
2 root← Add Batch to Tree(Batch0,...,Batchm)
3 PatternSet ←FPgrowth(tree)
4 foreach Remaining batch Batchi do
5 Add batch to tree(Batch i,root)
6 Pattern set[window++] ← FP growth(tree)
7 Pattern tree(pattern set, root)

8 end
9 Decay Patterns ← Extract Pattern(root)

10 Function Extract Pattern(root)
11 foreach leaf node in tree do
12 if ItemFreq in win F ≥ min WT and ItemFreq in each batch of win IF

== 0 then
13 keep the node in tree
14 Decay Patterns[count++] = β ∪ leaf node
15 Prune the leaf node upto root;

16 else

17 end
18 return Decay Patterns
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Algorithm 2: Algorithm for Mining Decaying Patterns

19 Function Add Batch to Tree(batch[], root)
20 if root is NULL then
21 foreach batchi in batch[] and transaction t in batchi do
22 add t to tree and nodeFrequency to list
23 end

24 else
25 Shift left each node in tree
26 foreach batchi in batch[] and each transaction t in batch0 do
27 add t to tree
28 add frequency of node to list

29 end

30 end
31 if frequency of each window is 0 of any node in tree then
32 delete node and its successors
33 end
34 return root

35 Function Pattern Tree(patterns[])
36 foreach patterni in patterns[] do
37 Add patterni to tree
38 insert frequency of node to freq list

39 end

4 Experimental Results

We tested our algorithm on six real life and two synthetic datasets- chess, mush-
room, pumsb, accidents, connect, c73d10k, c20d10k. Also we have a web service
where we fetch data from some prominent online news portal of Bangladesh. We
collected around 59,033 news in 4 months (August to November). We processed
the data and applying our algorithm, got our desired result. The algorithm is
implemented in JAVA and experiments are performed in Linux environment
(Ubuntu 16.04), on a PC with Intel(R) Core-i3-4005U 1.70 GHz processor 4GB
main memory. As there is no literature on finding decaying pattern, we could
not compare our result with any other algorithm. For this reason we have shown
our result on five metrics.

– Number of patterns with varying minimum window support

– Number of patterns with varying window size

– Number of patterns with varying batch size

– Runtime with varying minimum support

– Maximum memory usage with varying minimum support
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4.1 Pattern Count W.R.T. Minimum Window Support

(a) Mushroom dataset (b) Connect dataset

Fig. 4: Pattern number vs Minimum window support (min WT )

With varying minimum support value number of decaying patterns also varies.
For frequent patterns, number of patterns increases when minimum support
decreases but in case of decaying pattern this trend does not hold always. It is
possible because when minimum support is low, the patterns tend to be frequent
in the decaying window(win IF ) and those patterns will be rejected as per the
definition of decaying pattern. When minimum support is higher those rejected
pattern will be added in decaying pattern list. From figure.4 and result of two
dense dataset (fig.4b and 4a) connect and mushroom are showed where pattern
number decreases with increasing min WT but for sparse dataset accident and
c20d10k (fig.5b and 5a) the results are different. Number of patterns tends to
increase with increasing min WT for accidents. Nearly reverse nature is noticed
for c20d10k. This property actually depends on dataset.

(a) c20d10k dataset (b) Accident dataset

Fig. 5: Pattern number vs Minimum window support (min WT )

Our news dataset was highly sparse as we got news of four month only.
For better output we splitted the dataset by taking two months’ news in a

194



A New Approach for Mining Representative Patterns

group. From the dataset of news August and September we observed several
decaying patterns (fig.6a). Most of them are murder incidents including 16th

amendments of Bangladesh constitution, floods in northern part of Bangladesh.
From the dataset, consists of news of four month August to November(fig.6b)
the important decaying news mostly are rape and murder case including some
international matters like Rohinga issue, issue of mosque Al-Aqsa in Palestine
etc.

4.2 Pattern Count W.R.T. Window Size

In case of dense dataset generally pattern number tends to increase with increas-
ing window size (figure.7a) because in larger window, longer decaying pattern
can be generated and in that case there would be a lot of sub patterns. Thus
number of patterns increases. But in case of sparse dataset the opposite tendency
is noticed(figure.7b) because sparse dataset contains small number of decaying
pattern when window size increases possibility of being frequent of a pattern in
a large set of transaction decreases. Thus many patterns are rejected for being
infrequent in the frequent windows. This characteristic varies with dataset.

(a) News dataset
(August and Semptember)

(b) News dataset
(August to November)

Fig. 6: Pattern number vs Minimum window support (min WT )

4.3 Pattern Count W.R.T. Batch Size

The next metric is number of pattern w.r.t batch size. Similar characteristic
maintains with previous metric. In case of dense dataset (figure.8a) number of
patterns increase with increasing batch size because of longer pattern generation
and when batch size increases total number of window decreases so a pattern has
to be frequent and infrequent in small number of windows thus probability of
getting decaying pattern increased with increasing batch size. Again for sparse
dataset (figure.8b) number of pattern tends to decrease because with batch size
is larger window slides faster. Patterns in a sparse dataset which once frequent in
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(a) Chess dataset (b) C20d10k dataset

Fig. 7: Pattern number vs Window size

one window tends to become infrequent in subsequent windows thus the number
of patterns decrease. This characteristic also varies with dataset.

(a) Chess dataset (b) C20d10k dataset

Fig. 8: Pattern number vs Batch size

4.4 Runtime Evaluation

Runtime graphs are showed with varying min WT on three batches for a dense
(figure.9a) and a sparse dataset (figure.9b). Run time depends on number of
patterns generated and total number of windows to calculate. From the graph
it is clear that run time increases with decreasing minimum support and batch
size. For sparse dataset result is bit different. With increasing batch size number
of patterns decreases as we showed earlier thus runtime becomes higher. In case
of sparse dataset pattern number varies differently with varying win WT so as
the runtime.

4.5 Maximum Memory Usage Evaluation

Memory usage also depends on the number of patterns generated. With varying
minimum support the variation of maximum memory usage during run time is
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(a) Chess dataset (b) C20d10k dataset

Fig. 9: Runtime (in second) vs win WT

shown. We determined maximum memory usage for any instance. During the
execution of the code, we have kept the maximum value of memory usage. If at
any instance more memory is used than the value, we have updated it. Here we
have shown memory consumption of two dataset- chess (figure.10a) , the dense
one and c23d10k (figure.10b), the sparse one.

(a) Chess dataset (b) C20d10k dataset

Fig. 10: Maximum memory usage (in MB) vs win WT

5 Conclusions

Many significant patterns are worn out with time which should be in represen-
tative pattern and need proper attention. This type of patterns are important
because if we only focus on those which are always in representative set, some
promising patterns that suddenly started decaying will remain neglected. For
this, mining this type of patterns are important for different contexts. We have
developed an algorithm for mining decaying patterns and applied it by merging
the concept of data stream. We have constructed pattern tree structure which
speeds up the mining process. As we are dealing with data stream, more inter-
esting knowledge can be found at any instance of time from the patterns.
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The application field of this algorithm is huge beginning from market basket
data to find new characteristics in dataset. We applied the work on many real
life dataset and have got expected results. Our work is highly applicable for min-
ing decaying news and we also showed significant result from our own processed
news data. As a future work we are planning to develop more compressed struc-
ture of tree, applying more efficient mining methodology. We will also carry out
more research for generalizing the algorithm so that it can be performed with
dynamic window adjusting feature to get the best result without user’s input.
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Abstract. As the rapid increase of bio-literature, it’s very necessary to develop 

document analysis tools to automatically and accurately extract biological 

knowledge and events from bio-literatures. The vast majority of biological data-

bases do not record temporal information of gene regulations, which are very 

important to understand the underlying mechanism of many diseases and biolog-

ical processes.  We previously constructed a corpus of time-delays related to the 

transcriptional regulation (bio-events) of yeast from the PubMed abstracts, sum-

marized the knowledge rules of the bio-events as rate-changes in transcriptional 

regulation ontology, and obtained 86% accuracy by using the decision tree clas-

sifier with the ontology rule features. Deep neural networks (DNN) achieve great 

success in many machine learning applications including document analysis. The 

word2vec model learned the word embedding features from documents can 

achieve 50-70% accuracy on most of text classification tasks. However, the sen-

tence structure and domain knowledge are rarely considered in DNNs of docu-

ment classification. We proposed to combine word2vec features, sentence struc-

ture, and our ontology rule features to improve the DNNs for bio-events detection 

in document analysis. Experimental results show that on predicting transcription 

regulation events, the word2vec in DNN model achieves 73% accuracy, while 

our combined features in DNN with same parameters achieves 96% accuracy; on 

predicting the rate-changes in transcription regulation events, word2vec in DNN 

achieves only 59% accuracy, and our combined features in DNN achieves 90% 

accuracy. This shows the power of domain knowledge and sentence structure 

features with DNN in document analysis. 

Keywords: Deep neural networks, biomedical events mining, rate-changes in 

transcriptional regulation. 

1 Introduction 

1.1 Background 

Due to the increasing publications, literature mining is becoming useful for both hy-

pothesis generation and biological discovery[1].  It’s important but still challenge to 
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automatically and accurately extract biological knowledge and events from biomedical 

literature [2][3][4]. The current state-of-the-art performance clearly shows that close to 

80% in F1-score have been achieved in extracting simple bio-events, but the complex 

events such as binding and regulation events is still limited, the best performance 

achieved remains 30%–40% lower than that for simple events [2]. 

Inspired by the big success of deep learning in natural language processing, we applied 

it on our previous established corpus of bio-events of the rate changes in transcriptional 

regulation[5]. The vast majority of biological databases do not record temporal infor-

mation of gene regulations, which are very important to understand the underlying 

mechanism of many diseases and biological processes. We previously constructed a 

corpus of time-delays related to the transcriptional regulation (complex bio-events) of 

yeast from the PubMed abstracts. By summarizing the textual patterns of the biological 

knowledge rules of the transcriptional regulation events, we established the rate-

changed transcriptional regulation ontology. And it achieved  86% accuracy to predict 

transcriptional regulation by using the ontology rule features in the decision tree clas-

sifier[5]. 

In this paper, we applied the state-of-the-art word embedding and deep neural network 

model, combined with the domain knowledge from our ontology features and sentence 

structure features to improve the performance to infer the complex rate-changed tran-

scriptional regulation events from our corpus. 

1.2 Related Works 

Deep neural networks (DNN) achieve great success in many machine learning applica-

tions including document analysis[6]. Word embedding methods represent words as 

continuous vectors in a low dimensional space which capture lexical and semantic prop-

erties of words. They can be obtained from the internal representations from neural 

network models of text[7]. The word2vec model learned the word embedding features 

from documents can achieve 50-70% accuracy on most of text classification tasks.  

The convolutional and recurrent neural networks have been shown to capture effective 

hidden structures within sentences via continuous representations, thereby significantly 

advancing the performance of relation extraction[8][9]. 

However, the sentence structure and domain knowledge [10] are rarely considered in 

DNNs of document classification[6]. Nguyen and Grishman [5] combine the traditional 

feature-based method, the convolutional and recurrent neural networks to simultane-

ously benefit from their advantages. The approach is demonstrated to achieve the state-

of-the-art performance on the ACE 2005 and SemEval datasets. 
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2 Methods 

2.1 Corpus for rate changes in transcriptional regulation 

The manually labeled corpus of events relating to rate changes in transcriptional regu-

lation for yeast is available in https://sites.google.com/site/wentingntu/data. The cre-

ated ontologies summarized both biological causes of rate changes in transcriptional 

regulation and corresponding positive and negative textual patterns from the corpus.  

We annotated the corpus by manually labeling sentences containing transcriptional reg-

ulation rate changing events as positive instances and others as negative instances. For 

positive instances, we identified trigger words that indicate mentions of transcriptional 

regulation processes or rate changes of the processes. These words were annotated to 

facilitate the creation of our time-delay (transcriptional regulation rate change) ontol-

ogy. In the negative class, the sentence may only include information about gene regu-

lation without rate changes or about a biological process other than transcriptional reg-

ulation. Both direct and indirect evidences exist in the positive instances. We thus fur-

ther annotate the positive class with two types of events: (i) events with specific infor-

mation about regulator, regulatee and rate changes in transcription regulation, and (ii) 

indirect evidences for transcription regulation rate changing events. 

2.2 Representation learning 

We employ the natural language toolkit, (NLTK)[11] to tokenize a sentence into the 

sequence of tokens. For each feature of interest, retrieve the corresponding vector by 

word2vec[12] [13], a feed-forward neural network (NN) that takes input sparse vector 

and produces a output dense vector  [14]. The input vector encodes features such as 

words, part-of-speech tags or other linguistic information. The sparse-input linear mod-

els to neural-network based models is to stop representing each feature as a unique 

dimension (the so called one-hot representation) and representing them instead as dense 

vectors. The embeddings (the vector representation of each core feature) can then be 

trained like the other parameter of the function NN. The feature embeddings (the values 

of the vector entries for each feature) are treated as model parameters that need to be 

trained together with the other components of the network[15].  

2.3 Sentence into vector 

A sentence vector model [16] [17] is comprised of an unsupervised learning algorithm 

that learns fixed- size vector representations for variable-length pieces of texts such as 

sentences and documents[18]. The vector representations are learned to predict the sur-

rounding words in contexts sampled from the paragraph. We adopted the Doc2Vec [19] 

from “Gensim”, a python package, to get sentence embeddings using the word vectors. 
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2.4 Domain Knowledge Integration for Feature Combinations  

The “Transcriptional Regulation Rate Change Ontology” [5] include the textual pat-

terns of biological processes that may result in transcriptional regulation rate change. 

We previously propose a feature-based method that incorporates diverse lexical, syn-

tactic and semantic features to automatically extract transcriptional regulation relations 

as follows.  

Keyword-tag: a combination of the keywords defined in our ontologies, and their POS 

tags, which indicate their grammatical roles in sentences. The keywords in the features 

are normalized to reduce the diversity of words with the same tags. 

Word-relation-word: two words concatenated by the name of their dependency relation 

type. The relation is extracted from the shortest relation path between genes and key-

words in the dependency tree derived from the Stanford NLP parser [23].  

Gene-keyword-distance: a triplet of gene, keyword, and length of the shortest relation 

path between them in the dependency tree. The contextual features provide general 

characteristics of the sentence or neighborhood where the target token is present.  

 

 

2.5 Deep Neural Networks, multi-layer feed-forward networks 

Feed-forward networks include networks with fully connected layers, such as the multi-

layer perceptron, as well as networks with convolutional and pooling layers[20]. All of 

the networks act as classifiers, but each with different strengths. The non-linearity of 

the network, as well as the ability to easily integrate pre-trained word embeddings, often 

lead to superior classification accuracy. We adopted multi-layer feed-forward net-

works, which can provide competitive results on sentiment classification[1]. 

3 Results 

From the corpus, the 1000-dimension word vectors were produced with deep learning 

via word2vec of “gensim”, a python package. Each sentence is then transformed a vec-

tor by adding the word vectors of the sentence. For each classification task, we perform 

10-fold cross-validation to evaluate the classification performance. The positive sen-

tences and negative ones are by randomly partitioned into 10 equal groups. For each 

round, one group is used as testing set, the other 9 groups are training set, a three layer 

deep neural networks (DNN) with 10, 20, 10 units, respectively, is built from the train-

ing set in 2000 steps by “tensorflow”; then the testing sentences are predicted by the 

DNN as positive or negative, and the accuracy is reported. 

 

3.1 Predicting transcription regulation events 

The following Table  shows the performance of different feature set in DNN model and 

previous decision tree model on predicting the transcription regulation events in the 

1309 sentences with 10-fold cross-validation. Experimental results show that on pre-
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dicting transcription regulation events, the word2vec in DNN model achieves 73% ac-

curacy, while our combined features in DNN with same parameters achieves 96% ac-

curacy, which is significantly better than the 86% accuracy of previous ontology rules 

features in decision tree classifier. 

Table 1. Performance on predicting transcription regulation events. 

Features Dimensions Classifier Accuracy (%) 

Ontology Rules  115 Decision Tree 86 

Word2vec  1000 Deep Neural Network 73 

Word2vec +Ontology 1115 Deep Neural Network 96 

3.2 Predicting the rate-changes in transcription regulation events 

The following Table  shows the performance of different feature set in DNN model and 

previous decision tree model on predicting the rate-changes in transcription regulation 

events from the 359 sentences of transcription regulation events with 10-fold cross-

validation. It shows that on predicting the rate-changes in transcription regulation 

events, word2vec in DNN achieves only 59% accuracy, same performance as previous 

combined features by decision tree classifier. By combing our domain knowledge and 

sentence structure combined features into word embedding, the DNN classifier 

achieves 90% accuracy. 

Table 2.  Performance on predicting the rate-changes in transcription regulation events. 

Features Dimensions Classifier Accuracy (%) 

Ontology Rules  115 Decision Tree 54 

Domain +Sentence Structure  Feature 669 Decision Tree 59 

Word2vec  1000 Deep Neural Network 59 

Word2vec + Domain +Sentence Struc-

ture Feature 

1669 
Deep Neural Network 90 

4 Discussion and Future Work 

In this paper, we proposed to combine the domain knowledge summarized in rate-

changed transcriptional regulation ontology and sentence structure features into word 

embedding, to predict the complex transcriptional regulation events and the rate 

changes in them by DNN classifier. The experimental results show that both classifica-

tion tasks achieve above 90% accuracy. 

Note that the domain knowledge and sentence structure features are directly combined 

into the word embedding features learned by word2vec model. 
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Recently, the dependency-based word embedding tool, word2vecf [21], is used for bi-

omedical event trigger detection[22]. Specifically, all available PubMed abstracts are 

parsed with Gdep parser [10], a dependency parse tool specialized for biomedical texts, 

and train the dependency-based word embedding based on the contexts in dependency 

relations. We’ll learn the ontology rules and sentence structure features embedding 

from our corpus based on supervised training. We also employ the dependency-based 

word embedding, which contains more functional semantic information, to better cap-

ture semantics of the events. In the future, we’ll use tree-based deep learning model 

such as tree Long Short-Term Memory (LSTM) convolutional and recurrent neural net-

works which can automatically learn features from dependency tree for the trigger 

words and phrases.  
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Abstract. Capping the number of licenses and granting exclusive right to street 

hailing passengers, the New York City (NYC) medallion system manipulated the 

demand and supply of taxicab services and created a medallion market. The last-

ing system turned the right to operate taxis in NYC into a private property of 

scarcity and an investment vehicle with disguised risks. Integrating data pub-

lished by the NYC Taxi and Limousine Commission (TLC), this research identi-

fied four phases of the medallion market and argued that 1) the market collapsed 

because technology and ride-sharing economy have materially weakened the as-

sumptions underlying the market; 2) Yellow Cab is fighting a lost battle against 

players of ride-sharing economy; and 3) the deregulation of the NYC taxicab 

industry will adapt and continue despite its adverse impact on the medallion in-

terest groups. 

Keywords: App-Based, Boro Taxis, For-Hire Vehicle, FHV, Green Cab, Haas 

Act, Medallion, New York City, NYC, Street Hail Livery, SHL, Ride-Sharing, 

Taxicab, Taxi & Limousine Commission, TLC, Uber, Yellow Cab 

1 Introduction 

1.1 NYC Taxicab Market 

The NYC taxicab market is one of the largest in the world, with about one million 

passengers per day and annual revenue of two billion US dollars. By the local govern-

ment regulations, summarized in Table 1. Classification of NYC Taxicab Services and 

Providers, the market consists of two sectors of service demand (street hailing and pre-

arranged pick-up) and three major classes of service suppliers: Yellow Taxi Cab (Yel-

low Cab), For-Hire Vehicles (FHVs), and Street Hail Livery (SHL).  

Street hailing services are provided by taxicabs in response to hails by passengers 

on the streets. Pre-arranged pick-up services are provided by taxicabs in response to 

requests made to a taxicab’s affiliated service dispatching base.  

Identifiable by the color of canary yellow, Yellow Cab taxis are providers of street 

hailing services. They are permitted to pick up passengers anywhere in all the five NYC 

boroughs. More, they are granted exclusive right to street hailers in Manhattan, LaGuar-

dia Airport, and John F. Kennedy International Airport [1], where most of the tradi-
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tional NYC taxi traffic is originated or destined. Customers access this mode of trans-

portation by standing in the street and hailing with hands. A medallion, the metal plate 

attached to a car’s hood, is the proof of legal license, i.e., the right for a car to provide 

street hailing services. There is a cap on the number of available licenses.  

Table 1. Classification of NYC Taxicab Services and Providers 

Right to  

Street Hailing Passengers 

Right to  

Pre-Arranged Pick-ups 

Yellow Cab All NYC Not Permitted 

FHVs Not Permitted All NYC 

Green Cab Northern Manhattan (north of West 

110th street and East 96th street) 

and outer-boroughs (Bronx and 

Queens excluding the airports) 

All NYC 

FHVs include Community Cars (aka Liveries), Black Cars, and Luxury Limousines. 

Those taxicabs can pick up passengers throughout the five NYC boroughs, but only by 

appointments [2]. Customers access this mode of transportation by submitting a re-

quest, via phone, mobile apps, website, or other methods, to a TLC-licensed base or a 

TLC-licensed dispatch service provider who then direct FHV taxicabs to the customers. 

Important to note, app-based service providers such as Uber and Lyft are classified as 

FHVs. They were not permitted to enter the NYC taxicab market until the middle 2011. 

However, once permitted, they became disruptive against street hailing service provid-

ers as smart phones made FHVs as convenient (if not more so) as traditional taxicabs. 

SHL, painted apple green and known as "Boro Taxis" or “Green Cabs”, is a hybrid 

between Yellow Cab taxis and FHVs. They are permitted to accept pre-arranged rides 

in all the five NYC boroughs, and, beginning in June 2013, are permitted to pick up 

hailing passengers from the street in northern Manhattan (north of West 110th street 

and East 96th street) and the outer-boroughs: the Bronx and Queens (excluding the 

airports), areas historically underserved by Yellow Cab [3]. 

1.2 Medallion System 

Licenses for both drivers and vehicles are required to operate taxicabs in NYC. How-

ever, regulations vary on Yellow Cabs, Green Cabs, and FHVs. Yellow Cabs have the 

strictest licensing. The right to serve street hailers had been exclusively assigned to 

Yellow Cabs until 2013 – the year Green Cab was created. The number of Yellow Cab 

Taxis permitted on streets is controlled via medallion licensing, by which the New York 

state’s legislative body approves additional medallions and the NYC TLC holds auc-

tions to sell them to public. 

Introduced in 1937, the medallion system added only limited number of Yellow Cabs 

with only three legislative approvals in year 1996, 2004, and 2013. Today, only 13,587 

Yellow Cab taxis are permitted on the NYC streets, corresponding to the same number 

of medallions. 
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2 Evolution of NYC Medallion Market 

Based on the data integrated from the TLC websites, annual transfer volumes and av-

erage prices for Yellow Cab medallion transactions are graphed in Fig. 1. NYC Yellow 

Cab Medallion Annual Transfers and Average Sales Prices. According to the price and 

volume movements, the market can be described in four different phases, 

• Born but no value (1937 – 1946)

• Formed and established (1947 – 1986)

• Investment tool and booming (1987 – 2013)

• Collapsed and falling (2014 – Present)

Fig. 1. NYC Yellow Cab Medallion Annual Transfers and Average Sales Prices 

Data details are in Table 2. NYC Yellow Cab Medallion Annual Issuance and Sales 

Transfer. 

2.1 Born but No Value (1937 – 1946) 

The first phase of nine years from 1937 through 1946 carried no market values for the 

medallions. After the great depressions in early 1930s, NYC was flooded with 30,000 

drivers. Sometimes there were more taxi cabs than passengers on the streets. Out of 

concerns about congestion, pollution, and crimes, the Haas Act was legislated in 1937 

and official taxis were introduced with medallions attached. The law limited the number 

of cab licenses to the existing 16,900, but only 13,595 were in active use due to regis-

tration lapses [4]. The active licenses dwindled to 11,787 in 1947 due to reduced re-

newals and stood the same for 50 years until 1996 when 266 more were issued. 
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Table 2. NYC Yellow Cab Medallion Annual Issuance and Sales Transfer 
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The number-capped medallion system had little impact on the NYC taxi industry 

during this initial phase. Due to the World War II and lack of demand for taxi services, 

many medallion owners valued a medallion not worth the annual $10 renewal fee and 

chose not to renew. No evidences suggest that, in capping the number of taxis, the law 

makers of Haas Act intended to turn the right to operate taxicabs on the NYC streets 

into a property with tradable market value. The establishment of medallion was not 

much different from other Depression-era legislative efforts: to stabilize and revive the 

taxicab industry diagnosed suffering from excessive competition [5].  

However, the Haas Act did have an ordinance allowing transfer of licenses between 

owners, conditionally upon the NYC’s approval of new owners' qualifications. This 

transferability was critical to establish medallion values and trade in future when eco-

nomic conditions improved and demand for taxicabs rose.  

2.2 Formed and Established 

A medallion market was formed and stabilized during the second phase of almost four 

decades from 1947 through 1986. Until 1947 had there been no demand adequate to 

utilize the existing medallions from individuals seeking to drive a taxi. Rationing of 

fuel and car parts during World War II turned more people to taxis for transportation 

and the post-World War II prosperity created more business, which led to more drivers 

than the medallions available [6]. Medallions started to assume value and a medallion 

market formed in response to the need of medallion trading.  

In 1947, the New York Times reported that taxicab owners received bonuses aver-

aging $1,500 or $2,500 from selling their medallions with used cabs [7]. In 1950, the 

“bonus” rose to $5,000. The “bonus”, on the top of the sales price for a cab, effectively 

put a price tag on a medallion and indicated the birth of a standalone market. In early 

1960s, a medallion was traded around $25,000. 

In 1971, the NYC TLC was created pursuant to Local Law 12 of 1971 to license 

taxicab vehicles and drivers by establishing and enforcing standards and criteria [8]. 

The creation and functioning of the TLC brought regulation transparency and con-

sistency, which contributed to the health and stability of the NYC taxicab industry. It 

also led to legitimatization of "gypsy cabs" into what known today as livery cars, com-

munity cars, car services or for-hire vehicles [9]. In its annual reports, the TLC stated 

“taxicab licenses are transferable, and may be pledged as security for loans. …, the 

license has a considerable value” [10]. Explicitly, the TLC pointed to the tradable value 

of the medallion and existence of a medallion market.   

In addition to purchasing that requires a large amount of payment up front, drivers 

can pay medallion owners for the right of use by operation shift or certain hours, i.e., 

leasing. The Haas Act mandated that 60 percent of the medallions go to fleets who hold 

two or more licenses and can rent them to drivers. In 1979, TLC legalized leasing. 

Through waves of conversion to lessee-driving from owner-driving - fleet leasing in 

1980s and independent owner leasing in 1990s, nearly all fleet drivers and most inde-

pendent drivers were lessees [11]. Medallion ownerships were effectively separated 

from their right of use, which made it easy to price and trade medallions. Independent 

agencies were founded to broker and manage leasing on behalf of medallion owners. 
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During the second phase, demand for taxicabs rose due to a growing NYC popula-

tion – residents and tourists, most of whom did not drive, while the number of medal-

lions was capped the same for the whole period. Sales transfer of medallions increased 

at steadily higher prices. In 1984, the trading volumes went as high as 1,591, or 13.5% 

of the medallions in circulation. In 1986, 1,438 medallions or 12.2% of existing medal-

lions changed hands. Thereafter both the number of medallions traded and its percent-

age in the total continued to decrease.  As such, year 1986 was deemed the end of this 

forming phase. In the same year the average sales price for a medallion crossed 

$100,000 for the first time, forty times the price at the beginning of this phase (inflation 

was not adjusted). Without new supply, this phase of the NYC medallion market was 

characteristic of more transactions, rising prices, and establishment of a regulation 

agency, the NYC TLC.  

2.3 Investment Tool and Booming 

During the third phase of 1987 through 2013 (or quarter 2 of 2014 concisely), the me-

dallion price continuously rose, but trading volumes were thin, and thinner. This trend 

continued despite additional 1,650 or 14% more licenses were issued between 1996 and 

2013. Both private sales transfers and official auctions kept recording prices historically 

high. Medallions were bought and held in anticipation for value appreciation. The li-

cense became an investment vehicle, no longer limited to the way gaining the right to 

drive to make a living in the city. Medallion-owner drivers populously counted on sell-

ing their medallions later to make comfortable retirements. 

The annually averaged prices peaked at $1.16 million for a corporate medallion in 

2013 and $0.98 million for an independent one in 2014. Only 90 medallions were trans-

acted in 2013, 21 corporate and 69 independent, less than 0.67% of the total in use. The 

price was so high that fractions of a medallion were recorded in sales transfer. Except 

temporary setbacks from the economic recessions in early 1990s and following the ter-

rorist attack on September 11 of 2001, the price trend line was straight up, projecting 

the medallion as a safe investment risking nothing; the volume trend line was straight 

down, telling few owners would like to sell. The two lines crossed and formed the shape 

like a pair of scissors in Fig. 1.  

Rising price and known entry control made the NYC medallion a safe bet and gave 

it many attributes of the bundle of right as a private property [12]. It has been routinely 

bought and sold, leased, and used as collateral for loans and counted as assets in estate, 

bankruptcy, divorce, and inheritance settlements. Purchases were financed through 

credit unions, banks, and other financial institutes. In 1995, Medallion Financial was 

founded as a firm specialized in originating, acquiring, and servicing loans that finance 

taxicab medallions and various derivatives. It was listed and actively traded one year 

later in NASDAQ stock exchange [13]. Taking the Schaller Consulting’s estimate that 

15% of a medallion’s total revenues went to its owners [14], the annual return was 

computed between 3% and 9% during this period, better than investment in gold and 

oil in the comparable years. Calculated according to the rate rules in the TLC Promul-

gation of Rules issued in 2012 [15], a medallion owner can earn $30,000 to $80,000 

annually by leasing out one medallion. It was commonly believed that buying, holding, 
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and leasing out medallions was a wise business decision. The environment of low in-

terest rate following 2008 financial crisis provided widely accessible, low-cost loans 

and contributed to the medallion hype as well.  

Medallion auctions administrated by the TLC also enforced the perception that in-

vesting in the medallion was safe. “Strong medallion sale prices have historically been 

used to judge the overall health and viability of the industry” [16] was frequently pre-

sented in the TLC annual reports. It was no coincidence that TLC auctions always set 

price records. 

2.4 Collapsed and Falling 

The good time peaked and started to end in the second half of 2014. Viewed quarterly, 

the average sales price for a corporate medallion peaked at $1.26 million in quarter 2 

of 2014 and then fell straight to $208,411 in quarter 4 of 2017, a drop of 83.5%; the 

average sales price for an independent medallion peaked at $1.0 million in quarter 3 of 

2014 and then fell straight to $191,749 in Quarter 3 of 2017, a drop of 80.8% (Fig. 2. 

NYC Yellow Cab Medallion Quarterly Sales Prices). The fall was steep and fast. It took 

almost twenty years to rise to $1 million for a medallion in 2013, but less than three 

years to fall back where it was: around $200,000. Quarterly data details for individual 

years are in Table 3. NYC Yellow Cab Medallion Quarterly Sales and Prices. 

Not only were the prices low, but also the transaction volumes were light. Unlike the 

third phase with few sellers due to appreciation expectations, the fourth phase had fewer 

sellers because of no buyers when no retainable floor prices were in sight. Corporate 

and independent medallions combined, only 24 changed hands in 2015 and 17 in 2016, 

out of the total 13,587. Together, those transactions made a sale of only $20 million in 

2015 and less than $9 million in 2016. The market, valued over $14 billion prior to 

quarter 4 of 2014, collapsed. 

Without buyers, many owners were unable to pay back their loans and filed for bank-

ruptcy. Between quarter 3 of 2014 and quarter 4 of 2017, 15 corporate medallions were 

foreclosed, defaulting loans valued over $16.3 million, averaged $1.09 million per 

piece; 72 independent medallions were foreclosed, defaulting $35.8 million, averaged 

about $0.5 million each. In contrast, there was only one foreclosure recorded (in 2011) 

prior to quarter 3 of 2014 (Table 4. NYC Yellow Cab Medallion Foreclosures). Not a 

surprise, impact on independent medallions owned by drivers is far more severe than 

that on those medallions owned by corporates. 

Many medallions are now in possession of credit unions and banks who financed the 

purchases. In the middle September of 2017, for a total of $8.56 million, or $186,000 

per medallion, a hedge fund company won the auction sale of 45 medallions foreclosed 

from an owner who once owned 800 medallions [17]. More foreclosures are likely to 

follow. Aware of the market distress, the TLC had to hold off auctioning the remaining 

1,650 of the 2,000 Yellow Cab medallions authorized in 2013.  
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Fig. 2. NYC Yellow Cab Medallion Quarterly Sales Prices 

Table 3. NYC Yellow Cab Medallion Quarterly Sales and Prices 
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Table 4. NYC Yellow Cab Medallion Foreclosures 

3 The Uber Disruption 

Blames have been quickly played against Uber for the meltdown of the NYC medallion 

market – less regulated than Yellow Cab and thus gained an edge in competition.   

Table 5.  NYC Taxicab Ridership and Market Share by Provider 

Uber and Lyft have been winning both market shares and revenues. Beginning for 

year 2015, the TLC published trip data for all the providers - Yellow Cab, Green Cab, 

and FHVs, which made it possible to view individual providers’ market shares (Table 

5. NYC Taxicab Ridership and Market Share by Provider). By quarter 2 of 2016 Yellow

Cab had retreated to take less than 50% of the NYC taxicab service market. While the
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quarterly market size increased to 75.6 million trips in the first quarter of 2017 with a 

growth of 43% over the same period two years ago, Yellow Cab’s trips dropped to 29.2 

million, a loss of 9.4 million or 24%; and its market share dropped to 38.6% from 73%. 

Not only failed Yellow Cab in grabbing a share from the market growth but also it 

failed in customer retention – many riders who used to hail a Yellow Cab taxi now 

turned to Uber, Lyft, or other small FHVs. In the first quarter of 2017, FHVs as one 

group served 57.1% of the NYC taxicab trips and became NYC riders’ first choice. 

Uber alone captured 31.6%, up from 12.5% two years ago. Fig. 3. Market Share of 

NYC Taxicab Ridership by Provider illustrated the wining stride of Uber and Lyft, in 

contrast with Yellow Cab’s drastic retreat, quarter after quarter. 

 

Fig. 3. Market Share of NYC Taxicab Ridership by Provider 

Table 6. NYC Yellow Cab Annual Trips and Revenues  

Trips and revenues per medallion also dropped. Between 2013 and 2016, Yellow Cab’s 

annual trips per medallion dropped 25%, to less than 10 thousand from around 13 thou-

sand, and annual revenues per medallion dropped 19%, to $140 thousand from over 

$170 thousand (Table 6. NYC Yellow Cab Trips and Revenues). Taking 15% as me-

dallion owner’s share, an average Yellow Cab medallion earned a return of only 
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$21,000 in 2016, compared to $25,900 just three years earlier, and $30,000 to $80,000 

during its booming period. 

4 Economic and Regulation Implications 

4.1 Breakdown of Market Assumptions 

Market functioning and values of the NYC medallions have been relying on one supply 

policy - restricting issuance of medallions and thus controlling the number of taxicabs 

on streets and one demand assumption - street hailing and pre-arrangement are two 

different demand for taxicab services and can be met with two different service prod-

ucts. Thus, it goes that government can segment the market and designate different 

service providers accordingly and exclusively. It was further assumed there be growing 

number of street hailers out of growing economy, visitors, and residents who prefer not 

to drive or conscious of traffic congestion, air pollution, and inconvenience in driving, 

which has been mostly true. As such, the supply holds flat while the demand grows, 

medallion values and driver revenues are assured to rise – law of economics 101. 

However, those assumptions, even if used to be true, have been disrupted by emer-

gence and advance in technology-enabled ride-sharing economy. By 2015, 96% of 

NYC residents had owned mobile phones and 79% of those were smart phones [18]. 

Almost all taxicab riders can tap mobile apps or dial up from handset devices to pre-

arrange a cab, anywhere and anytime, on streets or off streets. The lagging time between 

hailing and pre-arranging became no longer significant and meaningful. When there are 

enough taxicabs nearby waiting for the calls, callers can get the benefit of immediacy 

and convenience, almost no different (if not better off) from that of hailing Yellow Cab 

taxis. Even more, people would prefer to call their cabs prior to getting off flights, leav-

ing restaurants and coffee shops, and from places of comfort instead of hailing in cold 

weather or in the rains. App-based on-demand pre-arrangement offers the benefits of 

instant planning and predictability. The demand for street hailing or pre-arranged taxi-

cabs has become hardly differentiable from street hailing, or at least the attributes used 

to enable riders to differentiate the two have diminished or blurred in riders’ eyes. The 

two have become two units of one product that transports people, substitutable to each 

other, and should be regulated as one product [19]. The primary assumptions, upon 

which the NYC medallion market and government regulations have been based and 

functioning, have been fundamentally uprooted. 

4.2 Ride-Sharing Economy 

When demand for app-based riding rose and the number of Yellow Cab taxis on the 

NYC streets were restricted, FHVs responded by adding more vehicles and drivers. 

There were no FHVs legally permitted on NYC streets when the medallion system was 

born. But the number of FHVs was more than doubled to 80,881 and the FHV drivers 

increased by 120% to 122,997 between 2011 (the year Uber entered NYC) and 2016. 

For the same period, only 300 Yellow Cab taxis were added (Table 7. NYC Taxicabs 

and Drivers). More, 19,463 Yellow Cab drivers quit and most of them switched to 
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FHVs. The net result is that FHVs outnumbered Yellow Cab taxis by 6:1; FHV drivers 

outnumbered Yellow Cab drivers by 4:1; and up to four drivers had to share driving 

one Yellow Cab vehicle by shift due to the medallion restriction. Uncapped licensing 

seemingly did give FHVs advantages over Yellow Cabs under the existing regulations.   

Table 7. NYC Active Taxicabs and Drivers 

 

Successes in business models like Uber’s are not uncommon in the era of digital 

economy– eBay, Amazon, Facebook, Google, etc. Leveraging Internet and smart 

phones, they built platforms to connect and assemble buyers and sellers directly to cre-

ate a market ecosystem, economy of scale, and even monopolies via “Size begets size” 

[20]. Different for Uber, a pioneer in sharing economy, it explores and exploits re-

sources idle prior to the Internet economy – private cars at the times not being driven 

and personnel at the times outside regular jobs, which makes it theoretically possible 

for almost everyone to become an Uber driver and thus provides options and flexibili-

ties in offering, scheduling, and pricing to compete. As it evolves and adapts to market 

demand and regulations, new features can be expected to address public concerns the 

medallion system initially intended to address – traffic congestion, air pollution, and 

safety. For example, dynamic pricing with surcharges can be explored to contain traffic 

through crowded areas; access to driver and passenger information and their mutual 

rating can be explored to improve safety. There are advantages over Yellow taxicab 

drivers who must earn or lease a medallion up front and adhere to stricter licensing 

criteria and regulated pricing.    

Globalization and market size matters too. An estimated online advertising market 

of $1 trillion has created the legendary Google and Facebook. The global market for 

personal mobility is as much as 10 times that [21]. Appealing to investors with the 

ambition to be another Google or Facebook, Uber has attracted $18 billion in funding 

since its setup in 2010 and now carries a valuation closed to $70 billion, the largest 

startup in history that raised the most money even before going public. The large capital 

enabled Uber to extend its platform and business model to more than 450 cities in 78 

countries [22] and to build its fleets of autonomous driving for future. In contrast, the 

medallion system in NYC or the similar ones in other cities confine their taxicab service 

providers to a geographic locale, potentially blocking their riders from not only the 

Yellowcab 

Divers
FHV Drivers

Yellowcab 

Medallions
FHVs Yellocab FHVs

1937 13,595 0

1964 11,787 2,513

1992 11,787 27,613

2000 35,160 48,271 12,187 41,813 2.9 1.2

2005 42,512 51,060 12,779 40,449 3.3 1.3

2010 49,129 53,755 13,237 37,782 3.7 1.4

2015 55,390 90,284 13,587 66,604 4.1 1.4

2016 30,488 122,997 13,587 80,881 2.2 1.5

Year

Drivers Vehicles Vehicle Driver Ratio
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benefits of sharing economy but also the prospects for Uber or any of its existing or 

potential competitors to replicate those legendary successes in an era of digital age. 

4.3  Deregulation Trend 

Consumers are standing to benefit from the ride-sharing economy. In the era of mass 

intelligence and digital economy, the new service mode of ride-sharing has made taxi 

riding more accessible and affordable, which helps grow the market. In 2016, total NYC 

taxicab ridership has got bigger, to 280 million, up 23% from one year ago. Meanwhile 

Uber and Lyft gained not only from the market incremental but also from what Yellow 

Cab lost: 5.3 million trips and 17.4% market share during the same period. If not lost 

to Uber, it would have lost to someone else who can materialize the benefit. Technology 

is there, demand is there, and consumers are ready to make moves in their riding and 

opinions on taxicab regulations. Uber and the likes are in right places at right times. 

But nothing is assured who will be the eventual winner, facing evolving technology, 

increasing market competition, and regulations that certainly will adapt. 

Though the perpetuation of the medallion system was the result of political process 

subject to more influence from interested supplier groups – owners, drivers, agencies, 

and creditors than from consumers, political winds seem to shift toward deregulations 

favoring Uber and the likes who run their business on national and global scale beyond 

localized monopolies. The advantage of financial power, easily identified common in-

terest, and ease of organizing the medallion interest groups over insufficiency in fund-

ing and difficulty in organizing consumers (whose individual interests in taxicab market 

are scattered and ambiguous), is among the main reasons why the medallion system 

was perpetuated and lasting [23]. Now Uber, with sufficient funding, concentrated in-

vestor interest, and organization power in influencing law makers and public opinion, 

is up to the task to challenge the traditional order and medallion interest groups. It mo-

bilized public support and launched political campaigns to change regulations. It started 

"principled confrontation" program in 2015, searching for compromises with local mu-

nicipalities for entry into their markets. In the summer of 2015, Uber won against NYC 

and foiled the city’s efforts to cap the number of Uber vehicles on the grounds of traffic 

congestion [24]; in September of 2015, the New York City won a legal victory against 

three lawsuits brought by Melrose Credit Union, the largest lender who made almost 

$2.5 billion in loans for 5,331 city-issued medallions and claimed it was illegal for Uber 

and other app companies to operate in New York City [25]; In May of 2016, the New 

York state senate passed bill to legalize Uber statewide [26]. Similar efforts and suc-

cesses in other places have produced ordinances favorable to app-based services in 

more than 23 states in the United States. 

The deregulation process of the taxicab industry has started and hardly can that be 

turned back by any foreseeable political winds. After all, the New York medallion is a 

“problematic private property” - created in the past, controversial in the present, and 

potentially burdensome in the future [27]. Instead of patching and reviving the medal-

lion system, local and federal regulations should adapt and, progressively but deci-

sively, catch up with technological innovations and changes in consumer demand. The 
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essence is to let the free market play freely and let the once protected medallion mo-

nopoly adapts or dies.  Instead of holding Uber and the likes back, regulations will 

foster their growth, monitor their expansions, and intervene timely to prevent them from 

propelling into monopoly powers like Google, Facebook, and Amazon. 

Source Data 

1. TLC Annual Reports (2002-2016) http://www.nyc.gov/html/tlc/html/archive/an-

nual.shtml. Summarized the TLC work, including licensing and regulation updates.  

2. Medallion Transfer Reports (2009 – 2017) http://www.nyc.gov/html/tlc/html/ar-

chive/archive.shtml. Click on a link for a year, then the link of Medallion Transfers. 

Trip and Revenue Data (2010-2017) http://www.nyc.gov/html/tlc/html/technol-

ogy/aggregated_data.shtml. Data for Yellow Cab and Green Cab at monthly level 

and data for FHVs at weekly level were integrated to derive metrics of taxicab trips 

and revenues.  
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Abstract The world of big data is changing dramatically; in the domain of
data mining, machine learning and pattern recognition, the feature access has
grown from tens to hundreds or even thousands. This trend presents enormous
challenges, specially for classification problems. In manufacturing, classification
of quality is one of the most important applications; however, feature explosion,
combined with high conformance production rates are two of the most impor-
tant challenges for big data initiatives. Empirical evidence shows that discarding
irrelevant or redundant features improves prediction, helps in understanding the
system, reduces running time requirements, and reduces the effect of dimen-
sionality. In this paper, the Hybrid Correlation- and Ranking-based (HCR) and
ReliefF filter feature elimination algorithms are presented as a wrapper method,
which uses the Naive Bayes as the learning algorithm. To boost parsimony, the
algorithms are combined with the Penalized Maximum Probability of Correct De-
cision – a model selection criterion – to develop a Hybrid Feature Selection and
Pattern Recognition framework aimed at rare quality event detection. A flexible
approach that can be widely applied to various machine learning algorithms.

Keywords Quality control · Manufacturing systems · Feature elimination algo-
rithm · Model selection criterion · Unbalanced binary data · Defect detection

1 Introduction

We are living in a world that is highly influenced by the rise of big data. The
information explosion that companies are facing with ever-increasing amounts
of data highlights the importance of information extraction techniques. When
analyzing large volumes of data, data mining, machine learning and pattern
recognition techniques are used for data-driven knowledge discovery (e.g., model
discovery), pattern recognition (e.g., classification) and/or to display hidden pat-
terns in the data. In these big data-driven techniques, a feature (e.g., variable)
is an individual measurable property of a phenomenon being observed [1]; the
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prediction ability of a learning algorithm is mainly determined by the inherent 
class information available in the features included in the analysis [2]. And gen-
eralization refers to the prediction ability of a learning algorithm-based model 
on unseen data.

Theoretical analysis and empirical evidence show that irrelevant and redun-
dant features are not helpful in solving pattern recognition problems: (1) they 
may have negative effect on the classification performance because of the mu-
tual effect between the features; (2) they may significantly increase computa-
tional time; and (3) it is more difficult to extract high-level knowledge from the 
analysis [3–5].

Dependence can be described as any statistical relationship between two 
random variables. Correlation refers to a broad class of statistical relationships 
involving dependence. The most common measure of linear dependence is the 
Pearson product-moment correlation coefficient[6].

In this context, a feature may be considered good if its inherent class in-
formation is relevant to one of the class labels, but is not redundant to other 
good features. If the correlation of two variables is used as a goodness measure, 
a good feature should be highly correlated to one of the class labels, but not 
highly correlated to any other features – redundant [5, 7]. On the other hand, a 
feature may be considered irrelevant if the information that it contains is inde-
pendent from the class label. In the Feature Selection (FS) domain, the selection 
of relevant features and elimination of irrelevant and redundant ones is one of 
the main challenges [8].

1.1 Big Data in Manufacturing

Manufacturing companies are intense users of big data, this industry generates 
and stores more data than any other [9]. Learning algorithms e.g, support vector 
machine, logistic regression, decision trees to name a few, are applied for quality 
monitoring and process control [10]. Classification of quality is one of the most 
important applications, where relevant quality characteristics of the process or 
product are observed and related to an ordinal or binary output aimed at de-
tecting defects [11]. Big data initiatives have the potential to solve a whole range 
of hitherto intractable manufacturing problems [12].

When a new manufacturing process is initially deployed, it often occurs that 
engineers do not fully understand the physics of the process and the huge amount 
of information is used to create tens, hundreds or even thousands of features, 
which frequently include relevant, irrelevant and redundant ones. This may cause 
serious problems to many learning algorithms with respect to the scalability and 
learning performance [5]. Because most mature manufacturing organizations gen-
erate only a few defects per million of opportunities, another common challenge 
when analyzing manufacturing-derived data sets is their highly unbalanced data 
structure. The feature explosion combined with high conformance production 
rates are two of the most important challenges of big data initiatives in manu-
facturing.
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Table 1: Acronyms Table
Acronym Definition

FN False Negatives
FP False Positives
FS Feature Selection
HCR Hybrid Correlation- and Ranking-based
HFSPR Hybrid Feature Selection and Pattern Recognition
MPCD Maximum Probability of Correct Decision
MS Model Selection
NB Naive Bayes
PMPCD Penalized Maximum Probability of Correct Decision
SUFL Sorted and Uncorrelated Feature List
TN True Negatives
TP True Positives

In contrast with other industries, where prediction is the main goal, in manu-
facturing, model interpretation – from a physics perspective – is very important.
Since the extracted information of the cases yielding high quality can be used by
engineers to plan and to design randomized experiments to find optimal levels
of process/product parameters. This problem representation highlights the im-
portance of finding a few good empirical-data-derived features to approximate
the patterns of manufacturing systems (parsimony [13]).

Parsimonious modeling aimed at detecting rare quality events is the main
driver of this research. Parsimony is induced through FS and Model Selection
(MS).

The Hybrid Correlation- and Ranking-based [14], is a filter FS algorithm
aimed at eliminating redundant features, where the Pearson’s correlation coef-
ficient is used as a measure of redundancy. The basic idea of the algorithm is
to keep the best feature – highest ranked – from a set of two or more highly
correlated variables and eliminate the rest. It uses the ReliefF algorithm to rank
the features according to their discriminative capacity.

In this paper, HCR and ReliefF algorithms are presented as a wrapper
method. Due to the strong assumption of independence of variables, the Naive
Bayes (NB) is used as the learning algorithm. To boost parsimony, the algo-
rithms are combined with the Penalized Maximum Probability of Correct De-
cision (PMPCD) – a model selection criterion [15] – to develop a Hybrid Fea-
ture Selection and Pattern Recognition (HFSPR) framework; aimed at analyzing
highly unbalanced data structures.

This paper is organized as follows: it starts with a review of the theoretical
background in section 2. Section 3 describes the HFSPR framework, followed
by a binary classification empirical study in section 4. Finally, conclusions and
opportunities for future research are included in section 5.
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Table 2: Variables Table
Variable Description

α type I error
β type II error
δ high-correlation threshold
F list of features in descending order
FC feature correlation matrix
k number of nearest neighbors
K number of features in the candidate model
m number of sampled instances
n number of features
rxy Pearson correlation coefficient
τ feature relevance threshold
x̄ mean of variable x
xi data point i of variable x
x, y correlated variables
ȳ mean of variable y
yi data point i of variable y

2 Theoretical Background

2.1 Feature Selection Methods

Feature selection can be defined as the process of choosing a subset of good
features, and eliminating irrelevant and redundant ones from the original feature
set. From a given data set, evaluating all possible combinations (2n) becomes an
NP-hard problem as the number of features grows [16]. The FS methods broadly
fall into two classes: filters and wrappers [17].

Filter methods select variables independently of the classification algorithm
or its error criteria, they assign weights to features individually and rank them
based on their relevance to the class labels. A feature is considered good and
thus selected if its associated weight is greater than the user-specified thresh-
old [5]. The advantages of feature ranking algorithms are that they do not over-fit
the data and are computationally faster than wrappers, and hence they can be
efficiently applied to big data sets containing many features [7].

Wrappers, use the learning algorithm as a black-box to evaluate the relative
performance of a feature subset [18, 19]. In this procedure, a set of candidate
features are input to the learning algorithm, and the prediction performance
is used as the objective function to evaluate the feature subset. Although the
wrapper methods can become computationally intensive, they perform better
than filters due to the bias induction by the algorithm [17]. However, the classifier
may learn the training data too well (i.e., become over-fitted), but exhibit poor
generalization ability. To avoid this situation, a holdout set can be used to track
the classifier’s accuracy on unseen data.

Recently, hybrid approaches have been proposed by [3] to take advantage of
the particular characteristics of each method. These approaches mainly focus on
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combining filter algorithms with either wrappers or regularization to solve the
scalability problem and to achieve the best possible learning performance with
a particular algorithm. The basic idea is to break down the FS problem into
several stages, namely feature ranking, correlation-based feature elimination,
and prediction optimization.

2.2 Relief and ReliefF

The basic idea of Relief is to estimate the quality of features according to how
well their values distinguish between instances that are near to each other [20].
Its advantages are that it is not dependent on heuristics, it runs in low-order
polynomial time, and it can be applied to nominal or numerical features. How-
ever, Relief does not eliminate redundant features, cannot deal with incomplete
data and is limited to two-class problems.

ReliefF is an extension of the Relief algorithm, it was improved by Kononenko
to generalize to multiclass problems. In addition, the improved algorithm (Reli-
efF ) is more robust to incomplete and noisy data sets [21]. ReliefF searches for
a k of its nearest neighbors from the same class, called nearest hits, and also a
k nearest neighbors from each of the different classes, called nearest misses, this
procedure is repeated m times, which is the number of randomly selected in-
stances. Thus, features are weighted and ranked by the average of the distances
(Manhattan distance) of all hits and all misses [22] to select the most important
features [20], developing a significance threshold τ . Features with an estimated
weight below τ are considered irrelevant and therefore eliminated. The proposed
limits for τ are 0 < τ ≤ 1/

√
αm [22]; where α is the probability of accepting an

irrelevant feature as relevant.

2.3 Correlation-Based Redundancy Measure

The Pearson product-moment correlation coefficient (or Pearson correlation co-
efficient) is used as a measure of redundancy between two random variables [6].
The Pearson correlation coefficient (rxy), is a measure of strength of linear rela-
tionship between two variables (x, y), and it can take a range of values from +1
to -1, eq. (1). A value of 0 indicates that there is no linear relationship between
the two variables, while an absolute value of 1 (or close to 1) indicates strong
linear relationship, and therefore considered highly redundant.

rxy =

∑
i(xi − x̄)(yi − ȳ)√∑

i(xi − x̄)2
√∑

i(yi − ȳ)2
(1)

2.4 Naive Bayes

Naive Bayes is a probabilistic algorithm based on Bayes theorem of conditional
probabilities. The basic classification process consists on determining a score
based on the training data values. In a simple binary classification problem, a
high score is associated with one class and a small score is related to the other
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class. The result is compared with a threshold to determine the final class [23]. 
NB is fast calculating the needed probabilities as it only performs one scan to the 
data [24]. NB has a strong independence of variables assumption [25]. Another 
assumption of NB is that numerical values have always a normal distribution. 
NB is easy to develop [23] and its classification process is easy to understand 
as well. It also offers computational time savings for training as it only needs a 
small amount of data; it is also fast classifying and requires minor storage space 
in both previous tasks . Besides, it is not affected by missing values as it omits 
them. In this sense, NB is suitable for working with high amount of data [23]. 
NB cannot remove irrelevant features and its performance is highly dependent 
on the feature selection procedure used. Finally, this algorithm is very affected 
by irrelevant features [24].

2.5 Maximum Probability of Correct Decision

In predictive analytics, a confusion matrix [26] is a table with two rows and 
two columns that reports the number of False Positives (FP), False Negatives 
(FN), True Positives (TP), and True Negatives (TN). This allows more detailed 
analysis than just the proportion of correct guesses since it is sensitive to the 
recognition rate by class. A type-I error (α) may be compared with a FP predic-
tion; a type-II (β) error may be compared with a false FN [6]. They are defined 
as:

α =
FP

FP + TN
, β =

FN

FN + TP
. (2)

The MPCD is a probabilistic-based measure of classification performance.
It is more sensitive to the recognition rate by class than just the proportion of
correct guesses. The α, and beta β errors are combined to estimate MPCD :

MPCD = (1− α)(1− β) (3)

where higher score (0 ≤MPCD≤ 1) indicates better classification performance.

2.6 Penalized Maximum Probability of Correct Decision

It is a MS criterion for binary classifiers in highly unbalanced data structures
(i.e., 0.1-3% of defects) [15]. This criterion solves the posed tradeoff between
model complexity (e.g., number of features) and prediction ability.

PMPCD = (1− α)(1− β)− ln(K)/34.55 (4)

where K is the number of features, and the model with the highest estimated
value on the validation set [27–29] is the preferred one.

The term (1 − α)(1 − β) rewards the prediction capacity, while the penalty
function ln(K)/34.55 induces parsimony by decreasing the PMPCD value based
on the extra features. Since the natural logarithm is a monotonically increasing
function, the penalty values follow the same pattern, with no penalty imposed
for a single-feature model.
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2.7 Hybrid Correlation and Ranking-based Algorithm

The HCR algorithm [14] eliminates redundant features based on Pearson’s cor-
relation coefficients and the ReliefF algorithm ranking. The basic idea is to keep
the best feature – highest rank – from a set of two or more highly correlated
variables and eliminate the rest in that group.

3 Hybrid Feature Selection and Pattern Recognition

Parsimonious modeling is induced through feature selection and model selection,
Fig. 1. Since most manufacturing systems are time-dependent, cross-validation
methods are not encouraged. Instead, time-ordered hold-out method seems to
be more appropriate. The data set should be splitted into training, validation
and testing sets (e.g., 50%, 25%, 25% respectively) [28]. And the search space
defined by many candidate pairwise combinations – based on different values of
k for ReliefF and δ for HCR. The values of k can be determined by generating
a logarithmically spaced vector [30] – p logarithmically spaced points between
decades 10a and 10b, where X = sum(bad) in the training set, a = 0 and
b = log10(X).

1. Feature selection
The primary purpose of this stage, is to find a small subset of features with
high prediction capacity. Since the optimal combination – with respect to
prediction – of k and δ is not known in advance, a hyperparameter [31] opti-
mization is performed through a grid search [32, 33]. Using the training set,
irrelevant and redundant features are eliminated by applying ReliefF and
HCR algorithms. First, features are ranked based on ReliefF and irrelevant
features are eliminated based on τ – feature relevance (significance) thresh-
old. From the selected features, high correlations are eliminated based on δ.
These two steps are performed in a filter-type approach, where the learning
algorithm is not considered. The outcome of this step, is a subset of relevant
features with no high correlations.
A candidate model is developed with the subset of features at each pairwise
combination, and the predictive fitness of each model is evaluated to find
the incumbent (best so far) model – highest validation MPCD. The features
in the incumbent model are selected and their associated ReliefF ranking
recorded.

2. Model selection
Although a good feature subset has been obtained in the previous step,
their individual relevance in the model is not known in advance. To evaluate
their prediction-contribution, a set of n candidate models are developed –
where n is the number of selected features – using the top 1 feature in the
first candidate model, and the top 2 features in the second one, and so on.
Finally, the PMPCD of each candidate model is estimated and used as a MS
criterion to induce parsimony – solve the tradeoff between model complexity
and prediction ability. The final model is the one with the highest PMPCD
score.

227



3. Generalization evaluation
To obtain an unbiased estimation (or closest to) of the generalization ability
of the final model, the prediction on testing set (unseen data) should be
reported in a confusion matrix [26] .
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Fig. 1: HFSPR framework.

4 Case Study – Ultrasonic Metal Welding

To validate the practical and theoretical advantages of the HFSPR approach
a manufacturing-derived data set is analyzed. Due to the strong independence
of variables assumption, the NB learning algorithm is used in this analysis,
however, the proposal can be virtually applied to any binary classifier. The data
used for this analysis is derived from the Ultrasonic Metal Welding of battery
tabs for the Chevrolet Volt [11], an extended range electric vehicle. A very stable
process, that only generates a few defective welds per million of opportunities.

4.1 Hybrid Feature Selection and Pattern Recognition

The collected data set contains a binary outcome (good/bad) with 54 features.
The data set is highly unbalanced since it contains only 35 bad batteries out
of 30,731 examples. To run the analysis, the data set is partitioned following a
time-ordered hold-out validation scheme: training set (18,495, including 20 bad),
validation set (12,236 - 8 bad), testing set (9,500 - 7 bad).
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1. Feature selection

The search space contains 35 pairwise combinations; for ReliefF, 7 logarith-
mically spaced points are defined – k = {1, 2, 3, 4, 7, 12, 20} – and for δ, 10
even spaced points – δ = {0.50, 0.55, ..., 0.95}. At each iteration, feature rele-
vance is determined by comparing their weights with τ = 0.0329 – calculated
with an α of 0.05, and m of 18,495. Prediction results and number of features
of each candidate model are shown in Fig. 2.
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Fig. 2: Candidate model information (denoted by line intersections).

According to the grid search results, the incumbent model has an esti-
mated validation MPCD = 0.8728, Fig. 2(a), and 13 features, Fig. 2(b).
This model was developed with the following relevant hyperparameters –
k = 2, τ = 0.0329, δ = 0.50. All candidate models failed to detect one of the
defective items, therefore, the β = 0.125 in all models. And they are basically
competing over the α error. As displayed by the plots, as the number of low
quality features included in the model increases, the α error increases too.
The proposed hyperparameter optimization allowed to find a good subset of
features.

2. Model selection

To induce parsimony, 13 candidate models are create, and PMPCD is used
as a model selection criterion to find the final model. The basic idea is to
evaluate the individual prediction-contribution of each of the 13 selected
features, Fig. 3 shows the selected features and their associated ranking.
Candidate model 1 contains top 1 feature (25), candidate model 2 contains
the top 2 features (25,5) and so on.

According to the model selection criterion, Candidate model 2 should be se-
lected, with an estimated PMPCD = 0.8501, Fig. 4. This analysis, discloses
that only two features are needed to approximate the pattern in the manu-
facturing system, since the prediction improvement is not significant if more
features are added to the final model.
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3. Generalization evaluation
The testing set is used to estimate the generalization ability of the final
model, recognition rates are summarized in the confusion matrix, Table 3.
This model includes only two features (25,5), and it correctly detected the
seven defective items with only five FPs – MPCD = 0.9995. It is clear that
the system can be explained by only these two features.

Table 3: Confusion Matrix
Declare good Declare bad

good 9488 5
bad 0 7

4.2 Solution Evaluation and Discussion

Although the feature combination is subject to combinatorial explosion, 1.80144E+16
number of combinations in this case study, the HFSPR approach only required
48 models to find a solution. To evaluate its relative quality, an exhaustive search
(due to computational feasibility) is performed with all the possible combina-
tions – up to two features – and compared with the final model. Since no model
selection is performed, the training set is used to develop the models and the test-
ing set to evaluate their generalization ability: (1) 54 (54C1) one-feature models,
Fig. 5(a); and (2) 1431 (54C2) two-feature models, Fig. 5(b).

Based on exhaustive search, no single-feature model has better generalization
ability. Whereas six two-feature models outperformed the final model, Table 4
summarize their relevant information. However, evaluating all possible combina-
tions to find an optimal solution rapidly becomes unfeasible as the feature space
grows.

The optimal solution could be defined as the model with the least number
of features and the highest prediction ability. For example, in this case study,
if there is no other model with an estimated MPCD > 0.9998, the optimal
solutions would be model indexes 1032 and 1035, Table 4. However, since the
number of combinations is huge, a model with more features may have greater
MPCD. In this context, oftentimes due to the tradeoff between model complexity
and prediction ability, there is no straight forward optimal solution. Instead, this
tradeoff should be solved.

Although the HFSPR did not find the optimal solution, it did promptly find
a good quality solution – a model that efficiently addresses the posed tradeoff.
Fig. 5 show the relative location of the solution – final model.

5 Conclusions and Future Work

In manufacturing domain, traditional quality initiatives have merged to create
a more coherent approach, therefore most mature organizations generate only
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Fig. 5: MPCD exhaustive search in the one-feature and two-feature
spaces.

Table 4: Top models (*HFSPR solution)
Model index Features MPCD FN

1032 26,33 0.9998 2
1035 26,36 0.9998 2
413 9,26 0.9997 3
1042 26,43 0.9997 3
1044 26,45 0.9997 3
1045 26,46 0.9996 4
Final 5,25 0.9995 5*
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a few defects per million of opportunities. As shown in this paper, machine
learning, pattern recognition and data mining techniques have the potential to
detect these very few defects, and therefore move quality standards forward.
However, several intellectual challenges have to be addressed to explode the full
potential of big data initiatives.

A Hybrid Feature Selection and Pattern Recognition approach aimed at de-
tecting rare quality events was developed. Although it does not guarantee to find
the optimal solution (if exists), it does promptly find a good quality solution.

Although the proposed approach was inspired by the challenges that man-
ufacturing companies are facing in detecting rare quality events – (1) feature
explosion; and (2) high conformance production rates – it can be generalized
to other domains, where the main challenge is to detect rare events through a
parsimonious model.

In this paper, hyperparameter optimization was performed through a grid
search. Future research along this path, can focus on developing an algorithm to
improve the hyperparameter optimization process.

233



Bibliography

[1] C. Bishop, Pattern Recognition and Machine Learning. springer, 2006.

[2] P. Bradley and O. Mangasarian, “Feature Selection via Concave Minimiza-
tion and Support Vector Machines,” in ICML, vol. 98, 1998, pp. 82–90.

[3] F. Wang, Y. Yang, X. Lv, J. Xu, and L. Li, “Feature Selection using Feature
Ranking, Correlation Analysis and Chaotic Binary Particle Swarm Opti-
mization,” in 5th Int Conf on Software Eng and Service Science, 2014, pp.
305–309.

[4] C. Shao, K. Paynabar, T. Kim, J. Jin, S. Hu, J. Spicer, H. Wang, and
J. Abell, “Feature Selection for Manufacturing Process Monitoring using
Cross-Validation,” J. of Manufacturing Systems, vol. 10, 2013.

[5] L. Yu and H. Liu, “Feature Selection for High-Dimensional Data: A Fast
Correlation-based Filter Solution,” in ICML, vol. 3, 2003, pp. 856–863.

[6] J. Devore, Probability and Statistics for Engineering and the Sciences. Cen-
gage Learning, 2015.

[7] M. Hall, “Correlation-based Feature Selection of Discrete and Numeric Class
Machine Learning,” in Proc of the 17th Int Conf on Machine Learning.
University of Waikato, 2000, pp. 359–366.

[8] S. Wu, Y. Hu, W. Wang, X. Feng, and W. Shu, “Application of Global
Optimization Methods for Feature Selection and Machine learning,” Math-
ematical Problems in Eng, 2013.

[9] M. Baily and J. Manyka, “Is Manufacturing’Cool’Again,” McKinsey Global
Institute, 2013.
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Abstract. The model presented in current paper designed for dynamic classify-
ing of real time cases received in a stream of big sensing data. The model com-
prises multiple remote autonomous sensing systems; each generates a classifica-
tion scheme comprising a plurality of parameters.  The classification engine of 
each sensing system is based on small data buffers, which include a limited set 
of "representative" cases for each class (case-buffers). Upon receiving a new 
case, the sensing system determines whether it may be classified into an exist-
ing class or it should evoke a change in the classification scheme. Based on a 
threshold of segmentation error parameter, one or more case-buffers are dynam-
ically regrouped into a new composition of buffers, according to a criterion of 
segmentation quality. 

Keywords: Dynamic Classifier, Dynamic Rules, Big Data, Sensing Data, 
Memory Buffers, Clustering; Classification. 

1 Introduction 

Sensors are located in environments that change dynamically and are required not 
only to detect the values of all parameters measured, but also to assess the situation 
and alert accordingly, based on predefined rules managed by a "Classifier-engine". 
Since the environments are dynamically changed and there may be new situations that 
were not known in advance, which are reflected in new combinations of parameter 
values, there is a need for a dynamic updating of the sensor's classifier. 

One exemplary application for such dynamic classification unit (DCU) is a screen-
ing gate including biometric sensors that screen travelers entering a high security area 
such as an airport. The sensors may be configured to test multiple parameters of a 
traveler, such as heart rate, heart pressure, perspiration, etc. The classification system 
may be set to measure two classes of travelers, the bulk of travelers who have "nor-
mal" parameters and should pass the biometric screening without interference, and 
those who should be checked by security personnel.  Upon receiving a new case, the 
sensing system determines whether it may be classified into one of the existing clas-
ses, or it should evoke a change in the classification scheme. Thus, over the course of 
a day, environmental conditions may change; ranges of values that haven’t been ob-
served before may appear causing dynamic changes-updates in sensor's classifier. 
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Changes in the sensor's classifier (i.e. classification scheme) are triggered based on 
a threshold of segmentation error parameter. The sensor's classifier is based on small 
data buffers and collects remembers a limited set of "representative" cases for each 
class (case-buffers). As a result of the trigger's appeal, one or more case-buffers are 
dynamically regrouped into a new composition of buffers, according to segmentation 
quality criteria. 

The novelty of this real-time mechanism lies in the fact that the entire process is 
based on the use of limited memory buffers. In addition, each DCU, which is a remote 
autonomous sensing system, can communicate with multiple additional remote auton-
omous sensing systems.  In such situations, the case buffers, as well as the case histo-
ry, can be synchronized and managed via a central controller. Furthermore, in a dis-
tributed environment, regardless the existence of a central controller, the contents of 
the case buffers and the classifier scheme of each DCU can be synchronized between 
the multiple remote autonomous agents (sensing-systems). Synchronization may be 
performed after each regrouping process.  That is to say that each incremental updat-
ing at any local DCU may initiate synchronization among all connected autonomous 
agents. 

2 Related work 

In the reality of the dynamic data environment, when a huge amount of raw data 
and information flows ceaselessly, the main purpose of individuals and organizations 
is discovering the optimal way to find a hidden potential in it, through the constant 
cooperation of human intelligence and machine capabilities. The techniques and mod-
els that successfully functioned in stable data environment are outdated and need to be 
corrected to deal with dynamic data environment. "Databases are growing in size to a 
stage where traditional techniques for analysis and visualization of the data are break-
ing down" [1], [2]. Because of the constant increase in data volume, interpreting of 
similarities of different sub-populations becomes the new dimension of data mining 
goal.  The data usually flows from different sources and has to be handled and pro-
cessed simultaneously [3].The development of new and advanced techniques in data 
mining in dynamic data environment covers more and more fields, for instance, com-
puter sciences, medicine [4], security systems [5] and social networks [6], [7]. And it 
is not just an application of existing algorithmic tools in these fields, but the inclusion 
of elements and logic and even tools, that were created purposefully for them.  

As a result of the constant need to get real-time solutions, the research is naturally 
directed into a new field – incremental data processing. The motivation is to maxim-
ize the quality of solutions through minimizing the process cost [8], [9], [10]. The 
algorithmic tools have to be adjusted to dynamic data environment and be capable to 
absorb significant amounts of data, possibly to handle with the Big Data environment. 
The main idea of incremental techniques is to use small segments of data and not the 
whole historical data [11], [12], [13].  

One of the commonly used directions in data mining is classification process, in 
which the objects are classified into homogeneous groups, with a maximal diversity 
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between groups and minimal within groups. The proximity of an object to group cen-
troid is usually measured by similarity measures, such as RMSE (root mean square 
error), used in the current paper [14]. The classification tasks are usually divided into 
two main types: if the target attribute is previously known, the process is called "clas-
sification", and if the target attribute is not known, it is called "clustering" [15], [2], 
[16], [10]. In the case of clustering problems, the interpretation of achieved clusters is 
one of the main challenges. For example, if a higher education consultant has to rec-
ommend the future student what is the best faculty for him, he will probably pick the 
faculty name from the existing list in the university. On the other hand, if the security 
system bank controller needs to identify the type of a new financial fraud trend, he 
needs to be very open-minded and be able to classify the action undertaken by a 
fraudster to an absolutely different type and give it an appropriate description. In 
some cases, there is a need to create a set of groups/classes based on 
items/customers/actions that are needed to be classified without any information 
about the target attribute. Different kinds of classification/clustering tasks in dynamic 
data environment in combination of existing and new techniques became the basis for 
extensive research [17], [18], [19].  

The current research presents a dynamic classifier based on incremental dynamic 
clustering process. It permits the use of small data buffers that represent existing 
groups. This approach is significantly different from other approaches and methods, 
considered in the literature.  

The dynamic classifier, proposed in the current paper, functions as a sensor. It 
works as a screening gate that distinguishes between "regular" items that are close 
enough to at least on of existing groups and alerts when the relatively "different" item 
occurs. The model permits not just an alert in such situation, but the action required to 
classify the item. Lots of studies combine different sensors in decision making pro-
cesses [20], [21], [22], [23].  

3 Model architecture 

Figure 1 presents a schematic architecture of the proposed system, showing one DCU 
connected to a central controller as well as to other remote autonomous sensors-
agents. 
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Fig. 1. Schematic architecture of the system. 

The real-time data flows through the "Sensor" (Fig.1, first component) to the 
"Classifier-engine".  The "Classier-engine" performs a decision process based on a 
classification scheme, as described in the flow diagram in Figure 2. The "Gate" com-
ponent represents the output, or, in other words, the decision regarding the classifica-
tion of object. Based on a threshold of segmentation error parameter and segmentation 
quality criteria, the DCU incrementally updates the population of the relevant "Case-
buffers".  The mechanism that manages the population (i.e. cases) stored in each buff-
er can use diverse policies, such as FIFO policy (First-In First-Out), or a selection 
policy that may store extreme-farthest cases of each group ("outliers" that are still 
classified to that group). 

The term "Sensor" represents the "funnel" through which the data stream flows. 
Thus, a sensor can be a physical object, as well as a logical handshake through which 
the data flows into the system. The flow chart, illustrated in Figure 2, presents the 
real-time decision-making process for each new sensing data element (i.e. each new 
case). Table 1 presents the notations used in the flowchart, illustrated in Figure 2. 

The mechanism presented in Figure 2 works as follows: The new item Xi 
passes through the sensor, the distance measure between the new item and the cen-
troids of existing groups are calculated and the minimal value e is registered. The 
threshold level δ, the maximal buffer size Zmax and the rest of parameters have to be 
determined at this point of time. If the minimal distance e is less than a threshold, no 
rearrangement needed and a new case Xi joins the closest group (completion). If e 
exceeds the threshold level, the number of items in the buffer is checked. If there are 
not enough cases (the number of cases is less than Zmin), the new case creates an 
absolutely new group. If there are enough cases in the buffer, the new case removes 
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the oldest case and a new distribution is created (by splitting or merging of the exist-
ing groups).  

Fig. 2. A flow diagram of a process for real-time data classification based on dynamic updating 
of sensor's classifiers. 

New case 
The closest group 
Minimal distance measure RMSE between a new case and existing 
groups centroids 
Threshold that determines the decision of update 
New group 
Number of cases in the buffer 
Minimal number of cases in buffer that justifies the update of the buffer 
The buffer size – maximal number of cases stored in the buffer 

Table 1. Notations 

The version control is managed by sequential numbering approach, such as used in 
WBS notation. 
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4 Model validation 

Since the model deals with a stream of real-time data, which is a continuous flow 
of new cases, the validation was based on datasets of classification problems. The 
model is implemented by the code developed in Python and combines the k-means 
algorithm package [24].  The following datasets were used: (1) "ERA" dataset, donat-
ed by Prof. Ben-David [25]. This data set was originally gathered during the academic 
decision-making experiment. Input attributes are candidates' characteristics (such as 
past experience, verbal skills etc.), output attribute is a subjective judgement of a 
decision-maker to which degree he/she tends to accept the applicant to the job or to 
reject him. All the input and output attributes have ordinal values. The data set con-
tains 1000 instances, four input attributes and one output attribute. (2) "Car Evalua-
tion" dataset that was retrieved from the UCI Machine Learning Repository [26], [27], 
[28]. Input attributes are cars properties and an output attribute is a class value (unac-
ceptable, acceptable, good and very good). The data set contains 1728 instances.  

4.1 Optimal situation as a baseline 

The theoretical optima in such case is the situation in which the algorithm runs across 
the entire dataset. Thus, based on the results obtained by the clustering k-means algo-
rithm, while analyzing all the records in the dataset, we can find the best set of rules, 
and the required total number of rules, that achieve the best classification accuracy.   

4.2 The initial stage 

According to widely used methodology in machine learning, each dataset was di-
vided into training set (with about two thirds of data) and test set (with about one third 
of data). The training set provides the initial groups and the test set simulates a new 
data stream. Worth mention that the initial stage is mainly used to shorten the "reset-
cycle" of the decision-making process. In cases where there is no urgency, the system 
can stat with no decision rule at all, and with totally empty "Case-buffers". 

4.3 The "Dynamic-Flow" stage 

The test set was used in an unsupervised mode (while hiding the target-labeled field). 
The records flowed through the "Sensor" to the "Classifier-engine" without any in-
formation regarding the right classification-filtering. 

• The "Classifier-engine" and the "Incremental-updater" used the flow diagram
mechanism described in Fig. 2.

• The delta symbol (), in Fig.2, represents Root-mean-square error (RMSE) that
was used as a threshold.

• The parameters in each experiment were set as follows:
ERA data-set: three threshold levels: 2, 2.25, 2.5; initial number of groups:10;
buffer size: 25; training set = 600, test set=400.
Car evaluation data-set: three threshold levels: 0.8, 0.9, 1; initial number of
groups: 15; buffer size: 25; training set=1400, test set=328.
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In accordance with the schematic architecture of the system (illustrated in Fig.1), a 
case is either directly classified, or initiates an incremental reevaluation (supported by 
the "Incremental-updater" component) till the threshold is satisfied, then the "Case-
buffers" and the "Classifier-engine" are dynamically updated. 

5 Results and discussion 

As shown in Figures 3,4 and in Table 2, we can see that although the learning 
mechanism uses only small data increments, it succeeds to perform good and con-
sistent results. Figures 3,4 represent the dynamics of group set updating for different 
threshold levels. The process converges in both data sets for all sensitivity levels.   

Fig. 3. Rules Convergence using k-means with "ERA" Dataset. 

Fig. 4. Rules Convergence using k-means with "Car evaluation" Dataset. 
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We can see that in all three threshold values a reach a convergence of the classifi-
cation process.  In order to trace the dependence of aggregate rate of total number of 
groups on the sensitivity level, we chose three threshold levels for each data set. We 
can see that the convergence is faster as the threshold refers to lower accuracy value, 
but even at a high accuracy threshold, a relatively rapid convergence was achieved. 
The application of this result is very practical: on one hand, the dynamic data envi-
ronment dictates us to act in real time, that is why we use small increments of data to 
be able to classify objects immediately; on the other hand, we need to provide good 
classification results and identify new trends or significant changes in data distribu-
tion. The convergence of classification process shows the ability of the proposed 
model to catch the critical moments when an update is needed, without too much 
computational effort. The updated groups set becomes more and more representative, 
that is why the periods of time between every two updates lengthens.  

Table 2 presents the numerical results of all experiments in two data sets. The dis-
tance measure RMSE was calculated for each classified item (in most cases the dis-
tance between the item and at least one of the existing groups is less than a threshold 
level, so the item is joins the existing group; sometimes the threshold is achieved and 
the update is needed). The average and standard deviation of all minimal RMSE val-
ues are calculated for each experiment. The total number of groups in the end of each 
experiment is presented in addition. As sensitivity of a threshold level decreases 
(higher values of δ), the average distance measure grows. This result is expected: if a 
threshold level is relatively high, less items are defined as "far" or "non-similar" and 
more items succeed to join existing groups. Their minimal RMSE value is weighted 
into the calculation of average RMSE and we get bigger result. The same effect usual-
ly happens in standard deviation.  

Data set Average RMSE for 
classified instances 

Std.dev. Number 
of Clusters 

ERA 
Initial number of 
Clusters = 10 

2 0.9048 0.6349 23
2.25 1.1967 0.6677 19
2.5 1.4455 0.5842 14

Cars evaluation 
Initial number of 
Clusters = 15 

0.8 0.6 0.1133 35
0.9 0.6871 0.1184 27
1 0.7433 0.1199 17

Table 2. The dynamic incremental updating of group set, according to threshold 
level. 

In the conclusion of the above facts, we can see that the proposed incremental dy-
namic mechanism succeeds to achieve good results, that can be adopted in industry or 
in academical research as well.  
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6 Conclusions 

Dynamic incremental classifier presented in this paper is designed to improve the 
classification process in state of dynamic data environment. The constant changes in 
data characteristics and preferences require from the mechanism immediate solutions. 
In addition to this obligatory condition, the process has to be economic. There is no 
dispute that the most qualitative solution will be obtained through the update of whole 
relevant data, but it is not possible in dynamic data environment. We assume that it is 
not possible to revise all previous data, so we choose to demonstrate the incremental 
mechanism that functions using small data buffers.  

Experiments with different data sets showed that the loss of quality in classification 
results is not significant and the mechanism succeeds to identify the important chang-
es in data stream and converges during the process.  

The further research is planned in different possible directions: dealing with a big 
data sets that simulate big data environment; new trend and outlier detection; text data 
processing etc.  

Acknowledgment:  This work was supported in part by a grant from the MAGNET 
program of the Israeli Innovation Authority; who also submitted this work as a patent 
application. 
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Abstract. In modern time of flowing data where more data accumulate
every minute than we can store or make sense of, a fast approach for ana-
lyzing incremental or dynamic database has a lot of significance. In a lot
of instance, the data are sequential and the ordering of events has inter-
esting meaning itself. Algorithms have been developed to mine sequential
patterns efficiently from dynamic databases. However, in real life not all
events bear the same urgency or importance, and by treating them as
equally important the algorithms will be prone to leaving out rare but
high impact events. Our proposed algorithm solves this problem by tak-
ing both the weight and frequency of patterns and the dynamic nature of
the databases into account. It mines weighted sequential patterns from
dynamic databases in efficient manner. Extensive experimental analysis
is conducted to evaluate the performance of the proposed algorithm using
large datasets. This algorithm is found to outperform previous method
for mining weighted sequential patterns when the database is dynamic.

Keywords: Dynamic databases, Weighted sequential pattern, weighted
support, Incremental mining

1 Introduction

Data Mining is the analysis of data, usually in large volumes, for uncovering
useful relationships between events or items that make up the data. Frequent
pattern mining is an important data mining problem with extensive application;
here patterns are mined which occur frequently in a database. Another impor-
tant domain of data mining is sequential pattern mining where the ordering of
items in a sequence is important. Unless weights (value or cost) are assigned
to individual items, they are usually treated as equally valuable. However, that
is not the case in most real life scenarios. When the weight of items is taken
into account in a sequential database, it is known as weighted sequential pattern
mining.

As technology and memory devices improve at an exponential rate, their
usage grows along too, allowing for the storage of databases to occur at an even
higher rate. This calls for the need of incremental mining for dynamic databases
whose data are being continuously added. Most organizations that generate and
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collect data on a daily basis have unlimited growth. When a database update
occurs, mining patterns from scratch is costly with respect to time and memory.
It is clearly unfeasible. Several approaches have been adopted to mine sequential
patterns in incremental database that avoids mining from scratch. This way,
considering the dynamic nature of the database, patterns are mined efficiently.
However, the weights of the items are not considered in those approaches.

Consider the scenario of a supermarket that sells a range of products. Each
item is assigned a weight value according to the profit it generates per unit. In the
classic style of market basket analysis, if we have 5 items { “milk”, “perfume”,
“gold”, “detergent”, “pen” } from the data of the store, the sale of each unit of
gold is likely to generate a much higher profit than the sales of other items. Gold
will therefore bear a high weight. In a practical scenario, the frequency of sale of
gold is also going to be much less than other lower weight everyday items such
as milk or detergent. If a frequent pattern mining approach only considers the
frequency without taking into account the weight, it will miss out on important
events which will not be realistic or useful. By taking weight into account we
are also able to prune out many low weight items that may appear a few times
but are not significant, thus decreasing the overall mining time and memory
requirement.

Existing algorithms for mining weighted sequential patterns or mining se-
quential patterns in incremental database give compelling results in their own
domain, but have the following drawbacks: existing sequential pattern mining
algorithms in incremental database do not consider weights of patterns, though
low-occurrence patterns with high-weight are often interesting, hence they are
missed out if uniform weight is assigned. Weighted sequential patterns are mined
from scratch every time the database is appended, which is not feasible for any
repository that grows incrementally. These motivated us to overcome these prob-
lems and provide a solution that gives better result compared to state-of-the-art
approaches. In our approach we have developed an algorithm to mine weighted
sequential patterns in an incremental database that will benefit a wide range of
applications, from Market Transaction and Web Log Analysis to Bioinformatics,
Clinical and Network applications.

With this work we have addressed an important sub-domain of frequent pat-
tern mining where several categories such as sequential, weighted and incremen-
tal mining collide. Our contributions are: 1) the construction of an algorithm,
WIncSpan, that is capable of mining weighted sequential patterns in a dynamic
databases continuously over time. 2) Thorough testing on real life datasets to
prove the competence of the algorithm for practical use. 3) Marked improvement
in results of the proposed method when compared to existing algorithm.

The paper is organized as follows: section 2 talks about the preliminary con-
cepts and discusses some of the state-of-the-art mining techniques which directly
influence this study. In section 3, the proposed algorithm is developed and an
example is worked out. Comparison of results of the proposed algorithm with
existing algorithm is given in section 4. And finally, the summary is provided as
conclusions in section 5.
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2 Preliminary Concepts and Related Work

Let us expand our discussion to better understand the concepts that lie at the
heart of mining frequent patterns of different types. Let I be the set of all items
I1,I2,...,In. A set of transactions is considered as a transaction database where
each transaction is a subset of I. Sequence database is a set of sequences where
every sequence is a set of events < e1 e2 e3 ... el >. The order in which events or
elements occur is important. Here, event e1 occurs before event e2, which occurs
before e3 and so on. Each event ei ⊆ I. In table 1, a sequence database is given
along with one increment, where in first sequence, there are 2 events: (ab) and
(e). For brevity, the brackets are omitted if an event has only one item. Here,
(ab) occurs before (e). Given a set of sequences and a user-specified min sup
threshold, sequential pattern mining is regarded as finding all frequent subse-
quences whose support count is no less than min sup. If α = < (ab)b > and β =
< (abc)(be)(de)c >, where a,b,c,d, and e are items, then α is a subsequence of β.

Many algorithms, such as GSP[1] and SPADE[2], mine frequent sequential
patterns. GSP uses Apriori based approach of candidate generate and test.
SPADE uses the same approach as GSP but it maps a sequence database into
vertical data format unlike GSP. They also obey the antimonotone or downward-
closure property that if a sequence does not fulfill the minimum support require-
ment then none of its super-sequences will be able to fulfill it as well. FreeSpan[3]
takes motivation from FP-Growth Tree and mines sequential patterns. SPAM[12]
mines sequential patterns using a bitmap representation. PrefixSpan[4] maintains
the antimonotone property and uses a prefix-projected pattern growth method to
recursively project corresponding postfix subsequences into projected databases.

As technology and memory devices improve at an exponential rate, their
usage grows along too, allowing for the storage of databases to occur at an
even higher rate. This calls for the need of incremental mining for dynamic
databases whose data is being continuously added, such as in shopping trans-
actions, weather sequences and medical records. The naive solution for mining
patterns in dynamic database is to mine the updated database from scratch, but
this will be inefficient since the newly appended portion of the database is often
much smaller than the whole database. To produce frequent sequential patterns
from dynamic database in an efficient way, several algorithms [14,15,16] were
proposed. One of the algorithms for mining sequential patterns from dynamic
databases is IncSpan[5]. Here, along with frequent sequences, semi-frequent se-
quences are also saved to be worked on when new increment is added. For buffer-
ing semi-frequent sequences along with frequent sequences, a buffer ratio is used.
In our approach, we will use this concept for buffering weighted semi-frequent
sequences for further use.

Considering the importance or weights of items, several approaches such as
WSpan[6], WIP[7], WSM[8] etc have been proposed for mining weighted frequent
patterns. WSpan mines weighted frequent sequential patterns. Using the weight
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constraint for mining weighted sequential patterns WSpan[6] uses the prefix pro-
jected sequential pattern growth approach. According to WSpan, the weight of a
sequence is defined as the average weight of all its items from all the events. For
example, using the weight table provided in Table 2, we can calculate the weight
of the sequential pattern P = < abc > as W(P)=(0.41+0.48+0.94)/3=0.61.

There exists many work in the field of weighted sequential pattern mining
and in the field of incremental mining separately. But there has been no complete
work in the field of mining weighted sequential patterns in incremental database.
A work[9] has attempted to mine weighted sequential patterns in incremental
database, but no complete details and comparative performance analysis were
provided there. We are proposing a new algorithm WIncSpan which provides a
complete work of how weighted sequential patterns can be generated from dy-
namic database and providing detailed experimental results of its performance.

3 The Proposed Approach

In previous section we discussed the preliminary concepts and existing methods
of mining frequent sequential patterns separately in weighted and incremental
domains. In this chapter we merge those concepts to propose a new method
for weighted sequential pattern mining in incremental databases. A sequence
database is given in Table 1. Here, from sequences 10 through 50 represent the
initial database D and sequences 60 through 80 represent ∆db which is the new
appended part of the whole database D′. The corresponding weights of the items
of D′ is given in Table 2.

Table 1. Appended Database D′

Sequence ID Sequences

D

10 < (ab)e >
20 < ab >
30 < a(dc)e >
40 < (ab)d >
50 < b(dc)e >

∆db
60 < (ab)d >
70 < a(dc)(ab) >
80 < a(ab)e >

Table 2. Weight Table for Items in D

Item Weight

a 0.41
b 0.48
c 0.94
d 0.31
e 0.10

Definition 1 (Minimum Weighted Support: minw sup). As we know,
for a given minimum support percentage, the min sup value is calculated as:
min sup = number of transactions in database * minimum support percentage.
We are considering the weight of the items as well, we derive a minimum weighted
support threshold minw sup:
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minw sup = min sup * avgW

Here, avgW is the average weight value. This is the average of the total weight or
profit that has contributed to the database upto that point. In initial database
of D′, item a occurs 4 times in total, similarly b occurs 4, c occurs 2, d occurs 3
and e occurs 3 times in total. The avgW is calculated as: avgW = (4 * 0.41)+(4
* 0.48)+(2 * 0.94)+(3 * 0.31)+(3 * 0.10)/16=0.4169. In initial database D, the
minw sup for minimum support 60% is therefore calculated as: minw sup = 3 *
0.4169 = 1.25 (as min sup=5 * 60%=3).

Definition 2 (Possible Frequent Sequences). The possible set of frequent
sequences is generated to list sequences or patterns in a database that have a
chance to grow into patterns that could be frequent later. For a sequence to be
possibly frequent, the following condition must be fulfilled:

support * maxW > minw sup

The notation maxW denotes the weight of the item in the database that has
maximum weight. In our example, it would be 0.94 for the item < c >. This value
is multiplied with the support of the pattern instead of taking the actual weight
of the pattern. This is to make sure the anti-monotone property is maintained,
since in an incremental database a heavy weighted item may appear later on in
the same sequence with less weighted items, thereby lifting the overall support of
the pattern. By taking the maximum weight, an early consideration is made to
allow growth of patterns later on during prefix projection. The set thus contains
all the frequent items, as well as some infrequent items that may grow into
frequent patterns later, or be pruned out.

Complete Set of Possible Frequent Sequences First, the possible length-1
items are mined. For item < a > in D, supporta * maxW = 4 * 0.94 = 3.76
> minw sup. The item < a > satisfies the possible frequent sequence condition.
Items < b >, < c >, < d > and < e > are found to satisfy the condition as well
and therefore are added to the set of possible frequent length-1 sequences.

Possible Frequent length-1 Sequences: {< a >,< b >,< c >,< d >,< e >}

Next, the projected database for each frequent length-1 sequence is pro-
duced using the frequent length-1 sequence as prefix. The projected databases
are mined recursively by identifying the local weighted frequent items at each
layer, till there are no more projections. In this way the set of possible frequent
sequences is grown, which now includes the sequential patterns grown from the
length-1 sequences. At each step of the projection, the items picked will have to
satisfy the minimum weighted support condition. For example, for item < a >,
the projected database contains these sequences: < ( b)e >, < b >, < (dc)e >,
< ( b)d >. And the possible sequential patterns mined from these sequences are:
< a >,< ab >,< (ab) >,< ac >,< ad >,< ae >. In the similar way, possible
sequential patterns are also mined from the projected databases with prefixes
< b >,< c >,< d > and < e >.
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Definition 3 (Weighted Frequent and Semi-Frequent Sequences). For
static database, at this moment, only the weighted frequent sequences will be
saved and others will be pruned out. Considering the dynamic nature of the
database, along with weighted frequent sequences, we will keep the weighted
semi-frequent sequences too. From the set of possible frequent sequences, set of
Frequent Sequences(FS) and Semi-Frequent Sequences(SFS) can be constructed
as follows:

Condition for FS: support(P) * weight(P) > minw sup
Condition for SFS: support(P) * weight(P) > minw sup∗µ

Here, P is a possible frequent sequence and µ is a buffer ratio. If the support
of P multiplied by its actual weight satisfies the minimum weighted support
minw sup then it goes to the FS list. If not, the support of P times its actual
weight is compared with a fraction of minw sup which is derived from multiply-
ing minw sup by a buffer ratio µ. If satisfied, the sequence is listed in SFS as a
semi-frequent sequence. Otherwise, it is pruned out.

For example, the single length sequence < a > has weighted support 4 * 0.41
= 1.64. Since 1.64 is greater than the minw sup value 1.25, < a > is added to FS.
Considering the value of µ as 60%, minw sup*µ=1.25*60%=0.75. Here, < bd >
has support count of 2 and weight of (0.48+0.31)/2 = 0.395. Its weighted support
2 * 0.395 = 0.79 is greater than 0.75, so it goes to SFS list. For initial sequence
database D, mined frequent sequences are: < a >,< b >,< c >,< (dc) > and
semi-frequent sequences are: < (ab) >,< bd >,< d >. Other sequences from
possible set of frequent sequences are pruned out as infrequent. Interestingly, we
see that < d > is a semi-frequent pattern but when we consider it in an event
with highly weighted item < c >, < (dc) > becomes a frequent pattern. This
is possible in our approach as a result of considering the weight of sequential
patterns.

Dynamic Trie Maintenance An extended trie is constructed from FS and
SFS patterns from D which is illustrated in Figure 1. The concept of the ex-
tended trie is taken from the work [5]. Each node in the trie will be extended
from its parent node as either s-extension or i-extension. If the node is added
as different event, then it is s-extension, if it is added in the same event as its
parent then it is i-extension. For example, while adding the pattern < (ab) >
to the trie, we first go to the branch labeled with < a >, increment its support
count by the support count of < (ab) >, then add a new branch to it labeled
with < b > as i-extension. The solid lines represent the FS patterns and the
dashed lines represent the SFS patterns. Each path from root to non-root node
represents a pattern along with its support.

When new increments are added, rather than scanning the whole database
to check the new support count of a pattern, the dynamic trie becomes handy.
This trie will be used dynamically to update the support count of patterns when
new increments will be added to the database. Traversing the trie to get the new
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support count of a pattern is performed a lot faster than scanning the whole
database.

Increment to Database At this point, if an update to the database is made,
which is a common nature of most real-life datasets, it is not convenient to run
the procedure from scratch. How the appended part of the database will be
handled, how new frequent sequences will be generated using the FS and SFS
lists, how the dynamic trie will be helpful -all are explained below.

The Proposed Algorithm Here, the basic steps of the proposed WIncSpan
algorithm is illustrated to mine weighted sequential patterns in an incremental
database. Further, an incremental scenario is provided to better comprehend the
process.

Snapshot of the Proposed Algorithm The necessary steps for mining weighted
sequential frequent patterns in an incremental database are:

1. In the beginning, the initial database is scanned to form the set of possible
frequent patterns.

2. The weighted support of each pattern is compared with the minimum weighted
support threshold minw sup to pick out the actual frequent patterns, which
are stored in a frequent sequential set FS.

3. If not satisfied, the weighted support of the pattern is checked against a
percentage(buffer ratio) of the minw sup to form the set of semi-frequent set
SFS. Other patterns are pruned out as infrequent.

4. An extended dynamic trie is constructed using the patterns from FS and
SFS along with their support count.

5. For each increment in the database, the support counts of patterns from the
trie are updated.

6. Then the new weighted support of each pattern in FS and SFS is again
compared with the new minw sup and then compared with the percentage
of minw sup to check whether it goes to new frequent set FS′ or to new
semi-frequent set SFS′, or it may also become infrequent.

7. FS′ and SFS′ will serve as FS and SFS for next increment.
8. At any instance, to get the weighted frequent sequential patterns till that

point, the procedure will output the set FS.

An Incremental Example Scenario When an increment to database D oc-
curs, it creates a larger database D′ as shown in Table 1. Here, three new trans-
actions have been added which is denoted as ∆db.

The minw sup will get changed due to the changed value of min sup and
avgW. Taking 60% as the minimum supprt threshold as before, new absolute
value of min sup=8 * 60%=5 and the new avgW is calculated as 0.422. So, the
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new minw sup value is now: 5 * 0.422 = 2.11. The sequences in ∆db are scanned
to check for occurrence of the patterns from FS and SFS, and the support count
is updated in the trie. When the support count of patterns in the trie is updated,
their weighted support are compared with the new minw sup and minw sup * µ
to check if they become frequent or semi-frequent or even infrequent.

After the database update, the newly mined frequent sequences and semi-
frequent sequences are listed in 3. Patterns not shown in the table are pruned out
as infrequent. Although < (ab) > was a semi-frequent pattern in D, it became
frequent in D′. On the other hand, the frequent pattern < (dc) > only appears
once in ∆db, but it became semi-frequent now. Another pattern, < bd >, which
was semi-frequent in D only increases one time in support in D′. So, < bd >
falls under the category of infrequent patterns.

Table 3. Weighted Frequent and Semi-Frequent Sequences in D′

Frequent Sequences Semi-Frequent Sequences

< a >,< b >,< c >,<
(ab) >

< (dc) >,< d >

After taking the patterns from ∆db into account, the updated FS′ and SFS′

trie that emerges is illustrated in Figure 2.

Fig. 1. The Sequential Pattern Trie
of FS and SFS in D

Fig. 2. The Updated Sequential
Pattern Trie of FS′ and SFS′ in
D′

3.1 The Pseudo-code

To get the weighted sequential patterns from the given database which are dy-
namic in nature, we will use the proposed WIncSpan algorithm. A sequence
database D, the minimum weighted support threshold minw sup and the buffer
ratio µ are given as input to the algorithm. Algorithm WIncSpan will generate
the set of weighted frequent sequential patterns at any instance. The pseudo-code
is given in Algorithm 1.
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Algorithm 1 WIncSpan: Weighted Sequential Pattern Mining in Dynamic
Database
Input: A sequence database D, the minimum weighted support threshold minw sup,
and the buffer ratio µ
Output: The set of weighted frequent sequential patterns FS.

Method:
Begin

1. Let WSP be the set of Possible Weighted Frequent Sequential Patterns, FS be the
set of Frequent Patterns and SFS be the set of Semi-Frequent Patterns.
Now,
WSP←− {}, FS←− {}, SFS←− {}

2. WSP = Call the modified WSpan(WSP, D, minw sup)
3. for each pattern P in WSP do
4. if sup(P)) * weight(P) > minw sup then
5. insert (FS, P)
6. else if sup(P) * weight(P) > minw sup * µ then
7. insert (SFS, P)
8. end if
9. end for

10. for each new increment ∆db in D do
11. FS, SFS = Call WIncSpan(FS, SFS, ∆db, minw sup, µ)
12. output FS
13. end for

End

Procedure: WIncSpan(FS, SFS, ∆db, minw sup, µ)
Parameters: FS : Frequent Sequences upto now; SFS : Semi-Frequent Sequences
upto now; ∆db: incremented portion of D ; minw sup: minimum weighted support
threshold; µ: buffer ratio.

1. Let FS′ and SFS′ be the set of new frequent and semi-frequent patterns respec-
tively.

2. Initialize FS′ ←− {}, SFS′ ←− {}
3. for each pattern P in FS or SFS do
4. check ∆sup(P)
5. sup(P) = supD(P)+∆sup(P)
6. if sup(P) * weight(P) > minw sup then
7. insert(FS′, P)
8. else if sup(P) * weight(P) > minw sup * µ then
9. insert (SFS′, P)

10. end if
11. end for
12. return FS′, SFS′

At any instance, we can check the FS list to get the weighted frequent se-
quential patterns till that point.
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4 Performance Evaluation

In this section, we present the overall performance of our proposed algorithm
WIncSpan over several datasets. The performance of our algorithm WIncSpan
is compared with WSpan[6]. Various real-life datasets such as SIGN, BIBLE,
Kosarak etc were used in our experiment. These datasets were in spmf[10] for-
mat. Some datasets were collected directly from their site, some were collected
from the site Frequent Itemset Mining Dataset repository[11] and then converted
to spmf format. Both of the implementations of WIncSpan and WSpan were
performed in Windows environment (Windows 10), on a core-i5 intel processor
which operates at 3.2GHz with 8 GB of memory.

Using real values of weights of items might be cumbersome in calculations.
We used normalized values instead. To produce normalized weights, normal dis-
tribution is used with a suitable mean deviation and standard deviation. Thus
the actual weights are adjusted to fit the common scale. In real life, items with
high weights or costs appear less in number. So do the items with very low
weights. On the other hand items with medium range of weights appear the
most in number. To keep this realistic nature of items, we are using normal
distribution for weight generation.

Here, we are providing the experimental results of the WIncSpan algorithm
under various performance metrics. Except for the scalability test, for other
performance metrics, we have taken an initial dataset to apply WIncSpan and
WSpan, then we have added increments in the dataset in two consecutive phases.
To calculate the overall performance of both of the algorithms, we measured their
performances in three phases.

Performance Analysis w.r.t Runtime We measured the runtime of WInc-
Span and WSpan in three phases. The graphical representations of runtime with
varying min sup threshold for BMS2, BIBLE and Kosarak datasets are shown
in Figure 3, 4 and 5 respectively. Like sparse dataset as Kosarak, the runtime
performance was also observed on dense dataset as SIGN. Figure 6 shows the
graphical representation.

Fig. 3. Runtime for Varying
min sup in BMS2 Dataset.

Fig. 4. Runtime for Varying
min sup in BIBLE Dataset.
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Table 4. Runtime Performance of WSpan and WIncSpan with Varying min sup in
Kosarak Dataset

min sup
(in %)

Runtime in initial
database

Runtime after 1st

increment
Runtime after 2nd

increment
Runtime Total
(in seconds)

WSpan WIncSpan WSpan WIncSpan WSpan WIncSpan WSpan WIncSpan

0.22% 81.3 81.3 66.8 1.66 65.5 1.53 213.6 84.49

0.26% 22.8 22.8 38.4 1.56 51.1 0.82 108.3 25.18

0.3% 14.5 14.5 20.3 0.75 26.8 0.63 61.6 15.88

0.34% 4.63 4.63 8.12 0.56 15.1 0.48 27.85 5.67

0.38% 2.11 2.11 3.11 0.48 5.11 0.54 10.33 3.13

In the figures, we can see that time required to run WIncSpan is less than
the time required to run WSpan. And their differences in time becomes larger
when the minimum support threshold is lowered. To understand how the runtime
calculation is done more clearly, Table 4 shows the runtime in each phase for
both WIncSpan and WSpan in Kosarak dataset. The total runtime is calculated
which is used in the graph. It is clear that WIncSpan outperforms WSpan with
respect to runtime. With the dynamic increment to the dataset, it is desirable
that we generate patterns as fast as we can. WIncSpan fulfills this desire, and it
runs a magnitude faster than WSpan.

Fig. 5. Runtime for Varying
min sup in Kosarak Dataset.

Fig. 6. Runtime for Varying
min sup in SIGN Dataset.

Performance Analysis w.r.t Number of Patterns The comparative per-
formance analysis of WIncSpan and WSpan with respect to number of patterns
for Kosarak and SIGN datasets are given in Figure 7 and Figure 8 respectively.
In these graphs, we can see that the number of patterns generated by WSpan
is more than the number of patterns generated by WIncSpan. As the minimum
threshold is lowered, this difference gets bigger. However, the advantage of WInc-
Span over WSpan is that it can generate these patterns way faster than WSpan
as we saw in the previous section.
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Fig. 7. Number of Patterns for
Varying min sup in Kosarak
Dataset.

Fig. 8. Number of Patterns for
Varying min sup in SIGN Dataset.

Performance Analysis with Varying Buffer Ratio The lower the buffer
ratio is, the higher the buffer size, which can accommodate more semi-frequent
patterns. We have measured the number of patterns by varying the buffer ratio.
The graphical representation of the results in BIBLE dataset is shown in Figure
9. Here, we can see that by increasing the buffer ratio the number of patterns tend
to decrease. Because smaller number of semi-frequent patterns are generated
and they can contribute less to frequent patterns in the next phase. We can
also see that the number of patterns generated by WSpan is constant for several
buffer ratio because WSpan does not buffer semi-frequent patterns, it generates
patterns from scratch in every step.

Performance Analysis w.r.t Memory Figure 10 shows memory consump-
tion by both WIncSpan and WSpan with varying min sup in Kosarak dataset.
For every dataset, it showed that memory consumed by WIncSpan is lower than
memory consumed by WSpan. This is because WIncSpan scans the new ap-
pended part of the database and works on the dynamic trie. Whereas WSpan
creates projected database for each pattern and generates new patterns from it.
This requires a lot more memory compared with WIncSpan.

Fig. 9. Number of Patterns for
Varying Buffer Ratio (µ) in BIBLE
Dataset.

Fig. 10. Memory Usage for Varying
min sup in Kosarak Dataset.

258



Mining Weighted Sequential Patterns in Dynamic Databases

Performance Analysis with Varying Standard Deviation To generate
weights for items, we have used normal distribution with a fixed mean deviation
of 0.5 and varying standard deviation(0.15 in most of the cases). For varying
standard deviation the number of items versus weight ranges curves are shown
in figure 11. The range (mean deviation ± standard deviation) holds the most
amount of items which is the characteristic of real-life items. In real life, items
with medium values occur frequently whereas items with higher or too lower
values occur infrequently.

Fig. 11. Weight Values by Nor-
mal Distribution with Different
Standard Deviations in Kosarak
dataset.

Fig. 12. Runtime Evaluation with
Different Standard Deviations in
Kosarak Dataset.

Figure 12 and 13 show performance of WIncSpan and WSpan with respect to
runtime and number of patterns respectively with different standard deviations.
WIncSpan outperforms WSpan in case of runtime. The number of patterns in
each case does not differ a lot from each other. So, it is clear that WIncSpan can
work better than WSpan with varying weight ranges too.

Scalability Test To test whether WIncSpan is scalable or not, we have run
it on different datasets with several increments. Figure 14 shows the scalabil-
ity performance analysis of WIncSpan and WSpan in Kosarak dataset when
the minimum support threshold is 0.3%. After running on an initial set of the
database, five consecutive increments were added and the runtime performance
was measured in each step.

Here, we can see that both WSpan and WIncSpan take same amount of time
in initial set of database. As the database grows dynamically, WSpan takes more
time than WIncSpan. WIncSpan tends to consume less time from second incre-
ment as it uses the dynamic trie and new appended part of the database only.
From second increment to the last increment, consumed time by WIncSpan does
not vary that much form each other. So, we can see that WIncSpan is scalable
along with its runtime and memory efficiency.
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Fig. 13. Number of Patterns for
varying Standard Deviations in
Kosarak Dataset.

Fig. 14. Scalability Test in Kosarak
Dataset (min sup=0.3%)

The above discussion implies that WIncSpan can be applied in real life ap-
plication where the database tends to grow dynamically and the values(weights)
of the items are important. WIncSpan outperforms WSpan in all the cases. In
case of number of patterns, WIncSpan may provide less amount of patterns than
WSpan, but this behaviour can be acceptable considering the remarkable less
amount of time it consumes. In real life, items with lower and higher values are
not equally important. So, WIncSpan can be applied in place of IncSpan also
where the value of the item is important.

5 Conclusions

A new algorithm WIncSpan, for mining weighted sequential patterns in large
incremental databases, is proposed in this study. It overcomes the limitations of
previously existing algorithms. By buffering semi-frequent sequences and main-
taining dynamic trie, our approach works efficiently in mining when the database
grows dynamically. The actual benefits of the proposed approach is found in its
experimental results, where the WIncSpan algorithm has been found to outper-
form WSpan. It is found to be more time and memory efficient.

This work will be highly applicable in mining weighted sequential patterns in
databases where constantly new updates are available, and where the individual
items can be attributed with weight values to distinguish between them. Areas
of application therefore includes mining Market Transactions, Weather Forecast,
improving Health-Care and Health Insurance and many others. It can also be
used in Fraud Detection by assigning high weight values to previously found
fraud patterns.

The work presented here can be extended to include more research problems
to be solved for efficient solutions. Incremental mining can be done on closed
sequential patterns with weights. It can also be extended for mining sliding
window based weighted sequential patterns over datastreams[13].
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Detection of IP Gangs: Strategically Organized Bots 

Tianyue Zhao    Xiaofeng Qiu 

Abstract. Botnets, groups of malware-infected computers (bots) that perform cy-

bersecurity attacks on the Internet, pose one of the most serious cybersecurity 

threats to many industries, including smart infrastructure [10,11], Internet based 

companies, [12] and Internet of Things (IoT) [9]. There are many unconventional 

methods of organizing bots that are potentially advantageous to attackers. “Bot-

net”, as a technical term, cannot effectively describe these methods. With vast 

amounts of Internet traffic data collected by security appliances, it is possible to 

reveal novel behavior of bots using data analysis algorithms. In this paper, we 

propose a concept called IP Gang to describe groups of bots from the perspective 

of the attacker’s business – we define IP Gangs to be groups of bots that often 

perform attacks together during a period of time. Crucially, we developed a fast, 

high-compatibility detection algorithm that can be deployed in wide-scale, indus-

trial applications to effectively defend against IP Gangs. The detection algorithm 

is inspired by single-linkage clustering, and is optimized for large amounts of 

data. A test on a month (1.5GB) of real life DDoS log data detected 21 IP Gangs, 

with 13916 bots in total. To analyze the behavior of the Gangs, we visualized the 

activity of each Gang with diagrams named “attack fingerprints”, and confirmed 

that 15 of the detected Gangs displayed behavior that the concept of “botnet” 

alone cannot explain. 

Keywords: IP Gang, botnet, cybersecurity, big data 

1 Introduction 

Botnets, groups of malware-infected computers (bots) that perform cybersecurity at-

tacks on the Internet, pose one of the most serious cybersecurity threats to many indus-

tries. Smart infrastructure such as power grids have been hacked to deny hundreds of 

thousands of people basic services [10,11]. Internet-based industries have been hit with 

massive Distributed Denial of Service (DDoS) attacks that can render large websites 

inoperative for entire hours [12]. Internet of Things (IoT) devices such as webcams are 

regularly hijacked to form bots [9], disabling them in their original purpose and severely 

disrupting IoT industry operations. With vast amounts of Internet traffic data collected 

by security appliances, it is possible to reveal novel behavior of bots using data analysis 

algorithms. Many aspects of botnets have been researched quite thoroughly [1,2,3], 

such as detection of botnets and communication patterns between bots and com-

mand/control (C&C) servers, but these are all technical studies, while few researches 

consider the perspective of the thriving botnet industry, which conducts cybersecurity 

attacks as a service. 
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The botnet industry seeks a high volume of DDoS attacks botnets can perform at any 

given time, low cost, and resistance to detection algorithms. These goals can be better 

achieved by organizing his bots with unconventional methods, such as flexible organi-

zation. 

Here are several scenarios that demonstrate the advantages of flexibly organizing 

bots from the point of view of the botnet industry: 1) Bots can be controlled as multiple 

small botnets with distinct technical properties – such as separate C&C servers and 

different C&C protocols – to evade detection. Many detection algorithms classify large 

groups of confirmed bots with identical technical properties as a botnet, so these small 

botnets with distinct properties are much harder to completely detect, and therefore 

have much better survivability. One way of implementing this is through the “super-

botnet” structure proposed and analyzed by Vogt, et al [3]. 2) An attacker can utilize 

deceitful, advanced attack strategies, which are much more costly and time-consuming 

to defend against. Botnets could take separate roles in a composite attack strategy. A 

known composite strategy is the usage of DDoS attacks as smokescreens [5][6] to draw 

defenders’ attention and cover up other attacks. 3) Bots in places where it is night may 

be turned off. Making bots in places where it is day attack together allows for maximum 

guaranteed attack volume. 

We recognize that the term botnet is not enough to describe the organization of bots. 

The definition of botnets is from a technical perspective, yet these advantageous sce-

narios of organizing bots can be achieved in many ways: by creating a network of small 

botnets each with its own C&C server, by dividing a large botnet into separately man-

aged portions, and more. Therefore, the concept “botnet” is ill-suited at describing these 

new methods. 

This necessitates a new, broad, industry-oriented concept that describes these ways 

of organizing bots. We propose the concept of IP Gang to meet this demand. 

Analyzing IP Gangs allows for smarter, strategic defences. Analysis from the per-

spective of the cyber-crime industry allows defenders to study, truly understand, and 

most importantly strategically defend against the behaviors of the attackers. For exam-

ple, attackers have threatened to launch attacks unless a bribe is paid [8], and the de-

fender can better decide to pay or not thanks to the additional knowledge on the IP 

Gang. In another situation, if some bots belonging to an IP Gang starts attacking, it 

would save precious time to immediately quarantine other bots of the IP Gang. 

In this paper, we proved the existence of IP Gangs in real life Internet traffic, and 

developed a fast, high-compatibility detection algorithm that can be deployed in wide-

scale, industrial applications to effectively defend against IP Gangs. 

For compatibility, we only use the start time, source IP address, and target IP address 

describing events in easily-obtainable Internet event log data, which widely deployed 

network security appliances generally output. Other parameters describing the events 

(such as bytes per packet) are optional, and may help with accuracy if present. 

The algorithm is based on the principle of single-linkage clustering [7], but with an 

additional “packaging” step that reduces the number of nodes to be clustered to increase 

speed. The detection algorithm outputs each detected IP Gang as a list of IP addresses. 

The complexity of the algorithm is O(n2) with a small constant, where n is the number 

of events in the data. Our test on one month’s events from a DDoS attack log detected 
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21 IP gangs, and showed that our algorithm is fast enough to be used to detect and help 

defend against IP Gangs on a large scale. 

The rest of this paper is structured as follows. Section 2 presents previous works on 

botnet structure and botnet detection with Internet traffic. In section 3, the formal defi-

nition of IP Gang is introduced and its relationship to botnets is analyzed. The principle 

and algorithm used to detect IP Gangs are detailed in section IV. Next, the test results 

on real data are presented. We conclude by discussing future work. 

2 Related work 

Botnet structures that may provide advantages similar to those of IP Gang’s have been 

studied. Most notably, Vogt, et al.[3] proposed the “super-botnet”, a network of small, 

centralized botnets that can perform coordinated attacks, and provided detailed tech-

nical analysis of super-botnets. Individual botnets in a super-botnet can be detected, but 

it is very hard to detect the entire super-botnet. This additional resilience allows attack-

ers to accumulate enough bots to perform very large-scale attacks. However, Vogt, et 

al. did not provide experimentation on real life data. The concept of super-botnet is 

possibly related to the concept of IP Gang, but is still fundamentally different - it is still 

a technical definition, while the definition of IP Gang is business-oriented. 

There had been a lot of researches on the detection of botnets based on Internet traf-

fic. Gu, et al.[1] was one of the first to propose and test on real life traffic data a clus-

tering-based botnet detection model, which provides a variety of advantages over pre-

vious models that detect botnets by scanning for Command and Control (C&C) traffic 

between bots and the attacker. Gu, et al. provided experimentation on real life data and 

analysis of the results. 

3 Definition of IP Gang 

As discussed in Section I, the concept of IP Gangs and botnets are not comparable. IP 

Gangs and botnets consider the business and technical perspectives of groups of bots 

respectively. The former is concerned with how the attacker organizes his bots to his 

advantage, while the latter is instead mainly concerned with how the bots communicate 

with each other and with the controller. 

Definition: 

An IP Gang is a group of malware-infected computers(bots) that are controlled by 

the same attacker and often perform attacks together - launch attacks directed at the 

same target within a short period of time t. 

A botnet is a group of bots that are organized by a certain network architecture and 

controlled by the same C&C (Command and Control) protocol by a logically central-

ized C&C server. Usually, the bots in a botnet have the same behavior from a technical 

point of view. 

264



There is, however, a significant difference in property between the two: by defini-

tion, all the bots in a botnet always receive the same command, while bots in an IP 

Gang are not subject to such constraint. 

IP Gang reveals business level spatial and temporal features of organized bots, 

which could be in a same botnet or belongs to different botnets (Fig 1). IP Gangs can 

be intentionally formed by attackers, or unintentionally formed due to logistic condi-

tions, such as when bots of a botnet in the same time zone often attack together. 

Fig. 1. IP Gang and Botnet 

4 IP Gang Detection Algorithm 

4.1 Overview 

The target of the algorithm is to cluster the IP addresses of bots based on security 

event log data to detect IP Gangs - groups of bots that often launch attacks together. 

We designed the detecting method to meet the following challenges: 

1) Speed: the method must be fast enough to be deployed on networks which produce

large volumes of log data. 

2) Use as little information as possible: to ensure compatibility, the method must use

only the most basic attack event information found in virtually all event logs: start time, 

source IP address, and destination IP address. 

At the core of the detecting algorithm is a clustering algorithm inspired by single-

linkage clustering. Clustering algorithms are inherently time-intensive, and ours yields 

a complexity of O(N2), where N is the number of nodes to be clustered. Subsequently, 

reducing the number of nodes is crucial to the speed of the detection algorithm, and we 

add a packaging step before the clustering step to accomplish this. The algorithm con-

sists of three steps, as illustrated in Fig 2. 

1) Packaging: Events reported by security devices are grouped into Organized At-

tack Events (OAEs). 

2) Clustering: OAEs are clustered using a method inspired by single-linkage clus-

tering with each finished cluster, named OAE cluster, representing a Gang. 

3) Analyzing:  OAE clusters are analyzed to find Gangs of IP addresses. This can

also be seen as a “de-packaging” step, extracting IP addresses from OAE clusters. 

Each step of our procedure is analyzed in greater detail in the rest of this section, and 

the performance of the procedure when ran on real life data is discussed in the experi-

mentation section. 

IP Gang

Botnet1 Botnet2
Botnet

IP Gang1

IP Gang2

Botnet1 Botnet2

IP Gang

265



Fig. 2. Procedure of IP Gang detection algorithm 

4.2 Packaging: Constructing Organized Attack Events (OAEs) from original 

data 

To decrease the number of nodes that need to be clustered in the clustering stage, we 

designed a way of packaging individual events with the same target IP address and 

starting in a time interval t into entities called Organized Attack Events(OAEs), which 

will be nodes in the clustering step. 

The definition of an OAE is:  

Given A as a subset of attack event, a.IP as the set of all of the source IP address in 

A. A is an OAE, iff

 The set A.IP contains the IP addresses of all the bots that launched this set of Or-

ganized Attack Events(OAE).  

The optimal value of time t varies between log data types. 

Generally, attackers will utilize a large number of bots in each organized attack for 

maximum effectiveness. P2P Zeus, for example, has information of 50 peers in its hard 

code[4]. Here we use this property to keep organized attacks – which are of use to us – 

Events from original data:
Start time
Source IP-IP that performed the event
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and discard unorganized, individual attacks by filtering out OAEs with less than 

min_size events in them. 

The pseudocode for the packaging process is: 

At the start, the set of current OAE, cur_OAE, is initialized to contain only the first 

event. Afterwards, if the event being processed starts within t of cur_OAE, and has the 

same target IP address, it is added to cur_OAE. cur_OAE is added to the list of OAEs 

if the number of events it contains exceeds min_size. Otherwise, it is discarded and re-

initialized. 

This step has linear time complexity, and therefore is insignificant in terms of 

runtime. However, by using OAEs, instead of individual events in the clustering step, 

we decreased the number of nodes to be clustered by a very large factor, without sacri-

ficing accuracy. 

4.3 Clustering: clustering OAEs to form OAE clusters 

The OAEs formed in the packaging step are then clustered to form OAE clusters. 

Given A1,A2 are two OAEs, A1.IP as the set of all of the source IP address in A1, A1 and 

A2 must be put in the same cluster if: 

In (2), s measures the normalized similarity of bots in two OAEs. Two OAEs with 

similarity larger than combining.threshold should be put in the same OAE cluster. 

The clustering algorithm is inspired by single-linkage clustering, but is different in 

a key way. Single linkage clustering merges the two most similar clusters in each merge 

step, and stops performing merge steps when a reasonable total number of clusters have 

been reached. In contrast, we perform all possible merges of OAE clusters satisfying 

equation (2). In words, the clustering algorithm merges pairs of clusters that contain 
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OAEs with a similarity score higher than the combining threshold but not yet in the 

same cluster. We proceed until no such pair exists. 

The clustering algorithm is performed with a disjoint set data structure. For each 

OAE, the clustering algorithm computes the similarity scores between this OAE and all 

other OAEs. If the similarity score of two OAEs is higher than the combining threshold 

and the two OAEs are not yet in the same OAE cluster, the OAE clusters of the two 

OAEs are merged with a union operation. 

The pseudo code is as follows: 

In short, the clustering step puts OAEs that are performed by bots of the same gang 

into the same OAE cluster. This is achieved through computing the percentage of par-

ticipating IP addresses two OAEs have in common, and merging the clusters the two 

OAEs are in if the percentage is higher than a threshold. 

A NOSQL database is integral to our clustering method, as it greatly speeds up our 

method. With a relational database, the query at line 4 is very time-consuming, but 

NOSQL databases can perform this in a near constant time. 

The complexity of this implementation is O(n2), where n is dataset size – the number 

of individual events in the log data. The number of iterations in the for loop in line 1 is 

p, the total amount of OAEs. The for loop in line 3 is independent from data size.  The 

number of iterations in the for loops of lines 14 and 21 are both q, the average number 

of OAEs an IP address contributes to. Therefore, the overall complexity is O(pq). It is 

apparent that p∝n, as the average number of events in each OAE does not change. We 

expect q∝n, though the correlation between the two is less strong. Therefore, pq∝n2, 

and the complexity is O(n2). 
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4.4 Analyzing: identifying gangs by analyzing OAE clusters 

After OAE clusters are formed in the previous step, we analyze the OAE clusters to 

identify gangs of bots, with each bot represented by an IP address. We collect all the IP 

addresses that have participated in an OAE of an OAE cluster, and only retain IP ad-

dresses that have participated in enough OAEs of that cluster.  

In words, for each OAE cluster, we calculate the percentage of OAEs in the cluster 

each IP address contributed to. IP addresses that only contribute to a very small per-

centage of OAEs may be treated as noise, as they are generally not worthy of studying. 

A threshold named validation.threshold is set in section V of this paper and only the IP 

address with a contribution percentage larger than the threshold is retained into a gang. 

5 Experimentation on Real Life Data 

5.1 Overview  

The data we used for experimentation is a DDoS log consisting of individual DDoS 

attack events collected from January 1st, 2016 to January 31st, 2016. The reports of 

DDoS attacks are collected from several dozens of NSFOCUS Network Traffic Ana-

lyzers (NTAs) and Anti-DDoS Systems (ADSs). NTAs and ADSs are deployed at the 

sites of the customers of NSFOCUS, and construct the DDoS log by analyzing netflow, 

an industry standard type of metadata. 

Our algorithm was written in Python, used the Neo4j graph database, and was ran 

on a 2012 Thinkpad X230i laptop with hyper-threading disabled. The clustering step 

took 48 hours with the full 1.5GB of data, and the other steps were insignificant in terms 

of runtime. 

With a validation.threshold of 0.05 and a combining.threshold of 0.6, our algorithm 

detected 17350 OAEs and 21 IP Gangs that has at least 10 OAEs. In total, there are 

13916 valid bots in all these gangs.  

On average, each OAE contained 183 individual events. This means that the pack-

aging step decreased the runtime of the clustering step by a factor of 1832. 

5.2 Discussion of the Parameters 

In the “Packaging” step, the optimal time t in equation (1) for our data is found to be 

1 minute. We observed in our log data that large groups of events that have the same 

target IP address typically have start times within 1 minute of each other. Running the 

packaging step on our data with several different t values confirm t=1 minute as the 

optimal value. We determined the optimal value of min_size in equation (1) to be 50 

with a similar procedure. In fact, we conducted tests with t=1,3,5 minutes and 

min_size=20,30,50, achieving very similar results in each test. We therefore chose t=1 

minute and min_size=50 to maximize accuracy. 

In the “Analyzing” step, the value of validation.threshold greatly influences the final 

output of IP addresses in an IP gang. As shown in Fig.3, different values of valida-

tion.threshold resulted in large variations in the total number of IP addresses in these 
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21 gangs. Validation.threshold provides a mechanism to look into an IP gang in differ-

ent levels of granularity. For example, a larger validation.threshold will only output 

core members of an IP gang so that the defender could monitor the IP gang more effi-

ciently. On the other hand, a smaller threshold will help the defender to get more de-

tailed statistic of an IP gang.  

5.3 Visualization and Discussion 

We developed a type of diagram that visualizes the attack patterns of IP Gangs, 

which we denote the “attack fingerprint”. Each attack fingerprint represents a Gang, 

and each red dot on attack fingerprint represents an individual attack event by a bot of 

the Gang. The ID numbers of OAEs are assigned in time order, so the Y-axis is practi-

cally a relative measure of time. The X-axis is the ID of the bot, so each column of the 

figure represents the temporal behavior of a bot. The fingerprints in Fig 4 (a),(b), and 

(c) have validation.threshold=0.05, while the one in Fig 4 (d) has validation.thresh-

old=0.1.

Fig. 3. Influence of validation.threshold 
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Fig. 4. Fingerprints of gangs 

In 6 of the 21 fingerprints, we see that all the columns have nearly the exact same 

appearance. This tells us that each bot in the gang participated in almost the same OAEs. 

The attack fingerprints in Fig 4 (c) is an example. This kind of fingerprints can be ex-

plained with the conventional concept of botnets, because all the bots are behaving in 

the same way. 

The other 15 fingerprints are difficult to explain with only the concept of botnets, 

because the behavior of bots often differ from each other. As shown in Fig 4 (a) and 

(b), the columns take a small number of distinct but still similar appearances. In certain 

rows, all columns have red dots, but the columns take several distinct patterns in other 

rows. This shows that the bots are not always behaving in the same way. Notably, dif-

 
(a)                                                                              (b) 

 
(c)                                                                                         (d) 
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ferent values of validation.threshold allows for different parts of the Gang to be ana-

lyzed in detail. Fig 4 (d) demonstrates this, as it describes the same Gang as Fig 4 (b), 

but is drawn with validation.threshold=0.1. Clearly, the bots with id between 100 and 

300 are omitted from the graph, while the other parts are preserved. There are several 

plausible explanations for this phenomenon. For example, in Fig 3(a), there may be two 

botnets, one with bots ID <280, and another with bot ID >280. Sometimes they attack 

together as shown by the dense horizontal lines, and sometimes they attack separately 

as shown by the upper part of the fingerprint with OAE ID >12000. Another explana-

tion is that these bots belong to one botnet, but sometimes only part of the botnet are 

able to successfully carry out the attack. 

6 Conclusions and Future Work 

We demonstrate that IP gangs exist on the internet, and are actively being used by 

attacker to perform DDoS attacks. They are detectable using clustering-based algo-

rithms, and can clearly be distinguished from conventional botnets. 

Analyzing the behavior of IP gangs will be highly beneficial. Doing so can make for 

a better understanding of the operation, structure, and performance of IP gangs. A more 

thorough understanding of these is necessary to accurately assess the threat IP gangs 

pose to cybersecurity, and to defend against IP gangs. For defenders, knowing more 

about the behavior of Gangs can allow for smarter, strategic defences against Internet 

attacks. 

References 

1. Guofei, G., Perdisci, R., Zhang, J., Lee, W.: BotMiner: Clustering Analysis of Network

Traffic for Protocol-and Structure-Independent botnet Detection. In: USENIX security sym-

posium. vol. 5, no. 2, pp. 139-154. (2008).

2. Khattak, S., Ramay, N. R., Khan, K. R., Syed, A. A., Khayam, S. A.: A taxonomy of botnet

behavior, detection, and defense. IEEE communications surveys & tutorials 16(2), 898-924

(2014).

3. Vogt, R., Aycock, J., Jacobson, M.: Army of botnets. In: Proceedings of NDSS’07 (2007).

4. Soltani, S., Seno, S. A. H., Nezhadkamali, M., Budiarto, R.: A survey on real world botnets 

and detection mechanisms. International Journal of Information and Network Security, 3(2),

116 (2014).

5. Arbor Networks. (2016, February 3). DDoS as a smokescreen for fraud and theft.

https://www.arbornetworks.com/blog/insight/ddos-as-a-smokescreen-for-fraud-and-theft/

6. Kaspersky Lab. (2016, November 22). Research reveals hacker tactics: Cybercriminals use

DDoS as smokescreen for other attacks on business.

https://www.kaspersky.com/about/press-releases/2016_research-reveals-hacker-tactics-cy-

bercriminals-use-ddos-as-smokescreen-for-other-attacks-on-business

7. Stanford Natural Language Processing Group. (n.d.). Single-link and complete-link cluster-

ing. https://nlp.stanford.edu/IR-book/html/htmledition/single-link-and-complete-link-

clustering-1.html

272



8. WeLiveSecurity. (2017, September 25). Spammed-out emails threaten websites with DDoS 

attack on September 30th. https://www.welivesecurity.com/2017/09/25/email-ddos-threat/ 

9. Kolias, C., Kambourakis, G., Stavrou, A., Voas, J.: DDoS in the IoT: Mirai and Other Bot-

nets. Computer 50(7), 80-84 (2017). 

10. Pultarova, T.: Cyber security - Ukraine grid hack is wake-up call for network operators. 

Engineering & Technology 11(1), 12-13 (2016). 

11. Khan, R., Maynard, P., McLaughlin, K., Laverty, D., Sezer, S.: Threat Analysis of Black-

Energy Malware for Synchrophasor based Real-time Control and Monitoring in Smart Grid. 

In: Janicke, H., Jones, K., Brandstetter, T. (eds.) 4th International Symposium for ICS & 

SCADA Cyber Security Research 2016, (pp. 53-63). 

12. Kaspersky Lab, Attack on Dyn explained, https://www.kaspersky.com/blog/attack-on-dyn-

explained/13325/ 

273



Identification of Human Activity Change using Time 
Series Analysis 

Yulei Pang1 and Xiaozhen Xue2 

1 Southern Connecticut State University, New Haven CT 06515, USA 

2 URU	Video	Inc,	New	York,	USA	

Abstract. Human motion analysis is a grand research question and it continues attract-
ing attention in both academia and industry. Its applications include surveillance sys-
tems, patient monitoring systems and so on. In recent years, most human activity analy-
sis techniques are based on machine learning and deep learning algorithms [2],[3],[4]. 
Although the empirical study demonstrated the effectiveness of these algorithms, an 
important factor, the time stamp, was absent from studying. In this paper, we studied the 
human activity in the perspective of time series analysis. More specially, we used 
changepoint analysis (CPA) technique to identify whether, when and where a change 
has taken place in human activity time series. 

 Keywords: Human Activity Recognition(HAR), Changepoint Analysis(CPA), 
Time  Series Analysis 

1 Introduction 

Through this paper, we aim at proposing a technique, for segmenting the human activity time 
series, thus identifying human activity change. The proposed technique can be applied in both 
industry and academia. The major contribution of this paper is to:  
a) Introduce an innovative technique for identification of human activity change based on the
application of time series data analysis technique;
b) Evaluate and report the performance of proposed technique based through some experi-
ments;
c) Discuss the implications of findings and the influence of factors involved, including the
assumed distribution, measuring methods, and penalty function.

2         Datasets 

In this paper, we use a dataset publicly available online [1]. To collect the date, previous re-
searchers have carried out an experiment with a group of 30 volunteers within an age range of 
19-48 years. Each observation performed six activities (walling, walking upstairs, walking
downstairs, sitting, standing, laying) wearing a smartphone (Samsung Galaxy S II) on the waist. 
The experiments have been video-recorded to label the data manually.

3         Methodology 
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We have conducted some preliminary study, and has verified the feasibility of the application 
of time series data analysis into human activity change. There are many perspectives and meth-
ods for analyzing time series data, and one of the most useful techniques is changepoint analy-
sis (CPA). The purpose of CPA is to identify whether, when and where a change has taken 
place in a time series. There are many reasons to do this kind of analysis. A few good ones are: 
a) to identify when a change has occurred so that you can respond somehow to that change;
b) to pinpoint when a change has occurred so you can attempt to identify its cause;
c) to predict future change. In this study, we will focus on the application of CPA in human
activity change.

3.1       Illustrative example 

For instance, a person is sitting somewhere. At some time stamp, he stands up and 
starts walking. 
This use case has a lot of real world applications including healthcare monitoring, security 
checking, and others. We formalize the data as following: 

Data = {X! X! ,… , X!} 
Where 

X!=(x!, y!, z!, t!) 

𝑋! is one record; 𝑥! , y!, z! are the position values; and t! is the time stamp. Intuitively we can 
extract more info like velocity of movement and acceleration; and both of them are time series 
data. Now we take one window of data as an illustrative example. This piece of data contains 
two sequential activities: 1) a person was sitting between 1 to 190 time stamp; 2) he stands up 
at 191. We extract the velocity information and plot the data: 

Fig. 1.  The time series of a person’s arm moving velocity 

Now we apply the changepoint identification technique [5] to locate the “stand up time stamp” 
by measuring the change in mean. Below is the plot of the results.
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Fig. 2. The change from “sitting” to “standing”, in mean 

This picture depicts the two segmentations through redlines and it indicates that the change-
point is at 190, which exactly matches the ground truth. Although the “mean” function works 
perfectly in this case (we did more experiment, see Fig. 3) there are scenarios where it doesn’t. 
For another activity change from “walking upstairs” to “walking downstairs”, the velocity 
means are very similar to each other before and after the change, so that we can not find out the 
changepoint through measuring change in mean. Fortunately there are other options, like meas-
ure by variance and so on. We plan to investigate the performance when different distributions 
are measured, and various methods to select; also all penalty functions are applied. 

Fig. 3. More examples to show the change from “sitting” to “standing”, in mean 
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4 Conclusion 

In this paper, we propose changepoint analysis to perform efficient smartphone-based 
human activity recognition. We will find a scalar to measure the precision for the 
proposed technique and explore more time series analysis method in this study. 
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Abstract. Anomaly detection is a first and imperative step needed to respond to 
unexpected problems and to assure high performance and security in large data 
center management. This paper presents an online anomaly detection system 
through an innovative approach of ensemble machine learning and adaptive dif-
ferentiation algorithms, and applies them to performance data collected from a 
continuous monitoring system for multi-tier web applications running in Alibaba 
data centers. We evaluate its effectiveness and efficiency with production traffic 
data and compare with the traditional anomaly detection approaches such as a 
static threshold and other deviation-based detection techniques. The experiment 
results show that our algorithm correctly identifies the unexpected performance 
variances of any running application, with an acceptable false positive rate. This 
proposed approach has already been deployed in real-time production environ-
ments to enhance the efficiency and stability in daily data center operations. 

Keywords: Alibaba Data Centers, Anomaly Detection, Big data computation, 
Dynamic Ensemble learning. 

1 Introduction 

In recent years, cloud data center environments are increasingly characterized by 
extremely large scale and complexity. Thousands of servers have been deployed in 
cloud datacenters to support large-scale cloud computing services and multi-tiered 
online applications with various characteristics. Therefore, data center management is 
a daunting task and failing to quickly respond to anomalies, failures, malfunctions or 
load may lead to extensive losses in profits and productivity. To ensure high availability, 
reliability and performance, real-time cloud infrastructure monitoring and analytics be-
come a critical component of today’s cloud datacenters’ operations and management. 
At Alibaba, the challenge of scalable data center monitoring calls for: 1) monitoring 
efficient and lightweight performance metrics that can be a good approximation of ap-
plication health (application metrics such as throughput and system metrics such as 
CPU utilization); 2) automatically detect the anomalies and identify the root cause in 
real-time. Although there exists a large body of prior research in anomaly detection 
field [1], we found that existing techniques including user-defined thresholds or statis-
tical confidence levels are not effective on production data for detecting performance 
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anomalies owing to a predominant dynamic pattern in the time series data. 
To this end, we developed an online anomaly detection system through an innovative 

analytic approach of ensemble machine learning and modified differentiation algorithm, 
which can (i) automatically identify the static and dynamic properties of any running 
application based on its corresponding performance metrics, (ii) calculate dynamic 
baselines that can be considered normal for the key metrics, and (iii) correctly detect 
problems in real-time, thereby triggering further investigation of problems.  

The first key component of our anomaly detection system is the selection of light-
weight performance metrics. Many of the existing metrics are either expensive or non-
actionable. For instance, collecting the incoming or outgoing packet statistics of each 
server in each time interval requires a significant amount of commutating resources as 
well as memory/storage resource, and are often difficult for the site reliability engineers 
to act upon without comprehensive interpretation [2]. With the business domain 
knowledge, a combination of hardware and software system configurations, log files, 
performance data at the levels of CPU, operating systems and software applications are 
chosen for further performance monitoring and analytics. To ensure high data integrity, 
we also develop a novel data schema approach that enable an automated process to 
convert the raw performance data into the standardized data structure. These data are 
preprocessed and merged for further analysis. 

Another key element of our system is real-time and continuous anomaly detection 
for large-scale data center systems, which is to determine whether any application is 
significantly deviating from its normal usage patterns and deserves further investigation. 
It does so by automatically estimating a dynamic baseline for each performance metric 
of each running application using an ensemble learning approach (including Time Se-
ries mining, regression model and statistical learning approach); then applying an adap-
tive smoother and differentiator to both actual and predicted baseline to remove the 
noise from normal patterns and compare the difference in their rate and direction of 
changes. This approach enables us to identify the anomalies using a fixed baseline and 
its corresponding confidence levels. Here, we propose to use Savitzky-Golay (SG) fil-
ters, with a finite memory, which have been used for decades as data-smoothers for 
signals [3]. They are extended and modified here by adopting the low-order differenti-
ation function and deriving their inflection point via numerical computation in the time 
domain. This is the first paper that proposes to use the ensemble learning approach, 
combined with the smoothing and differentiation methods to evaluate if the difference 
between the prediction and the actual value is truly anomalous. 

Through testing on the real production system in Alibaba datacenters, our system 
could look beyond the obvious and find the subtle anomalies that could be causing 
production problems, which can save the reliability engineers from countless hours of 
late-night hectic, thus improving the efficiency and stability of data center operations. 

The rest of this paper is organized as follows. Section II introduces the related work 
and background of our research. Section III details the proposed system for detecting 
anomalies in real-time cloud data. Section IV presents an evaluation of our approaches 
with existing detection approaches in a real-time production system in Alibaba data-
centers. Lastly, conclusions and future work are presented in Section V. 
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2 Background 

2.1 Threshold-based Anomaly Detection Approaches   

The threshold-based alerting system has been widely deployed in most data centers, 
which means that if any performance metric (which are being continuously monitored 
in the data center) goes beyond a certain fixed threshold or statistical boundary of 
thresholds, an alert is triggered. However, this system still requires enormous manual 
efforts and prone to false alarms, for instance, an on-call engineer still needs to manu-
ally scan through graphs to spot any outliers or anomalies [3]. 

The major drawbacks of this approach include:  
1) These static thresholds for each application are generally set by a domain expert or

determined through statistical analysis of historical data and patterns. They tend to
remain constant during the entire monitoring process, and sensitive to intermittent
bursts and varying workloads, resulting in high false positive rates. In a production
system with many distributed applications running, a small false alarm rate can still
make the further investigation overwhelming for an application owner.

2) To account for spikes in the data which may occur over time, the upper and lower
bounds for the fixed threshold are generally constructed with a wide tolerance
based on the assumption of statistical distribution. Moreover, this step requires pe-
riodic tuning to account for the varying workloads.

The reasons listed above reduce the accuracy of alerting system and tend to cause 
false alarms. Here, we developed an online automated alerting system that can improve 
the precision and sensitivity of performance anomaly detection in cloud data centers.  

2.2 Univariate Statistical Learning Approach   

Statistical learning has a wide application in anomaly detection [4]. One simple classi-
cal approach to screen outlier is to use the deviation-based methods such as standard 
deviation (SD) and Z-Score method.  Any observations which fall outside ± 2 standard 
deviation of the mean, or have a absolute Z-score exceeding 3 are considered as 
anomalies in general. Even though those two methods are quite powerful under well-
behaving normal distribution assumtpion, most data in production environments may 
be stochastic or unknown, or may not conform to specific distributions.  Additionaly, 
both of these two methods are susceptible to masking or swamping problems caused by 
extreme values with different magnitudes. Moreover, these methods are fundamentally 
problematic because the statitical indicator mean value can be altered by the presence 
of outlying values. To avoid these problems, the median and the median of the absolute 
deviation of the median (MAD) can be used as an alternative to the arithmetic mean 
and SD in the calculation of modified Z-Score Mi, when handling data that are not 
evenly distributed or contain extremes values. The decision criterion for outliers can be 
set and justified depending on the stringency of each detection. Here, we choose a 
relatively conservative threshold through the simulation of pseudo-normal observations 
for sample size larger than 10. Any observations with a absolute modified Z-Score 
greater than 3.5 are suggested to be labeled as potential outliers.  Even though the MAD 
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is the most robust dispersion measurement in the presence of outliers in univariate 
statistics, the observations are required to follow an approximately normal distribution 
for this detection method. 

  In parallel with robust statistics, another practical method for outlier detection is 
Tukey’s schematic (“full”) boxplot. It does not requires a normality distribution of the 
data and therefore is flexible and effective in practical settings. Instead of using sample 
mean and standard variance, this test utililzes quartiles to characterize the statistical 
distribution and is less sensitive to extreme values of the data. A value beyond the outer 
fences with a distance of 3 inter quartile range (IQR) below the 25% quartile (Q1) and 
above 75% quartile (Q3) are considered to be outliers.  

2.3 Machine Learning Approaches 

With the increasing complexity, volume and velocity of performance data, the machine-
learning driven anomaly detection methods have also been proposed as opposed to 
traditional methods that rely on static profiling or limited sets of historical data [4, 5]. 
Recently some sophisticated machine-learning techinques  are employed to discover 
the complex features within the large-scale streaming data. The advanced statistical 
learning techinques have been adopted to analyze the time series streaming data with 
various distribution properties. For instance, the multivariate adaptive statistical filter-
ing (MASF) is used to determine a specific threshold for data segmented and aggre-
gated by temporal context (time of day, day of week, time of month) [6]. This is the 
most common and effective statistical technique since the business generally follows 
specific rhythms of activity. However, MASF relies on the assumption that the time 
series conform to Gaussian behaviors. Alternatively, other non-parametric statistical 
testing such as Tukey method is used to set control limits. Although the advantages of 
both techniques are considerable and field-tested in a variety of process monitoring and 
control contexts from factories to data centers, they are not effective when the temporal 
structure or underlying regularity in the streaming data deviate from historical patterns 
[4].  For this reason, one alternative is to use the multinomial goodness-of-fit test based 
on the relative entropy statistic, which can detect the extreme variations in temporal 
pattern structure. Information entropy is used to measure the uncertainty and con-
sistency of a collection of data observations. These have demonstrated adequate accu-
racy for identifying the anomalies in the performance data from production environ-
ment to data captured from multi-tier web applications running on server class ma-
chines [1]. However, the statistical learning techniques are usually based on the entire 
history of individual data points to determine statistical profiles, therefore becoming 
computationally expensive as the amount of data increases. 

Time-series mining is another popular detection method for the performance data 
collected sequentially in time. The method will first determine the temporal patterns of 
each metric, build a forecasting model with the history data and ARMA/ARIMA/Holt-
Winters exponential smoothing algorithms, and use it to predict future values.  The 
abnormal observations will be considered as anomalies if they fall outside a specific 
prediction confidence [7, 8]. However, it is difficult to achieve the prediction accuracy 
with an acceptable level since the time series in cloud datacenters has complex and non-
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linear behaviors. Additionally, they are only backward looking and difficult to capture 
the new patterns/behaviors, thus resulting in false positives [8]. 

Since unsupervised algorithm-based anomaly detection does not rely on the labeled 
data, some distance/density-based clustering algorithms, such as k-means, hierarchical 
clustering algorithm, local outlier factor (LOF) and DBSCAN (Density-Based Spatial 
Clustering of Applications with Noise), have been utilized in cloud datacenters. They 
rely on the assumption that outliers can be detected using distance/density measures 
where data with a substantial distance from any other clusters will be considered as 
outliers [9,10,11].   

However, they have limitations of accuracy and sensitivity due to their assumed data 
distributions, or limited adaptability to changing workloads, or some of them have poor 
scalability and lack of correlation analysis (e.g. clustering analysis). Also, few of them 
can operate at the scale of future data center or cloud computing systems and/or have 
the “lightweight” characteristic desired for online operation. In contrast, we propose an 
online anomaly detection through a combination of statistical learning approach, time 
series mining and regression techniques to estimate the dynamic threshold based on the 
characteristics of the performance metrics of any running application. Rather than 
simply using the absolute distance measurement between prediction and actual values 
or the statistics-based confidence levels to flag the outliers, we choose to utilize the 
smoothing and differentiation methods to compare the actual rate of change difference 
between predictive and actual values.  

3 The Anomaly Detection System 

In this section, we introduce the operation mechanism used for the anomaly detection 
system, including the performance data collection module, data preprocessing module, 
anomaly detection module and model implementation module. This suggested real time 
anomaly detection application collects the resource utilization statistics of datacenter 
servers and application-specific performance metrics, sends alerts to the datacenter ad-
ministrators if there are any deviations in the resource usage patterns in the data.  

3.1 Performance Data Collection  

Alibaba has fitted its servers all over the world with performance monitoring technol-
ogy, which makes it possible to track every task that is running on these servers and 
provides insights for its daily operation and management. We collect the data center 
performance metrics from four main aspects: the hardware (e.g., temperature), the op-
erating system (e.g., number of threads), the runtime system (e.g., garbage collected), 
and application layers (e.g., transactions completed). Hundreds of counters are 
collected at each machine per time interval. 

For this research, we focus on application-level performance data. This data can be 
divided into three categories: system-level resource utilization (such as CPU, memory, 
IO utilization rate); middleware-specific metrics- for instance, number of middleware 
related incidents (error counts of RPCs, cache hit ratios, etc); and lastly performance 
measurements from an end user’s perspective such as network throughput and latency 
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(response time).  More data can be specified by the system administrators, the applica-
tion developers, or the business owners as necessary. With these performance indicators, 
we can check the health of the application and detect most anomalies in datacenters.  

We developed a real-time ETL system to collect and store these performance metrics 
[12]. This system is divided into three sub-modules: a log agent, a stream computing 
system and a datacenter. 

Fig. 1. Architecture of data collection system 

First is the log agent, which is a data collection agent installed on each machine. It 
records fine grained performance data to local disk. Recording, processing and storing 
data at as fine a grain as the log agent collects can put extraneous pressure on our infra-
structure for large applications. The log agent is capable of aggregating the data it col-
lects on each machine level to reduce strain. Second is the stream computing system. 
Its main task is to collect the aggregated performance data on each machine. It then 
converts the data into a standardized data model and stores it into the target databases. 
In order to give a quick overview of application-level performance by allowing engi-
neers to have fast running queries across the metrics they are interested in, the stream 
computing system applies a second level of aggregation. It does this across several ma-
jor performance indicators (e.g. service, application, group). Then all the data will be 
converted into the unified query interface and the standardized data structure before 
passing into the datacenter module. Last is the datacenter module. The datacenter stores, 
manages and normalizes all the performance data collected, and provides the standard 
open API for developers or other data consumers with programmatic access to the real-
time performance data, which facilities further data analysis. Normalization is espe-
cially important for data analysis. All the time series data from different applications or 
different metrics are provided in a uniform format to make sure it can be easily analyzed 
by any different systems. 

With negligible overhead, these three modules collect continuous, real-time, and ac-
curate performance data at the datacenter scale, thereby providing performance insights 
for cloud applications.  
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3.2 Data Preprocessing   

Data preprocessing is an important step in analyzing the real-time performance data 
because the data issues that might affect the data integrity should be removed first to 
prevent incorrect analysis results. We propose the preprocessing algorithm 2.1 to elim-
inate artifacts, normalizes the data, and automatically discards counters that signifi-
cantly violate assumptions or business rules thereby hinder comparisons. 

Algorithm 2.1 The preprocessing algorithm. Receives the raw counters, climinates problematic counters 
and normalizes the data. p90(S) denotes the 90th - percentile of S. 

Let  θ1 = 0.01,θ2  = 2,θn  = 6 
Let zc(m,t) = the last value of counter c on machine m before time t 
Let nc(m) = number of reports for counter c on m 
for all counter  c ∈C`  do 

 

   for all machine m ∈Μ and time t  ∈Τ do  

end for 
   for all machine   do  

  end for 

If and and then 

Add counter c to set of selected counters C 
for all machine m ∈Μ and time t  ∈Τ do  

   end for 
else 

   Discard counter c 
end if 

end for 

First, not all performance counters are reported or collected at a fixed rate, and even 
periodic counters may have different periodicities. Non-periodic, infrequent, event-
driven counters, or inconsistent values can be automatically detected by looking at the 
variability of the historical patterns, domain-specific knowledge and are removed by 
the preprocessing steps. For each counter and machine under the same application 
group, we expect all machines to have similar number of reports for a periodic counter. 
We use Median Absolute Deviation (MAD) to robustly detect the typical number of 
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reports for each counter. Any counters for which the 90% percentile of the correspond-
ing normalized MAD is too large will be eliminated from further analysis. We also 
exclude the infrequent counters. In our experiment, any counters that are being reported 
less than 6 times a day are excluded from further analysis. Additionally, the perfor-
mance counters with extreme cases caused by business events (promotion) are removed. 
After removing the non-periodic or infrequent counters through preprocessing steps, 
performance counters at equal time intervals (1 minute in our implementation) will be 
used for further comparison at the same time scale. For the performance counters where 
the missing values occur less frequently, the median value at the same timestamp is 
used to replace the missing values. 

Secondly, since we are analyzing various performance counters collectively, the raw 
data have to be normalized to bring them to a common range. The normalization oper-
ation, which has been trained using the initial samples, is used to transform the input 
time series data into a consistent mean and unit-variance data. 

Lastly, the identification of pronounced peaks and valleys in performance metrics 
are also important for setting sensible and adaptive thresholds for alerting or further 
investigation. A local maximum method is applied as a brute force searching algorithm 
to find the local maximum in a moving window. The window size is determined by a 
predefined number of local points. The baseline estimated in the subsequent step will 
be corrected for the peak-to-valley ratios of the corresponding time period. 

3.3 Model Formulation 

The processed performance counters are used for the further baseline estimation, in-
cluding the model selection, model training and anomaly determination module.  

First, the biweekly historical data are collected for determining the temporal pattern. 
Based on the frequency identified from historical data and correlation analysis with 
other performance metrics, different modeling approaches will be selected for further 
baseline estimation. The model selection is decided by the temporal pattern of perfor-
mance metrics (detailed in Algorithm 2.2): 1) if no seasonal or temporal pattern is de-
tected, the time series mining will not be utilized: If there is significant correlation be-
tween the metric and other performance counters, the regression module will be recom-
mended; otherwise, the statistical-based model (a modified Z-score MAD-|Mi|) will be 
used. The observations with the absolute modified Z-score greater than 3.5 will be 
labeled as outliers; 2) If there are seasonal or other temporal patterns, the time series 
mining will be utilized.  Here, we choose the ensemble learning approach, which is a 
collection of individual learning algorithms such as ARIMA, STL LOESS decomposi-
tion, exponential smoothing algorithms to produce a consensus. The hope is that alt-
hough one or two learners/algorithms may be off base, the majority will be able to 
produce the correct decision.  The mean absolute percentage error (MAPE), a measure 
of prediction accuracy of a forecasting method in statistics, will be used to determine 
which model/models fit best for the estimation of dynamic baseline. 

We can thus construct a confidence interval by taking the 99-th percentile of the 
distances, as the upper limit. The lower limit is not less than 0 since a distance is strictly 
positive. These intervals provide us with a “normality” interval of healthy data, which 
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we can then use in the test phase to determine if a data sample is normal or not.  The 
performance metrics are often unpredictable due to spiky peak usage in the production 
environment. Therefore, in addition to the statistical confidence limits for anomaly de-
termination, we have elected to evaluate the performance change by comparing its per-
formance metrics with the Savitzky-Golay filter (SGF). SGF is known to be a good 
choice for signal cleaning compared to other adjacent averaging filters (moving aver-
ages, Local Regression Smoothing), because it tends to preserve the height, width, am-
plitude and pertinent high frequency components of the signal. 

Algorithm 2.2 Ensemble Anomaly Detection Algorithm: Receives the pre-processed counters, estimates the 
baselines based on the historical pattern and identifies anomalous counter. 

 function ENSEMBLEANOMALYDETECTION (X) where X - array containing at least 2 weeks per-
formance counters

Phase 1 – Model Determination And Baseline Estimation 

1. Use periodogram to determine periodicity/seasonality 
2. Split X into training data and validation data 
Input:(1) X;(2) SG.
Output:(1) Anomaly
if periodogram(X) is not seasonal but stochastic then
modified : 

else if periodogram(X) is seasonal and is not correlated with other counters  
then 

  F1 = arima(X)  Where F-include both the predictive values and the 0.99 confidence levels 
   F2 = stl(X) 
   F3 = ewa(X) 
  Use bootstrap sampling and choose the best prediction F to minimize  

  else if periodogram is highly correlated with other counters then 
        F = lm(X) 
  end if 

Phase 2 – Anomaly Determination 
    F = predicted values 
   CI = c(lowerBound, UpperBound) 
   SG = the Savitzky-Golay filter (the 2nd order smoothing and differentiation) 
  M = the model determined in Phase 1 
 if   M is Time Series Module ∨ M is Regression Module then 

  F` = SG(F) 
  X` = SG(X) 

 if [F` - X`] ＞ γ∧ X exceed CI then
 Anomaly = True 
 Anomaly = False 

else if M is MAD Module then 
if X exceed CI then 

Anomaly = True 
Anomaly = False 

end if 
end if 
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n
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n
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We firstly use a local least-squares (LS) to regress a small sliding window (m) of the 
time series data onto a low-order (p) polynomial, then use the polynomial to estimate 
the point in the center of the window. This continues until every time point has been 
optimally adjusted relative to its neighbors. This low-pass filter is introduced to smooth 
the burstiness in performance metrics, so as to exclude the noise from further analysis 
of the true pattern(s). We then evaluate the resulting smoothed polynomial at a single 
point within the approximation interval, which is equivalent to discrete convolution 
with a fixed impulse response. We apply the nth differentiation (n) on the fitted poly-
nomial of predicted baseline and actual observations rather than on original data. This 
step can filter out the noise (e.g., unreasonable burst) in the data, while preserving its 
high statistic moments, thus keeping its statistical properties unchanged for more relia-
ble comparison between the prediction and actual values. With the fixed sliding win-
dow (m) and smoothing order (p), a curvature threshold (Tr) can be estimated by solv-
ing the polynomial equation numerically. The absolute difference (Diff_sg) between 
baseline and actual values adjusted by SGF were compared against optimal inflection 
point (Tr), which is time-tiered threshold scaled by different day and night factors. Any 
Diff_sg values beyond the inflection point (Tr) will be flagged as “anomaly”. 

Once all the “anomalies” have been flagged for each performance metric based on 
each detector module, we always convert them to a probability in the [0,1] range. This 
probability can be interpreted as the detector’s belief that a point is an anomaly. Once 
this score is obtained, we can use it as prior knowledge in a model feedback scheme. It 
is necessary to have scores on the same scale as to not inadvertently weight some metric 
as a priori more important than others.   

Using the ensemble modeling module, for each application specific metric, we gen-
erate a dynamic baseline and comparison between prediction and actual values to help 
determining anomalous data. the model will be implemented in the production system 
and connect to the incident management platform for further alerting actions. 

3.4 Model Implementation in Production Environment  

In order to validate the work described in the previous section in a real, large production 
system, we implement the anomaly detection system in Alibaba production environ-
ment. It includes three functional modules: the effective metric selection, the real-time 
detection and the incident management module. 

Computer systems hosted in datacenters usually involve multiple layers and provide 
a large set of metrics for tracking their operation. The analysis of all available metrics 
collected from the performance monitoring system generates drawbacks associated 
with communication, storage and processing. In order to support anomaly detection and 
minimize the cost of monitoring, we select metrics that can effectively reflect the sys-
tem health based on the following aspects: 
1) Scope: we choose to limit the scope of performance metrics at five main levels

including application, product group, datacenter unit, server room, and instances.
2) Category: we use stable statistical correlations among metrics combined with the

domain knowledge to select the performance categories that can represent the sys-
tem health. The categories of metrics selected include various service calls (e.g.
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HTTP, RPC, database, cache and message), system load, or JVM status. 
3) Metric: To measure and evaluate the system performance, we select the specific

counters such as throughput, response time, hit rate and resource utilization rates.
The real-time anomaly detection is performed once every minute. The entire detec-

tion process is divided into four steps as follows:  
1) Firstly, the prediction values, including the dynamic baseline, statistical confidence 

limits and the numerical difference after applying the SG filters, are requested from 
the data layer based on the corresponding time period.

2) Secondly, we compare the difference between the prediction and actual values, and
identify the abnormal point based on the criteria defined in anomaly detection mod-
ule. The data which exceeds the dynamic upper bound is flagged as an anomaly.

3) Thirdly, all abnormal points are standardized as event models to facilitate subse-
quent analysis and decision making.

4) Finally, all the anomalous events of the same application will be summarized and
quantified as an overall anomaly score for each application

The overall running time of the detection module is less than 50 milliseconds, which 
is acceptable for the requirement of the real-time production system. Incident manage-
ment module involves writing the anomaly event to the data layer and sending an alarm 
notification to the stakeholders including developers and business owners.  
1) Each anomaly event will be written back to the data layer so that the front-end

monitoring dashboard and other performance-related platforms can get anomaly
information in real time through the event interface.

2) Each application’s anomaly score triggers an alert when it is higher than the spe-
cific alarm threshold. This strategy effectively reduces the false alarm rate at each
application level, thus improving the quality of anomaly detection services and
avoiding redundant or invalid alerts.

Fig. 2. Model implementation in production environment 
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In summary, this system can continuously diagnose the abnormal behaviors from 
normal ones or unexpected performance changes of any running application, with a low 
false alarm rate. This online anomaly detection system has been implemented in 
Alibaba datacenters on a daily basis, demonstrating its capability and effectiveness in 
ensuring the reliability of daily operations and management in cloud datacenters. 

4 Evaluation 

In this research study, we evaluated the following anomaly detection techniques on the 
data collected from Alibaba production data centers: 
1) our ensemble learning model
2) the static threshold model defined by domain experts
3) the fixed threshold segmented by hour of day
4) 3-sigma outlier
5) multivariate adaptive statistical filtering (MASF)
6) relative percent difference minute-on-minute

Model 2 and 3 are based on the static or multi-level threshold defined by domain
experts. The Gaussian distribution is the assumed underlying probability model for both 
model 4 and 5. MASF is a popular method for anomaly detection in data centers, which 
first segments the performance data by hour of day and day of week, subsequently, 
threshold limits are computed based on the standard deviation ( ) of this segregated 
data. A data point falling outside the  ± 3  range is deemed as a rare event and thus is 
flagged as an anomaly. 3-sigma model is similar to MASF but no data segmentation 
needs to be done. In general, a 3-sigma detection is taken as being the minimum to be 
believed. Model 6 is calculating the relative percent difference per minute and if the 
relative ratio exceeding the user-defined threshold is flagged as an anomaly. Each 
model is trained separately on each time-series; i.e., learned parameters do not carry 
over. Since this is data from production data centers, we had no control of the anomalies 
that manifested, nor do we have knowledge about them. So, in our evaluations, we will 
compare the number of anomalies detected by the various techniques. 

Figure 3 provides a representative plot of the performance of each model tested on 
one typical performance measurements (network throughput) collected from a running 
application in Alibaba production environment. The metrics are sampled every minute. 
The actual throughput is in red; the blue and green band show the predicted confidence 
range based on each model. The results are shown for both the actual measurement per 
minute and the predicted confidence levels.  

The alarms (highlighted as red points) raised by different techniques are shown. This 
metric exhibits a typical pattern of network traffic: throughput peaks during business 
hours each weekday, when application usage is highest and drops to a local minimum 
at night. Because that pattern repeats week after week, the anomaly detection algorithm 
is able to accurately forecast the metric’s value, peaks and variation pattern based on 
time series learning. Our prediction and the relative percent change module match the 
actual data more closely compared to the other four techniques. The anomalies captured 
by the relative percent change model has higher false alarm rate, in contrast to our 
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model, due to the fact that it couldn’t be easily customized with each peak signal-to-
noise ratio or the level of background noise. These pattern/threshold-based anomaly 
detection techniques make them interpretable and amenable for post-analysis by do-
main experts to reveal the root cause. However, this generality comes at a cost of high 
false positive rates, as not all rare occurrences can be attributed to anomalous cases. 
Also, we observed that our methods detect the first unusual change in network through-
put faster than other techniques.  

Fig. 3. Model Comparisons tested on the network throughput measurement of a running appli-
cation in the production environment. 

Fig. 4. Model Comparisons tested on the network latency measurement of a running application 
in the production environment 

To assess the efficacy of these six detection models, we computed three standard met-
rics: Recall, Precision, and F-measure (or the balanced F-score). Precision (also called 
positive predictive value) is a measure of how many instances are correctly classified 
among all positive predictions including true and false positives. Recall (also known as 
sensitivity, true positive rate) is a measure of a proportion of all real positive observa-
tions that are correct. F-measure is the weighted harmonic mean of precision and recall. 
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Recall and precision are two widely used performance metrics in classification. 
Precision permits to measure the fidelity of the classification model regarding each 
particular class, whereas recall measures the per-class accuracy.  

Table 1.Anomlay detection result. 

Metrics Anomaly Detection Result 
Type Prec Rec F1

Throughput Ensemble learning approach 0.9333 0.8235 0.8750 

Predefined fixed threshold 0.5322 0. 9705 0. 6875 

Time-tiered fixed threshold 0. 3626 0. 9705 0. 5280 

3-Sigma threshold 0.0000 0.0000 0.0000 

Time-tiered 3-Sigma threshold 0.0973 0.9705 0.1769 

Link relative ratio 0.1785 0.1470 0.1613 

Response time Ensemble learning approach 1.0000 0.7333 0.8462 

Predefined fixed threshold 0.5357 1. 0000 0. 6977 

Time-tiered fixed threshold 0. 2083 1. 0000 0. 3448 

3-Sigma threshold 0. 3261 1. 0000 0. 4918 

Time-tiered 3-Sigma threshold 0. 0456 1. 0000 0. 0872 

Link relative ratio 0. 0124 0.3333 0. 0244 

Table 1 shows the outcome analysis of recall, precision and F-measure relating to 
the anomaly detection schema and other five different detectors. For the network 
throughput counter, which exhibits a prominent temporal pattern, our ensemble learn-
ing has a highest F-score 86%, with the highest recall rate of 82 and a 93% precision. 
This approach outperforms the other five techniques. 

For the network latency measurement with no significant seasonality or cyclic be-
havior, our proposed approach achieved the highest 85% F-score. The precision 
achieved was 100%, meaning that all anomalies detected were true anomalies. Also, 
the recall rate was very high, achieving about 73% at the 95% confidence level. High 
F-scores achieved by testing on two typical performance counters, demonstrate that our
proposed approach is precise and robust in identifying the anomalous behaviors.

Based on the model comparison, our proposed real-time system for detecting the 
anomalies in Alibaba data centers is best suited for detecting general anomalies, such 
as short-term drifts or sudden spikes in the resource utilization of the servers.The pro-
posed system is demonstrated to perform anomaly detection in real time much more 
efficiently with significantly improving the performance of the anomaly detection in 
the cloud data centers compared to the other available state of the art solutions. 

5 Discussion 

The feasibility of our anomaly detection system has been verified with the highly com-
plex, unpredictable and dynamic environment in Alibaba datacenters. This novel solu-
tion is capable of detecting the anomalies of the data centers in real time with high 
accuracy and negligible latency. Our techniques are adaptable and can learn the 
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workload characteristics over time. They also meet the scalability needs of cloud data-
centers and can be applied to multiple metrics in data centers. 

This suggested system remarkably improves the availability and reliability of the 
cloud based services running on top of the cloud data centers. However, there are still 
more work needed to be done. One concern associated with this factor is the process 
for resolving whether a defect is caused by an error or by actual program performance. 
As ongoing work, we are performing more evaluations on synthetic as well as real pro-
duction data. We are also exploring further refinements to the proposed techniques for 
various metrics and for aggregation across multiple machines at large scale. We also 
plan to obtain traceability back to the source (individual or authoritative record) that 
could resolve the nature of the anomaly. 
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Abstract. Nowadays, bike sharing systems have been widely used in major cit-
ies around the world. One of the major challenges of bike sharing systems is to 
rebalance the number of bikes for each station such that user demands can be 
satisfied as much as possible. To execute rebalancing operations, operators usu-
ally have a fleet of vehicles to be routed through stations. When rebalancing 
operations are executing at nighttime, user demands usually are small enough to 
be ignored and this is regarded as the static bike rebalancing problem. In this 
paper, we propose a Partial Demand Fulfilling Capacity Constrained Clustering 
(PDF3C) algorithm to reduce the problem scale of the static bike rebalancing 
problem. The proposed PDF3C algorithm can discover outlier stations and 
group remaining stations into several clusters where stations having large de-
mands can be included by different clusters. Finally, the clustering result will be 
applied to multi-vehicle route optimization. Experiment results verified that our 
PDF3C algorithm outperforms existing methods. 

Keywords: Bike rebalancing, clustering, mixed integer linear programming. 

1 Introduction 

Nowadays, as the first-and-last mile connections, the bike sharing systems have been 
widely used in major cities around the world, and there are over 1400 systems online 
[9]. The most convenient feature of bike sharing systems is that a user can borrow a 
bike in any station and then return it to any other station. 

However, user demands for different stations are usually unbalanced such that 
some stations are short of bikes to be borrowed and some stations do not have enough 
docks to be hooked. With unbalanced stations, fewer users can be served and the rev-
enue of operators will be reduced. Therefore, operators usually have a fleet of trucks 
to rebalance the number of bikes between stations. To determine the rebalancing route 
and rebalancing operations for each truck is the bike rebalancing problem. 

Since the traffic congestion and parking locations will not be a problem while the 
rebalancing fleet travels in the city during the night [11], we focus on the static bike 
rebalancing problem which assumes the rebalancing operations are executing at 
nighttime while the user operations at this time are usually small enough to be ig-
nored. 
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In general, the static bike rebalancing problem can be treated as a One-commodity 
Capacitated Pickup and Delivery Problem [2] which is an NP-hard problem and will 
be hard to find the optimal solution in limited time when the problem scale increases. 
For a 200 station case with 3 trucks, even the advanced optimization model [11] may 
take several hours to find the optimal solution. While finding out the optimal solution 
becomes difficult, several works have been tried to find a good enough near-optimal 
solution during the limited time, where [1] proposed an approximation algorithm, [10, 
13, 15] developed different heuristic methods, [2, 4, 6] applied the meta-heuristic 
techniques and [3, 7, 8, 14] used the clustering techniques to divide the multi-vehicle 
static bike rebalancing problem into several single-vehicle static bike rebalancing 
problem to reduce the problem scale. 

To further reduce the problem scale, Liu et al. [8] considered outlier stations whose 
demands are large and hard to be satisfied. However, their method still cannot deal 
with stations whose demand is larger than the vehicle capacity directly. 

In this paper, to deal with stations with large demands and utilize the outlier station 
discovering to further reduce the problem scale of the static bike rebalancing problem, 
based on the CCKC algorithm [8], we propose a Partial Demand Fulfilling Capacity 
Constrained Clustering (PDF3C) algorithm which allows the demands of one station 
to be partially considered by different clusters and utilizes the average saved shortage 
to discriminate the considering priority of stations. Experimental results show that for 
the large-scale static bike rebalancing problem with some stations having large de-
mands, the proposed PDF3C clustering method can get better performance than exist-
ing methods. 

The rest sections of this paper are organized as follows. We summarize the strate-
gies of existing methods to the static bike rebalancing problem in Section 2. The prob-
lem definitions are demonstrated in Section 3. The proposed method is presented in 
Section 4. Experiment results are presented in Section 5. Finally, the conclusion of 
this paper is in Section 6. 

2 Related Works 

In this section, we will briefly summarize the strategies of existing methods and in-
troduce several clustering methods with their reduction to the multi-vehicle static bike 
rebalancing problem. 

When traditional methods cannot get optimal or good enough near-optimal solu-
tions in limited time, some methods were proposed to get better solutions, including 
heuristic methods [13, 15], meta-heuristic methods [2, 4, 6] and clustering methods 
[3, 7, 8, 14]. The strategies for these methods are different. The heuristic methods 
usually give some rules related to the problem to guide the searching or construction 
of the solution, the meta-heuristic methods apply their own mechanism to utilize the 
searching experience in solution space to improve the searching process and the clus-
tering methods try to reduce the solution space and keep the solution quality simulta-
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neously. Some of these methods are combined with each other or with other methods 
to become hybrid methods. 

Clustering methods can be used to reduce the problem scale of the multi-vehicle 
bike rebalancing problem. Schuijbroek et al. [14] proposed a Cluster-First Route-
Second approach to divide the multi-vehicle bike rebalancing problem into single-
vehicle bike rebalancing problems, where each cluster represents a vehicle, and the 
travel distance for each cluster is approximated by the Maximum Spanning Star. For-
ma et al. [3] proposed a 3-step Math Heuristic method. In addition to divide the origi-
nal problem into several single-vehicle bike rebalancing problems, the travel routes 
between clusters are determined by Step 2 in their method and the decision variables 
in the MILP model are reduced according to the travel routes. 

To further reduce the problem scale, Liu et al. [8] proposed a Capacity Constrained 
K-centers Clustering method which use the balance condition to discover outlier sta-
tions before solving the bike rebalancing problems. However, this method is not able
to deal with outlier stations with the number of rebalancing operations being larger
than the vehicle capacity.

3 Problem Formulation 

In this section, we will introduce the static bike rebalancing problem and the station 
clustering problem. 

The static bike rebalancing problem is to determine the rebalancing route and re-
balancing instructions for each vehicle such that the expected shortage of each station 
in the next day will be as low as possible. In this paper, the target inventory for each 
station is determined by the penalty function provided in [12]. Assume the penalty 
function is given then the static bike rebalancing problem is defined as follows. 

Definition 1: Static Bike Rebalancing Problem. 
Given one depot and a set of stations with their initial bikes or vacancies, the pen-

alty function for each station, the travel cost between stations and depot, the load and 
unload time for single rebalancing instruction, the total time budget for rebalancing 
operations and a weight alpha to tradeoff between travel cost and rebalancing opera-
tions, the static bike rebalancing problem is to determine the rebalancing route and 
rebalancing instructions for each vehicle that minimize the total travel cost and the 
shortage for each station. 

In addition, in order to simplify the original problem and satisfy some stations with 
large demands, each vehicle is restricted to visit each station at most once but each 
station can be visited by more than one vehicle. 

Usually, after determining the final bike inventory for each station at the end of a 
day, there are only a few hours remained for solving the static bike rebalancing prob-
lem and conducting the rebalancing operations. For the small-scale static bike re-
balancing problem, several works [7] have solved it by mixed integer linear pro-
gramming (MILP) methods. However, for a large-scale static bike rebalancing prob-
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lem, pure MILP methods are often not able to get the optimal or a good enough near-
optimal solution in limited time. 

To reduce the problem scale, clustering is a good technique to allocate stations for 
each vehicle. This is called station clustering problem and is defined as follows. 

Definition 2: Station Clustering Problem.  
Given a static bike rebalancing problem, the station clustering problem is to allo-

cate stations into clusters, where each cluster represents one vehicle, according to the 
travel cost and the rebalancing operations to reduce the problem scale of the original 
problem. Note that some stations are probably not assigned to any cluster and will be 
regarded as outlier stations. 

After problem definitions, the proposed method to solve the identified problems 
will be introduced in the next section. 

4 Proposed Method 

In this section, we will first give an overview of our framework and then demonstrate 
the proposed method in two parts, where the target inventory determination part is in 
Section 4.2 and the rebalancing route optimization part is in Section 4.3. 

4.1 Framework 

 
Fig. 1. Proposed framework 

The whole framework can be divided into two parts, one is the target inventory de-
termination part and the other is the rebalancing route optimization part. The frame-
work is illustrated in Figure 1, and components filled by gray color are designed or 
revised by this paper. In the target inventory determination part, we will need to cal-
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culate the expected shortage for each station first. This process can be done by differ-
ent methods, such as some stochastic analysis or demand prediction methods. In this 
paper, our expected shortage is calculated by the method proposed in [12] and is rep-
resented as the penalty function for each station. In order to discriminate the consider-
ing priority for each station and discover outlier stations according to the vehicle ca-
pacity, the average saved shortage and the station rebalancing target are computed, 
respectively. During this process, stations with zero rebalancing targets will be re-
garded as balanced stations and will not be taken into the rebalancing problem. Next, 
in the rebalancing route optimization part, according to the station rebalancing target 
and the average saved shortage, we design a clustering algorithm, named PDF3C, to 
generate clustered stations for each vehicle and discover some outlier stations accord-
ing to the balance condition. Finally, the penalty function and clustered stations will 
be taken as inputs of the MILP model to obtain the optimized bike rebalancing routes 
and rebalancing instructions. 

4.2 Target Inventory Determination 

In the target inventory determination part, we use the same penalty function as [12] to 
represent the expected shortage for each station. Then the station rebalancing target 
can be calculated accordingly. Different from [5], we further define the average saved 
shortage to determine the priority of stations, as described below. 

Penalty function. The penalty function represents the expected shortage number of 
docks or bikes incurred by users during next day. For each station i  having capacity

ic , with a number of bikes is after the rebalancing operations, the penalty function

( )i if s is defined discretely [12]: 

( ) 0,...,i i i ishortage f s s c= = (1) 

Station rebalancing target. The station rebalancing target is the number of bikes 
required to be load or unload if we want to get the minimum shortage for a bike sta-
tion. Given the penalty function of station i , since the convexity of penalty function, 
there exists a number of bikes *

is corresponding to the minimum shortage. Assume 

that the number of bikes before rebalancing operations is 0
is , the station rebalancing 

target ib is defined as: 

* 0
i i ib s s= − (2) 

Average saved shortage. When the rebalancing target of some stations cannot be 
satisfied, it is necessary to determine which station will have higher priority and need 
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to be satisfied first. Therefore, we define the average saved shortage for each station i 
as follows: 

* 0
i i

i
i

s s
ass

b
−

= (3) 

Stations with larger average saved shortages will be given higher priority because 
for such stations, more shortages can be saved by a single rebalancing instruction in 
average. 

In the next part, the station rebalancing target and the average saved shortage for 
each station will be used to generate station clusters. Then, the multi-vehicle route 
optimization will be performed based on the penalty function and station clusters. 

4.3 Rebalancing Route Optimization 

The linear programming model is a common way to solve the static bike rebalancing 
problem. However, for the large-scale static bike rebalancing problem, even the ad-
vanced MILP model [11] will take a very long time to get a good enough solution. In 
order to reduce the problem scale, we propose a clustering algorithm, named Partial 
Demand Fulfilling Capacity Constrained Clustering (PDF3C) algorithm, to allow the 
demands of one station to be partially considered by different clusters. The same bal-
ance condition mentioned in [8] will be used in this paper and is stated below. 

Balance condition. Given the vehicle capacity of k and a set of stations belonging to 
cluster I , where ( )B I is the absolute value of the sum of rebalancing targets for all
stations in cluster I , the balance condition is defined as follows: 

( ) ( ) i
i I

B I k where B I b
∈

≤ = ∑ (4) 

If the balance condition is not violated, the rebalancing target for all stations in the 
same cluster will be fully satisfied in one route using one vehicle. Note that one route 
represents a vehicle starting from the depot with its initial bikes or vacancies, passing 
through several stations, and finally going back to the depot. 

Partial Demand Fulfilling Capacity Constrained Clustering. 
The difficulty of using MILP model to solve the static bike rebalancing problem 

mainly depends on the number of decision variables and constraints [3]. Although 
there are several works applying clustering techniques to divide the multi-vehicle 
static bike rebalancing problem into several single-vehicle bike rebalancing problems 
to reduce the problem scale [3, 7, 8, 14], only [8] has considered outlier stations, 
whose rebalancing targets cannot be fulfilled completely, to further reduce the prob-
lem scale to get better effectiveness. 
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Liu et al. [8] proposed a clustering algorithm named Capacity Constrained K-
centers Clustering (CCKC) to discovery outlier stations by the capacity balanced con-
dition mentioned above. However, CCKC does not consider the following two points: 
1. to deal with stations whose rebalancing targets are larger than the vehicle capacity; 
2. to discriminate important stations when the saved shortage for each station by one 
instruction is heterogeneous. 

The importance of considering point 1 is that for those stations whose rebalancing 
targets are larger than the vehicle capacity, the saved shortage will usually be large 
and have a serious impact on the revenue of operators. The consideration of point 2 is 
trying to allow each rebalancing operation and each bike in the system to be utilized 
to save the bike shortage as much as possible. When the saved shortage for a station 
by one instruction is heterogeneous, we should satisfy those stations with higher 
saved shortages first. 

In order to overcome these two points, in this paper, we propose the Partial De-
mand Fulfilling Capacity Constrained Clustering (PDF3C) algorithm which allows 
the rebalancing target to be partially considered and takes into account the saved 
shortage for different stations using average saved shortage. The flowchart and the 
pseudo code of the proposed algorithm are illustrated in Figure 2 and Algorithm 1, 
respectively. 

 
Fig. 2. Partial Demand Fulfilling Capacity Constrained Clustering algorithm flowchart 

Before the details of the proposed algorithm, we demonstrate the flowchart first. 
The initialization step is to clear the cluster assignment for each station and reset the 
station set. After that, we then markup stations whose rebalancing targets are larger 
than the vehicle capacity and assign each of the remaining stations to its closest clus-
ter. In the following remove station step, while the balance condition for any one 
cluster is violated, we keep removing some stations with lower priority until the bal-
ance condition is not violated for that cluster. Next, in the insert station step, we try to 
utilize the remaining capacity for each vehicle to cover outlier stations. After the in-
sert station step, stations still belonging to no cluster are real outlier stations. Finally, 
cluster centers will be updated and all steps will be repeated until centers are not 
changed. 
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We now begin to demonstrate the proposed algorithm. Inputs of Algorithm 1 in-
clude the travel cost TC , rebalancing targets b , vehicle capacity k , set of clusters 
C , set of current station nodes Ns , set of original station nodes Nori , set of initial 
cluster centers E , which can be generated randomly or by some other methods, and 
the benefit threshold ε . First, in the initialization step, Step 1 resets current station 
set to the original station set and Step 2 clears the cluster assignments for each station, 
and then Step 3 markups outlier stations with large rebalancing targets. Step 4 assigns 
each of the remaining station to its closest cluster. When the balance condition is vio-
lated, Step 5~8 keep removing stations with lower priority which is determined by the 
distance to other clusters and the average saved shortage for that station. Next, in Step 
9~20, stations without a cluster assignment are reassigned where the priority of these 
stations are similar to Step 5~8 but in a contrary way. For each reassigned station, the 
available candidate cluster set is determined by the benefit which is computed by the 
average saved shortage and the available rebalancing target where the available re-
balancing target is the maximum rebalancing target that can be included into the cur-
rent considered cluster. If the available rebalancing target is equal to the original re-
balancing target, it means that the rebalancing target of the reassigned station can be 
fully included by the candidate cluster. Therefore, the reassigned station will be as-
signed to the candidate cluster directly. Otherwise, the reassigned station will be du-
plicated with the available rebalancing target and the duplicated one will be assigned 
to the candidate cluster while the rebalancing target of the original reassigned station 
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will be subtracted by the available rebalancing target. In other words, when the avail-
able rebalancing target is not equal to the original rebalancing target, we will split the 
reassigned station into two stations with the available rebalancing target and the re-
maining rebalancing target respectively. After adjusting the clustering result with 
considering the balance condition, cluster centers are updated in Step 21. Then, Step 
22 determines whether these cluster centers are changed. If not, Step 23 returns the 
clustering result; otherwise, the algorithm restarts from Step 1 with these updated 
cluster centers. 

In above, we have demonstrated the PDF3C algorithm completely. Since the pro-
posed algorithm is based on the CCKC algorithm, we summarize main differences as 
follows. 

• First, in Step 3, stations with too large rebalancing target are excluded before sta-
tion assignments. By this way, we avoid the problem occurred in [5] that all sta-
tions will be removed from a cluster if the cluster includes a station whose re-
balancing target is larger than the vehicle capacity.

• Second, in Step 11~20, to deal with stations with large rebalancing target and fully
utilize the capacity of each vehicle, the rebalancing target of a station is allowed to
be partially considered by different clusters.

• Third, in Step 11, in addition to the original distance threshold in CCKC algorithm,
we also take into account how much shortage can be saved when inserting a station
into a cluster to further identify valuable stations to be included.

• Forth, in Step 7 and Step 9, because the penalty function is different for each sta-
tion, we include the concept of average saved shortage to discriminate which sta-
tion can save more shortage.

After the PDF3C algorithm, stations whose rebalancing target is not zero will be
divided into clusters and some of them will become outlier stations. Next, in the mul-
ti-vehicle route optimization step, the MILP model will use the clustering result to 
reduce the problem scale. 

Multi-vehicle Route Optimization. 
In this step, we use the Arc Index formulation which is the MILP model proposed 

by [11] to solve the static bike rebalancing problem. To reduce the problem scale for 
the MILP model, the creation of decision variables and constraints, which are refer-
enced by vehicles and stations, will be decided according the clustering result. In 
order to see how many decision variables and constraints can be reduced, we then 
briefly introduce the Arc Index Formulation where the notations used to describe the 
MILP model are summarized in Table 1. 

Because of the limited space, some details such as the binary and general integrali-
ty constraints, non-negativity constraints, sub-tour elimination constraints, penalty 
function piecewise constraints and the decision variables relative to those constraints, 
which can be found in [11], will not be introduced here. 
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Table 1. The summary of notations 

 
The Arc Index (AI) is formulated by following objective function and constraints: 
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The objective function (5) minimizes the bike shortage and the travel cost with a 
trade-off parameter α . Constraints (6) are inventory-balance constraints. For each 
station, the number of bikes after rebalancing operation is the original number of 
bikes plus the sum of load (positive) and unload (negative) instructions by all vehi-
cles. Constraints (7) represent the conservation of inventory for each vehicle. When a 
vehicle travels through one station, checking the cross in vy can determine the past 
station and the next station, then the difference of two numbers in vy is the number of 
bikes loaded or unloaded in that station. Constraints (8) limit the vehicle capacity. If a 
vehicle does not travel through two stations directly, the corresponding element in vx
will be zero, hence there is no capacity. Constraints (9) ensure the travel frequency 
from one station is equal to the travel frequency to that station. Constraints (10) re-
strict each station to be visited at most once by the same vehicle, while the depot can 
be visited more than one time. To fit our problem definition, we modify constraints 
(10) to constraints (11) which also restrict that the depot can be visited at most one
time. Constraints (12) and constraints (13) limit the pick-up quantity and drop-off
quantity for one station by all vehicles respectively. Constraints (14) make sure that
the sum of pick-up quantity and the sum of drop-off quantity are equal. Constraints
(15) are the time limit constraints for each vehicle which consist of the total instruc-
tion time and the total travel time.

In addition, since the execution time allowed for the route optimization is limited, 
time assignments for each single-vehicle bike rebalancing problem will be difficult 
because some clusters with more stations will take a longer time. To address the prob-
lem of time assignments, we use only one MILP model to solve the multi-vehicle bike 
rebalancing problem while the decision variables and constraints are still can be re-
duced according to the clustering result. 

After reducing the decision variables and constraints of MILP model, we conduct 
the optimization to get the final result of the static bike rebalancing problem. 

So far, we have already demonstrated the proposed method completely. The pro-
posed method starts from using the penalty function to compute the station rebalanc-
ing target and the average saved shortage. The average saved shortage is used to dis-
criminate the importance of each station and the station rebalancing target is used to 
check the balance condition. Then, before using the MILP model to solve the static 
bike rebalancing problem, we first utilize the clustering algorithm to divide all sta-
tions into several clusters and some outlier stations and then use these assignments to 
reduce the number of decision variables and constraints in the MILP model. Finally, 
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the MILP model with reduced decision variables and constraints is used to solve the 
final rebalancing routes and instructions for each vehicle in limited time. 

In summary, based on the clustering result generated by the proposed PDF3C algo-
rithm, which allows the station rebalancing target to be partially considered by differ-
ent vehicles, stations with large rebalancing targets can be satisfied by multiple vehi-
cles. In addition, some outlier stations can be further fulfilled according to the priority 
provided by the designed average saved shortage. 

5 Experiment 

In this section, we will introduce the dataset, the baseline method and competitors in 
Section 5.1, and presents the experiment results in Section 5.2. 

5.1 Comparative Environment 

We used the dataset provided by [3]. This dataset has 200 stations with different 
workloads corresponding to different initial inventories according to the light, real 
and heavy case for each station. There are 3 vehicles with the capacity of 25 in our 
rebalance planning. The pick-up and drop-off time for each rebalancing instruction is 
60s and the time budget for rebalancing operations is 18000s. 

To verify the effectiveness of the proposed PDF3C algorithm, denoted as PDF3C, 
we use the pure MILP model named Arc Index Formulation as the baseline method 
[11], denoted as Arc Index. In addition to the baseline method, we have two other 
clustering methods as competitors, one is the original CCKC algorithm [8], denoted 
as CCKC, and the other is the 3-Step Math Heuristic method [3], denoted as 3-Step 
MH. All algorithms are adjusted based on the same assumption that the depot can be 
visited by each vehicle at most once which are similar as the constraint (10) and (11), 
and outlier station removing is also applied to CCKC to avoid cluster disappearing.  

About the parameter setting, for the MILP model, the trade-off factor is 1/900 and 
the execution time limit is 3600s [3]; for clustering algorithms, according to the trade-
off factor, the benefit threshold of PDF3C is also 1/900, the distance threshold of 
CCKC is 900 and the diameter of 3-Step MH is 800 [3] where this value of diameter 
is set according to some empirical tuning. We also conducted some experiments to 
tune the parameter and got a same conclusion of the diameter setting. 

5.2 Experiment Results 

In our experiments, we compare the objective value and the optimality gap calculated 
by a commercial solver where the objective value demonstrates the goodness of 
founded solution and the optimality gap roughly represents how much can the found-
ed solution be improved. In addition, since with different order of the same clustering 
result to reduce the problem scale of the MILP model will get different results, we 
observe experiment results both from the average case and the best case for all possi-
ble permutations of the clustering result. 
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All experiments were conducted on an Intel personal computer with Intel(R) 
Core(TM) i5-3470 CPU, 3.20GHz and 8 GB memory running Microsoft Windows 7 
Ultimate system where the MILP models were solved by the Gurobi optimizer [5] 
with version 7.0 in java code. 

Experiment results for the average case and the best case are summarized in Table 
2 and the best result for each instance is represented in bold font. In this table, in-
stance names are represented by workload and the number of stations, Obj. represents 
the objective value of founded solution and Gap. represents the optimality gap of the 
founded solution in percentage which is calculated by the Gurobi optimizer. 

Table 2. Experiment results for the average case and the best case 
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As we can see, the proposed PDF3C algorithm outperforms two competitors and 
the baseline method in most instances, especially in the best case. As for the heavy 
workload instances in the average case we do not get the best result since the problem 
scale is still large because too many stations with partial demand are considered. 
However, the best case can be interpreted as the quality of clustering result. Our 
PDF3C algorithm utilizes the mechanism of partial demand including and the concept 
of average saved shortage to cover more valuable stations and generate clusters with 
higher potential quality. 

6 Conclusions and Future Work 

In this paper, we proposed a Partial Demand Fulfilling Capacity Constrained Cluster-
ing (PDF3C) algorithm to reduce the problem scale of the static bike rebalancing 
problem. The PDF3C algorithm can discover outlier stations and group remaining 
stations into several clusters. Furthermore, our PDF3C algorithm allows the demands 
of one station to be partially considered by different clusters and considers the aver-
age saved shortage for each station to increase the potential quality of generated clus-
ters. Experiment results verified that using the clustering results generated by our 
algorithm to reduce the number of decision variables and constraints in the MILP 
model can get better results than other clustering algorithms or pure MILP model. In 
future works, based on current clustering results generated by our PDF3C algorithm, 
we will try to utilize other reduction manners to further reduce the problem scale to 
get better results. 
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Abstract. Since the era of data explosion, data mining in large transactional da-

tabases has become more and more important. There are many data mining 

techniques like association rule mining, the most important and well-researched 

one. Furthermore, frequent itemset mining is one of the fundamental but time-

consuming steps in association rule mining. Most of the algorithms used in lit-

erature find frequent itemsets on search space items having at least a minsup 

and are not reused for subsequent mining. Therefore, in order to decrease the 

execution time, some parallel algorithms have been proposed for mining fre-

quent itemsets. Nonetheless, these algorithms merely implement the paralleliza-

tion of Apriori and FP-Growth algorithms. To deal with this problem, several 

parallel NPA-FI algorithms are proposed as a new approach in order to quickly 

detect frequent itemsets from large transactional databases using an array of co-

occurrences and occurrences of kernel item in at least one transaction. Parallel 

NPA-FI algorithms are easily used in many distributed file system, namely Ha-

doop and Spark. Finally, the experimental results show that the proposed algo-

rithms perform better than other existing algorithms. 

Keywords: Association rules, Co-occurrence items, Frequent itemsets, Parallel 

algorithm. 

1 Introduction 

Mining frequent itemsets is a fundamental and essential problem in many data mining 

applications such as the discovery of association rules, strong rules, correlations, mu l-

ti-dimensional patterns, and many other important discovery tasks. The problem is 

formulated as follows: Given a large database of set of items transactions, find all 

frequent itemsets, where a frequent itemset is one that occurs in at least a user-

specified percentage of transaction database [4]. 

In the last three decades , most of the mining algorithms for frequent itemsets, pro-

posed by various authors around the world, are based on Apriori [5] and FP-Tree 

[6,9]. Simultaneously to speed up the implementation of the mining frequent itemsets, 
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authors worldwide propose the parallelization of algorithms based on the Apriori [1,7] 

and FP-Tree [8]. In this paper, we propose a novel sequential algorithm that mines 

frequent itemsets, and then, parallelizing the sequential algorithm to demonstrate the 

multi-core processors in an effective way as follows . 

─ Algorithm 1: Computing Kernel_COOC array of co-occurrences and occurrences 

of kernel item in at least one transaction; 

─ Algorithm 2: Generating all frequent itemsets based on Kernel_COOC array; 

─ Parallel NPA-FI algorithm quickly mining frequent itemsets from large transac-

tional databases implemented on the multi-core processors. 

This paper is organized as follows: in section 2, we describe the basic concepts for 

mining frequent itemsets, benchmark datasets description and data structure for trans-

action databases. Some theoretical aspects of our approach relies, are given in section 

3. Besides, we describe our sequential algorithm to compute frequent itemsets on

large transactional databases. After that we parallelize the proposed sequential algo-

rithm. Details on implementation and experimental tests are discussed in section 4.

Finally, we conclude with a summary of our approach, perspectives and extensions of

this future work.

2 Background 

2.1 Frequent Itemset Mining 

Let { }  be a set of distinct items. A set of items 
{ }  is called an itemset, an itemset with  items is 

called a    . Ɗ be a dataset containing  transaction, a set of transaction 
{ }  and each transaction    {  } 

Definition 1. The support of an itemset   is the number of transaction in which oc-

curs as a subset, denoted as  . 
Definition 2. Let  be the threshold minimum support value specified by 

user. If    , itemset   is called a frequent itemset, denoted    is the 

set of all the frequent itemset. 

Property 1.   
Property 2.   
See an example transaction database  in Table 1. 

Table 1. The Transaction database   used as our running example. 

TID Items 

t1 A C E F t6 E 

t2 A C G t7 A B C E 

t3 E H t8 A C D 

t4 A C D F G t9 A B C E G 

t5 A C E G 10 A C E F G 
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Table 2. Mining frequent itemsets. 

k-itemset FI (minsup = 2) FI (minsup = 3) FI (minsup = 5) 

1 D, B, F, G, E, A, C F, G, E, A, C G, E, A, C 

2 
BE, BA, BC, DA, DC, FE, FG, 

FA, FC, GE, GA, GC, EA, EC, AC 

FA, FC, GE, GA, 

GC, EA, EC, AC 

GA, GC, EA, 

EC, AC 

3 

BAC, BEA, DAC, FEA, BEC, 

FEC, FGA, CFG, FAC, GEA, 

GEC, EAC, GAC 

FAC, GEA, 

GEC, GAC, 

EAC 

GAC, EAC 

4 BEAC, FGAC, FEAC, GEAC GEAC 

Example 1. See Table 1. There are eight different items {               } 
and ten transactions { }.  Table 2 shows the frequent 

itemsets at three different minsup values–2 (20%), 3 (30%) and 5 (50%) respectively. 

2.2 Benchmark Description 

Djenouri et al categorized the datasets: Three types of well-known instance details the 

characteristic of these benchmarks [10]. 

Table 3. Datasets description. 

Instance type #Trans #Items #Avg.Length 

Medium 6,000 to 9,000 500 to 16,000 2 to 500 

Large 100,000 to 500,000 1,000 to 1,600 2 to 10 

Big up 1,600,000 up 500,000 

2.3 Data Structure for Transaction Database 

The binary matrix is an efficient data structure for mining frequent itemsets [2,3]. The 

process begins with the transaction database transformed into a binary matrix BiM, in 

which each row corresponds to a transaction and each column corresponds to an item. 

Each element in the binary matrix BiM contains 1 if the item is presented in the cu r-

rent transaction; otherwise it contains 0.  

TID A B C D E F G H 

t1 1 0 1 0 1 1 0 0 

t2 1 0 1 0 0 0 1 0 

t3 0 0 0 0 1 0 0 1 

t4 1 0 1 1 0 1 1 0 

t5 1 0 1 0 1 0 1 0 

t6 0 0 0 0 1 0 0 0 

t7 1 1 1 0 1 0 0 0 

t8 1 0 1 1 0 0 0 0 

t9 1 1 1 0 1 0 1 0 

t10 1 0 1 0 1 1 1 0 

Fig. 1. A binary matrix BiM representation of example transaction database. 
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3 The Proposed Algorithms 

3.1 Generating Array of Co-occurrence Items of Kernel Item 

In this part, we illustrate the framework of the algorithm generating co-occurrence 

items of items in transaction database. 

Definition 3. Project set of item    on database  :       {    |     }  is set 

of transaction contain item    ( – decreasing monotonic) . According to Definition 1: 

(1) 

Example 2. See Table 1. Consider item  , we detect project set of item   on data-

base         {     } then                .  

Definition 4. Project set of itemset   {         }        ̅̅ ̅̅

 .  

(2) 

Example 3. See Table 1. Consider item  , we detect project set of item   on data-

base { } then 
 { }  { }  { }  .  

Definition 5. Let is called a kernel item. Itemset is called co-

occurrence items with kernel item   ,  so that satisfy  .  Denoted 

as .  

Example 4. See Table 1. Consider item   as kernel item, we detect co-occurrence 

items with item  as         {  } and                   .  

Definition 6. Let  is called a kernel item. Itemset         is called occur-

rence items with kernel item in as least one transaction, but not co-occurrence 

items, so that satisfy  .  Denoted as 

.  

Example 5. See Table 1. Consider item as kernel item, we detect occurrence 

items with item  in as least one transaction { } and       {  }
{ }.

Algorithm Generating Array of Co-occurrence Items 

This algorithm is generating co-occurrence items of items in transaction database and 

archive into the Kernel_COOC array. Each element within the Kernel_COOC, 4 

fields: 

─ Kernel_COOC[k].item : kernel item  ; 

─ Kernel_COOC[k].sup : support of kernel item  ; 

─ Kernel_COOC[k].cooc : co-occurrence items with kernel item  ; 

─ Kernel_COOC[k].looc : occurrence items kernel item  in least one transaction. 

311



The framework of Algorithm 1 is as follows: 

Algorithm 1. Generating Array of Co-occurrence Items 

Input : Dataset Ɗ 

Output: Kernel_COOC array, matrix BiM 

1: foreach Kernel_COOC[k] do 

2: Kernel_COOC[k].item =   

3: Kernel_COOC[k].sup =   

4: Kernel_COOC[k].cooc =  

5: Kernel_COOC[k].looc = 0 

6: foreach      do 

7: foreach       do 

8: Kernel_COOC[k].sup ++ 

9: Kernel_COOC[k].cooc = Kernel_COOC[k].cooc AND vectorbit( 

10: Kernel_COOC[k].looc = Kernel_COOC[k].looc OR vectorbit( 

11: sort Kernel_COOC array in ascending by support  

We illustrate Algorithm 1 on example database in Table 1. 

Initialization of the Kernel_COOC array, number items in database m= 8; 

Item A B C D E F G H 

sup 0 0 0 0 0 0 0 0 

cooc 11111111 11111111 11111111 11111111 11111111 11111111 11111111 11111111 

looc 00000000 00000000 00000000 00000000 00000000 00000000 00000000 00000000

Read once of each transaction from t1 to t10 

Transaction    {  } has vector bit representation 10101100; 

Item A B C D E F G H 

sup 1 0 1 0 1 1 0 0 

cooc 10101100 11111111 10101100 11111111 10101100 10101100 11111111 11111111 

looc 10101100 00000000 10101100 00000000 10101100 10101100 00000000 00000000 

Transaction {  } has vector bit representation 10100010; 

Item A B C D E F G H 

sup 2 0 2 0 1 1 1 0 

cooc 10100000 11111111 10100000 11111111 10101100 10101100 10100010 11111111 

looc 10101110 00000000 10101110 00000000 10101100 10101100 10100010 00000000 

Transaction {  } has vector bit representation 00001001; 

Item A B C D E F G H 

sup 2 0 2 0 2 1 1 1 

cooc 10100000 11111111 10100000 11111111 00001000 10101100 10100010 00001001 

looc 10101110 00000000 10101110 00000000 10101101 10101100 10100010 00001001 

Transaction {  } has vector bit representation 10110110; 
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Item A B C D E F G H 

sup 3 0 3 1 2 2 2 1 

cooc 10100000 11111111 10100000 10110110 00001000 10100100 10100010 00001001 

looc 10111110 00000000 10111110 10110110 10101101 10111110 10110110 00001001 

Transaction {  } has vector bit representation 10101010; 

Item A B C D E F G H 

sup 4 0 4 1 3 2 3 1 

cooc 10100000 11111111 10100000 10110110 00001000 10100100 10100010 00001001 

looc 10111110 00000000 10111110 10110110 10101111 10111110 10111110 00001001 

Transaction { } has vector bit representation 00001000; 

Item A B C D E F G H 

sup 4 0 4 1 4 2 3 1 

cooc 10100000 11111111 10100000 10110110 00001000 10100100 10100010 00001001 

looc 10111110 00000000 10111110 10110110 10101111 10111110 10111110 00001001 

Transaction {  } has vector bit representation 11101000; 

Item A B C D E F G H 

sup 5 1 5 1 5 2 3 1 

cooc 10100000 11101000 10100000 10110110 00001000 10100100 10100010 00001001 

looc 11111110 11101000 11111110 10110110 11101111 10111110 10111110 00001001 

Transaction {  } has vector bit representation 10110000; 

Item A B C D E F G H 

sup 6 1 6 2 5 2 3 1 

cooc 10100000 11101000 10100000 10110000 00001000 10100100 10100010 00001001 

looc 11111110 11101000 11111110 10110110 11101111 10111110 10111110 00001001 

Transaction {  } has vector bit representation 11101010; 

Item A B C D E F G H 

sup 7 2 7 2 6 2 4 1 

cooc 10100000 11101000 10100000 10110000 00001000 10100100 10100010 00001001 

looc 11111110 11101010 11111110 10110110 11101111 10111110 11111110 00001001 

The last, transaction {  } has vector bit representation 10101110; 

Item A B C D E F G H 

sup 8 2 8 2 7 3 5 1 

cooc 10100000 11101000 10100000 10110000 00001000 10100100 10100010 00001001 

looc 11111110 11101010 11111110 10110110 11101111 10111110 11111110 00001001 

After the processing of Algorithm 1, the Kernel_COOC array as follows: 
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Table 4. Kernel_COOC array are ordered in support ascending order. 

Item H B D F G E A C 

sup 1 2 2 3 5 7 8 8 

cooc E A, C, E A, C A, C A, C C A 

looc G F, G D, E, G B, D, E, F A,B,C,F,G,H B,D,E,F,G B,D,E,F,G 

Fig. 2. The pattern-tree of occurrence items with kernel item in as least one transaction. 

See Table 3 and Figure 2, we have cooc(A) = {C} and cooc(C) = {A}. In this case, 

the frequent itemset generated from A and C items will be duplicated. We provide a 

Definition 7, 8 to eliminate the duplication when generating frequent itemsets. 

Definition 7. Let                  items are ordered in support ascending 

order,  is called a kernel item. Itemset   is called co-occurrence items 

with the kernel item   ,  so that satisfy  (     )                   .  

Denoted as .  

Definition 8. Let  items are ordered in support ascending 

order,  is called a kernel item. Itemset   is called occurrence items with 

kernel item in as least one transaction, but not co-occurrence items, so that satisfy 

.  Denoted as 

.  

314



Additional command line 12, 13 and 14 into Algorithm 1: 

12: foreach       do 

13: Kernel_COOC[k].cooc = lexcooc(  ) 

14: Kernel_COOC[k].looc = lexlooc(  ) 

We have looc(G) = {B, D, E, F}, where    , so lexlooc(G) = {E}. 

Execute command line 12, 13 and 14 has result on Table 4. 

Table 5. the Kernel_COOC array are co-occurrence items ordered in support ascending order. 

Item H B D F G E A C 

sup 1 2 2 3 5 7 8 8 

cooc E A, C, E A, C A,C A, C  C   

looc  G F, G G, E E A, C    

Fig. 3. The pattern-tree was reduced by Definition 7 and 8. 

3.2 Algorithm Generating All Frequent Itemsets  

In this part, we illustrate the framework of the algorithm generating all frequent item-

sets bases on the             array. 

Lemma 1.                          and 
  then 

Proof. According to Definition 8, (1) and (2): then  and 

■.

Example 6. See Table 4. Consider the item  as kernel item (minsup = 2), we de-

tect co-occurrence items with the item   as {  } and 
{   }  then  .  

Lemma 2. ,  if 

 and  then 

 ,  .  
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Proof. According to Definition 8, 9: then 

 and  . Therefore, we have 

 ,  ■.

Example 7. See Table 4. Consider the item  as kernel item (minsup = 2), we de-

tect co-occurrence items with item   as    {   },           {      } 
lexlooc(G) = {E} and sup(GE) = 3  then   

 .  

The framework of Algorithm 2 is presented as follows: 

Algorithm 2. Generating all frequent itemsets satisfy minsup 

Input : minsup, Kernel_COOC array, Dataset Ɗ 

Output: FI 

1: foreach Kernel_COOC[k].sup ≥ minsup do 

2: FI[k] =    

3: if (Kernel_COOC[k].sup = minsup) then 

4: Co  GenSub(Kernel_COOC[k].cooc)//generating noempty subsets of cooc 

5: foreach        do 

6: FI[k] = FI[k]  {      } 

7: else 

8: if (Kernel_COOC[k].cooc = ) then 

9: Lo  GenSub(Kernel_COOC[k].looc)//generating noempty subsets of looc 

10: foreach        do 

11: FI[k] = FI[k]  {      } 

12: else 

13: Co  GenSub(Kernel_COOC[k].cooc) 

14: foreach        do 

15: Ft = Ft { } 

16: Lo  GenSub(Kernel_COOC[k].looc) 

17: foreach        do 

18: Fk = Fk  { } 

19: foreach       do 

20: foreach        do 

21:  FI[k] = FI[k]  { } 

22: FI[k] = FI[k]  

23: sort FI in descending by support 

We illustrate Algorithm 2 on example database in Table 1, and minsup = 3. After 

the processing Algorithm 1, the Kernel_COOC array in Table 5 is showed. 

Line 3, consider items satisfying minsup as kernel items {F, G, E, A, C}; 

Consider kernel item F, sup(F) = 3 = minsup (Lemma 1- form line 5 to 6) generat-

ing all frequent with kernel item F as FI[F] = {(F, 3), (FA, 3), (FC, 3), (FAC, 3)}. 
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Consider the kernel item G (from line 12 to 21): the powerset of co-occurrence 

items of kernel item G as set Co ={A, C, AC}, generating frequent itemsets Ft = 

{(GA, 5), (GA, 5), (GAC, 5)}; line 16 – generating noempty subsets of looc field Lo 

= {E}, Fk = {GE} – generating frequent itemsets FI[G] = {(G, 5), (GA, 5), (GC, 

5), (GAC, 5), (GE, 3), (GEA, 3), (GEC, 3), (GEAC, 3)}. 

Consider the kernel item E (from line 8 to 11): generating noempty subsets of looc 

field Lo = {A, C, AC}, line 10 and 11 – generating frequent itemsets FI[E] = {(E, 7), 

(EA, 5), (EC, 5), (EAC, 5)}. 

Consider the kernel item A (similary kernel item G): Co = {C}, Ft ={(AC, 8)}, 

Lo = {}, Fk = {} – generating frequent itemsets FI[A] = {(A, 8), (AC, 8)}. 

Consider the kernel item C (similary kernel item E): Lo = {} – generating fre-

quent itemsets FI[C] = {(C, 8)}. 

Table 6. All frequent itemsets satisfy minsup = 3 (example database in Table 1). 

Kernel item Frequent itemsets - FI 

F (F,3) (FA,3) (FC,3) (FAC,3) 

G (GE,3) (GEA,3) (GEC,3) (GEAC,3) (GA,5) (GC,5) (GAC,5) (G,5) 

E (EC,5) (EA,5) (EAC,5) (E,7) 

A (A,8) (AC,8) 

C (C,8) 

Fig. 4. The diagram sequential algorithm for frequent itemsets mining (SEQ-FI). 

3.3 Parallel NPA-FI Algorithm Generating All Frequent Itemsets  

In this section, we illustrate parallel algorithms and experimental setup on the multi-

core processors (MCP). We proposed a parallel NPA-FI algorithm for because it 

quickly detects frequent itemsets on MCP using Algorithm 1 and Algorithm 2. 

The parallel NPA-FI algorithm for generating all frequent itemsets, including 2 

phases: 

- Phase 1: Computing Kernel_COOC array by parallelization Algorithm 1;

- Phase 2: Generating all frequent itemsets by parallelization Algorithm 2;

Phase 1 - Parallelization Algorithm 1 is shown in the diagram: 
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Fig. 5. The diagram parallelization Phase 1. 

In Figure 5, we split the transaction database  into c (number of core on CPU) 

parts   .  After that, the core  executes Algorithm 1 with input transac-

tion database ,  output the   array. The              array for 

the transaction database  , we compute the following equation: 

(3) 

 denoted as sum for sup, AND for cooc, OR for looc field of each element array. 

The next step, we sort the Kernel_COOC array in ascending order by supporting, 

executing commands line 12, 13 and 14 of the Algorithm 1. 

Example 8. See Table 1. We split the transaction database   into 2 parts: the data-

base    consists 5 transaction {              } and database    consists 5 transaction 

{  }.  

The processing of Algorithm 1 on database 

Item A B C D E F G H 

sup 4 0 4 1 3 2 3 1 

cooc 10100000 11111111 10100000 10110110 00001000 10100100 10100010 00001001 

looc 10111110 00000000 10111110 10110110 10101111 10111110 10111110 00001001 

The processing of Algorithm 1 on database 

Item A B C D E F G H 

sup 4 2 4 1 4 1 2 0 

cooc 10100000 11101000 10100000 10110000 00001000 10101110 10101010 11111111 

looc 11111110 11101010 11111110 10110000 11101110 10101110 11101110 00000000 

Results of equation (3), we have the Kernel_COOC array as presented in Table 4. 
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Phase 2 – Parallelization of Algorithm 2 is shown in the diagram: 

Fig. 6. The diagram parallelization Phase 2. 

In Figure 6, we split the              array from element    t o     (  
  into c parts. After that, the core j th execute Algorithm 2 with input 

  array from k+(j-1)*((m-k+1) div c) to k+j*((m-k+1) div c) element, 

returns results frequent itemsets     
. The frequent itemsets     for the transaction 

database  , we compute the following equation: 

(4) 

Example 9. See Table 1. Generating all frequent itemsets satisfy minsup= 3, the 

transaction database   split into 2 parts as Example 6. Results of phase 1 paralleliza-

tion, we have the              array as Table 5. 

The processing of Algorithm 2 on the Kernel_COOC array form item F to E: 

Kernel item Frequent itemsets - 

F (F,3) (FA,3) (FC,3) (FAC,3) 

G (GE,3) (GEA,3) (GEC,3) (GEAC,3) (GA,5) (GC,5) (GAC,5) (G,5) 

E (EC,5) (EA,5) (EAC,5) (E,7) 

The processing of Algorithm 2 on the Kernel_COOC array form item A to C: 

Kernel item Frequent itemsets - 

A (A,8) (AC,8) 

C (C,8) 

Results of equation (4), we have all frequent itemsets as presented in Table 6. 

4 Experiments 

All experiments were conducted on a PC with a Core Duo CPU T2500 2.0 GHz (2 

Cores, 2 Threads), 4Gb main memory, running Microsoft Windows 7 Ultimate. All 

codes were compiled using C#, Microsoft Visual Studio 2010, .Net Framework 4. 
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We experimented on two instance types of datasets: 

- Two real datasets that belong to medium instance are form of UCI Machine

Learning Repository [http://archive.ics.uci.edu/ml] as Pumsb and Retail da-

tasets.

- Two synthetic datasets that belong to large instance using the software are

generated by IBM Almaden Research Center [http://www.almaden.ibm.com]

as T40I1KD100K and T40I1KD200K datasets.

Table 7. Datasets description in experiments. 

Instance type Name #Trans #Items #Avg.Length Type 

Medium Pumsb 49,046 2,113 74 Dense 

Retail 88,162 16,470 10 Sparse 

Large T40I1KD100K 100,000 1,000 40 Sparse 

T40I1KD200K 200,000 1,000 40 Sparse 

Deng et al, proposed the PrePost [9] algorithm for constructing a FP-tree-like and 

mining frequent itemsets from a database. In recent years, PrePost algorithm shows 

the better performance result. We have compared the parallel NPA-FI algorithm with 

sequential algorithms (SEQ-FI) and PrePost algorithm. 

Performance implementation parallel NPA-FI algorithm on multi-core processors: 

( ) (
  )⁄  (5) 

Where: 

- : executing time of the sequential algorithm;

- : executing time of the parallel algorithm;

- : number of the core on CPU.

Fig. 7. Running time of the three algorithms on Medium datasets. 

Figure 7 (a) and ( b) show the running time of the compared algorithms on medium 

datasets Pumsb and Retail. SEQ-FI runs faster PrePost algorithm under all mini-

mum supports; NPA-FI runs faster SEQ-FI algorithm. Average performance of the 

parallel NPA-FI algorithm in turn: Pumsb as  ̅ = 0.78 (78%);  = 0.048 and Retail

as  ̅ = 0.79 (79%);  = 0.032.

320



Fig. 8. Running time of the two algorithms on Large datasets. 

Figure 8 (a) and ( b) show the running time of the compared algorithms on large 

datasets T40I1KD100K and T40I1KD200K. PrePost algorithm fails to frequent 

itemsets mining on large datasets; NPA-FI runs faster SEQ-FI algorithm. Average 

performance of the parallel NPA-FI algorithm in turn: T40I1KD100K as  ̅ = 0.81

(81%);  = 0.045 and T40I1KD200K as  ̅ = 0.81 (81%);  = 0.052.

In summary, experimental results suggest the following ordering of these alg o-

rithms as running time is concerned: SEQ-FI runs faster PrePost algorithm; NPA-FI 

runs faster SEQ-FI algorithm. Average performance of the parallel NPA-FI algo-

rithm on datasets experimental is  ̅ = 0.80 (80%);  = 0.042.

5 Conclusion 

In this paper, we have proposed a sequential architecture mining frequent itemsets on 

large transaction databases, consisting of two phases: the first phase, quickly detect a 

the Kernel_COOC array of co-occurrences and occurrences of kernel item in at least 

one transaction; the second phase, the algorithm is proposed for fast mining all fre-

quent itemset based on Kernel_COOC array. Besides, when using mining frequent 

itemsets with other minsup value then the proposed algorithm only performs mining 

frequent itemsets based on the Kernel_COOC array that is calculated previously, 

reducing the significant processing time. The next step, we develop a sequential algo-

rithm for mining frequent itemsets and thus parallelize the sequential algorithm to 

effectively demonstrate the multi-core processors. The experimental results show that 

the proposed algorithms perform better than other existing algorithms. 

The results from the algorithm proposed: In the future, we will expand the algo-

rithm to be able to mining frequent itemsets on weighted transaction databases, as 

well as to expand the parallel NPA-FI algorithm on distributed computing systems 

such as Hadoop, Spark. 
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Abstract 

Data mining techniques are capable of extracting valuable knowledge from large and variable 

databases. This work proposes a data mining method for municipal financial distress prediction. 

Using a new proxy of municipal financial situation and a sample of 128 Spanish municipalities, the 

empirical experiment obtained satisfactory results, which testifies to the viability and validity of the 

data mining method proposed for municipal financial distress prediction. 

Keywords: Financial distress prediction, Data mining, Municipalities, Individual classifiers, Local 

governments 

1. Introduction

Municipal financial distress is a global phenomenon which has captured the attention of researchers 

and managers of public institutions with the aim of contributing to the continuity and financial 

sustainability of public services. After the last financial crisis, concerns about the debts incurred by 

municipalities have increased significantly. Municipal debts are particularly worrying because they 

affect not only the daily life of citizens but also local private companies, who depend on public 

decisions [1]. In this context, numerous models have been developed to assess municipal financial 

distress [2-4]. These models can be divided into two types [5]. On the one hand, the models which 

analyse the financial situation each year to determine if there exists a state of emergency. On the 

other hand, the models which analyse fiscal capacity by using tendencies to predict revenues and 

spending [6].  
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Although the models for assessing municipal financial distress have achieved significant success, 

one of the main limitations thereof is related to measurement of financial condition, since it is not

directly observed and the researchers have created an index following previous work [7-8]. For this 

reason, current literature demands new research which will permit a comparison of results using 

others proxies of the financial situation [9]. With the objective of covering this gap, this work 

proposes a model for assessing municipal financial distress which incorporates a new proxy of 

financial situation. This new proxy is the criteria used by Spanish legislation, which refers to the 

ratio of default to municipal commercial debt. To that end, this work applied a data mining focus to 

a sample of Spanish municipalities, and this enabled their level of financial distress to be rated 

convincingly using a set of variables corresponding to 2015. 

The work is organised in the following way. After the introduction, the second section offers a 

review of the literature relating to municipal financial distress prediction. The third section presents 

the model proposed and the different methodologies used. The fourth section is devoted to data 

collection and variables. In the fifth section we present the empirical results obtained. And lastly, in 

the sixth, we present the main conclusions and implications. 

2. Literature Review

There is abundant research into municipal financial distress and it is characterised by the differing 

approaches and methods of analysis used. Initially, statistical techniques of logistic regression and 

discriminant analysis were used, and more recently, methods based on heuristic approaches, such as 

multi-criteria methods. For their part, the explanatory variables used have been financial ratios of 

liquidity, solvency, efficiency and activity and, in other cases, political variables such as fiscal 

decentralisation or even socio-economic variables such as the level of unemployment, population or 

quality of infrastructure, varying according to the financial proxy used. The first works to address 

municipal financial distress were carried out in countries such as the United States of America and 

Australia, where the availability of information was more advanced than in other developed 

countries. [10] carried out a study on the prediction and prevention of fiscal crises in local 

governments in the United States, concluding that less than half the cases attempted to predict 

municipal financial distress. The analysis determined that the lack of preparation on the part of 

politicians, business failures, demographic changes and the increase in the cost of public services 

were the causes of the financial crisis. For their part, [4] applied a model of nine indicators to a 

sample of municipalities in the state of Michigan, grading their fiscal distress on a scale of 0-10 

points, and highlighting the importance of revenue growth and the covering of costs in the budget. 

Later, [11] developed a statistical model to explain financial distress in Australian municipalities. 

They concluded that the degree of financial distress is positively associated with the size of their 

population and the nature of their revenues. [12] analysed municipal financial distress in the United 

States by addressing four dimensions (cash solvency, budgetary solvency, long-term solvency and 

services), the socio-economic environment and the size of government, with a binary dependent 

variable based on payment difficulties. The results led to the conclusion that budgetary surplus, 

short-term debt and the composition of sources of revenue are essential factors when it comes to 

determining municipal financial distress. 

Ever since European countries started to compile and publish financial details of their 

municipalities, additional research has also been carried out with reference to the European 

continent. For example, [13] analysed the unequal implementation of municipal accounting systems 

in the European Union and the reasons why some countries have resisted carrying out the necessary 

reforms. [14] constructed a model for predicting financial distress in Greek municipalities using a 

multi-criteria methodology. They obtained a level of accuracy which varied from 64.7% to 75.9% 
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in the classification of bankrupt municipalities, and close to 100% for solvent municipalities. For 

their part, [2] analysed financial performance in Irish municipalities with a benchmarking 

methodology, concluding that financial autonomy and commercial debt are the most important

variables. [15] used logistic regression to study the financial cost of local governments in Spain, 

calculating the risk premium of the municipalities with a multi-state dependent variable according 

to the reason for default, which enabled them to predict their possible state of insolvency. With this 

model, they obtained classifications with a level of accuracy of 76%, showing short-term debt, per 

capita income and the political ideology of the local government to be significant factors. 

Furthermore, [16] analysed municipal financial distress in Spain, taking into account three aspects 

of municipal finances (debt, revenues and services). Their results suggest that municipal revenues 

are the most significant aspect. [17] developed a multi-criteria model to evaluate the financial 

performance of French municipalities and reached the same conclusion regarding the importance of 

own revenues and operating expenses. Recently, [3] studied the municipal financial distress in Italy 

using a set of financial indicators and the logistic regression methodology. Their work, with a level 

of accuracy of 75%, reveals that staff costs relative to revenues, the rotation of short-terms debts 

relative to revenues, and the level of dependency on subsidies are good predictors of municipal 

financial distress. Finally, [18] examined the factors which influence municipal credit risk, using the 

case of municipal default as a dependent variable. They found that the size of the population, per 

capita income and the composition of the debt determine the probability of possible municipal 

financial distress. Their results achieved a level of accuracy of 69.14% using financial variables and 

79.73% when socio-economic variables were also included. 

3. Data mining method for municipal financial distress prediction

Data mining is the process of extracting knowledge from databases and other information storage 

media. It has several functions, such as association, classification and prediction analysis, to name 

but a few. Each of them can use various alternative data mining algorithms [19]. Data mining for 

municipal financial distress prediction needs five steps: creating sample, data preprocessing, 

construction of model, accuracy assessment, and classification and prediction, as shown in Figure 1. 

Creating sample means obtaining the relevant data from the sources which provide financial 

information about municipalities. Data preprocessing consists of the discretization of attributes of 

continuous values, data generalisation, attribute relativity analysis, and the elimination of outlying 

values. Construction of model refers to learning inductively from the data preprocessed by the 

algorithms used and choosing the model which best represents the classification of knowledge for 

municipal financial distress prediction. Accuracy assessment is the task of evaluating the model’s 

predictive accuracy by means of the set of training data and the set of validating data. Finally, 

classification and prediction consists of using the model developed to predict municipal financial 

distress. 

Fig. 1. Data mining steps in municipal financial distress prediction 

Data mining which focusses on the prediction of municipal financial distress basically resolves a 

problem of classification and prediction. For that reason, in this work we use the classifiers which 
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have obtained the best results in previous literature in models of financial distress prediction, 

specifically, Decision Trees, Naive Bayes, Multi-layer Perceptron, and Deep Belief Network [20]. 

A Decision Tree (DT) is a graphical, analytical form for classifying data by means of different 

possible paths [21]. Each of the nodes of the tree represents the different attributes of the data, the 

branches of the tree represent the possible paths to follow in order to predict the class of a new 

example, and the end nodes or leaves establish the class to which the test example belongs if the 

path along the branch in question is followed. The language of description of the DTs corresponds 

to the formulae in DNF (Disjunctive Normal Form). Thus, and in the event of having 3 

attributes available (A, B and C), each of them with two values, xi and ¬xi, where i = 1, 2, 3, 2n 

combinations can be constructed in CNF (Conjunctive Normal Form). Each of the combinations in 

CNF describes a part of the tree, and thus we would have disjunctives of the form expressed in (1).  

(x2 Λ ¬x3) V (x2 Λ x3) V (¬x2 Λ x1) V (¬x2 Λ ¬x1)           (1) 

These disjunctives are descriptors of the tree constructed, and 22n possible descriptions could be 

formed in DNF. As the order of the DT is very large, it is not possible to explore all of the 

descriptors to see which is the most suitable, and therefore heuristic search techniques are used to 

find a simple and quick way of doing so. The majority of DT construction algorithms are based on 

the Hill Climbing strategy, used in Artificial Intelligence to find the maximums or minimums of a 

function by means of a local search. This is an algorithm which begins with an empty tree and then 

segments into sets of examples, choosing in each case that attribute which best discriminates 

between the classes, until the tree is complete. In order to know which attribute is the best, a 

heuristic function is used, and the choice is irrevocable, and it is therefore essential to ensure that 

the attribute in question is the closest to the optimum.  

For its part, the Naive Bayes (NB) classifier is considered as part of the probabilistic classifiers, 

which are based on the supposition that quantities of interest are governed by probability 

distributions, and that the optimum decision can be taken by reasoning about these probabilities 

together with the data observed. In classification tasks, this algorithm is among the most used [22-

23]. [24] presents a basic guide to the different directions taken by research into NB in accordance 

with the modifications made to the algorithm. In this work we employ the traditional NB. The NB 

classifier is constructed using a Tr to estimate the probability of each class. In this way, when a new 

instance is presented, the classifier assigns to it the most probable category, which will be that 

which fulfils equation (2), i.e. the probability that, once the values which describe this new instance 

are known, it belongs to class Ci (which is the value of classification function f(x) in finite set C). 

arg max ( | )
ic C i jc P c i   (2) 

Using the Bayes theorem to estimate probability, we obtain equation (3). 

( | ) ( )
arg max

( )i

i j i

c C

j

P c i P c
c

P i
  (3) 

In equation (3) the denominator does not differ between categories and can therefore be omitted, 

giving us (4).   

arg max ( | ) ( )
ic C i j ic P c i P c    (4) 

If we also resort to the hypothesis of conditional independence, i.e. to the assumption of 

independence between attributes, it is then possible to assume that the characteristics are 

conditionally independent given the classes. This simplifies the calculations, resulting in equation 

(5). 
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1argmax ( ) ( | )
i

n

c C i k kj ic P c P a c      (5) 

where P(Ci) is the fraction of examples in Tr which belong to class Ci, and P(akj|Ci) is calculated in

accordance with Bayes’ theorem.  

The so-called Multi-Layer Perceptron (MLP) is a supervised neural network model, which would be 

composed of a layer of inputs (sensors), another output layer, and a given number of intermediate 

layers, called hidden layers in that they have no connections to the exterior. Each input sensor 

would be connected to the units in the second layer, these in turn to those of the third layer, and so 

on. The aim of the network is to establish a correspondence between a set of inputs and a set of 

desired outputs. [25] confirmed that learning in MLP constituted a special case of functional 

approximation, where no assumption exists regarding the model underlying the data analysed. The 

learning process means finding a function which correctly represents the learning patterns as well as 

carrying out a process of generalisation which permits the efficient treatment of individuals not 

analysed during learning [26]. To do this, weights W are adjusted on the basis of the information 

deriving from the sample set, considering that both the architecture and the network connections are 

known, and with the aim of obtaining those weights which will minimize learning error. 

Thus, given a set of pairs of learning patterns {(x1, y1), (x2, y2)… (xp, yp)} and a function of error ε 

(W, X, Y), the training process entails the search for the set of weights which minimizes learning 

error E(W) [26], as expressed by equation (6).  

1

min ( ) min ( , , )
p

i i
w w

i

E W W x y


  (6) 

The majority of the analytical models used to minimize the function of error employ methods which 

require the evaluation of the local gradient of function E(W), though techniques based on second 

order derivatives may also be considered [27]. While this is an area in constant development, the 

learning algorithms for the more common MLP-type networks are the backpropagation algorithm 

and its different variables, algorithms based on the conjugate gradient and the quasi-Newton 

models. 

Lastly, Deep Belief Network (DBN) is a class of deep neural network where the two upper layers 

are modelled as an unsupervised bipartite associative memory. For their part, the lower layers of the 

network constitute a supervised graphical model called a sigmoid belief network. The difference 

between sigmoid belief networks and DBN lies in the parametrization of the hidden layers [26]. 

Equation (7) describes a DBN, where v is the vector of visible units, 1( | )k kP h h is the conditional

probability of visible units given the hidden ones at level k, and 1( , )lP h h is the joint distribution at

the top level for 1 2( ) [1, ( ), ( ),..., ( )]T

mx n x n x n x n . 

2
1 1 | 1

0

( , ,..., ) ( , )( ( | )
l

l l l k k

k

P v h h P h h P h h


 



   (7) 

When we apply DBN to a set of data, we are looking for a model 1( , )lQ h h for the true posterior
1( , )lP h h . The subsequent Qs are all approximations, except for the top level 1( , )lQ h h  which is

equal to the true posterior 1( , )lP h h and allows us to make an exact inference ([26].

4. Data collection and variables

This work uses a sample of 128 Spanish municipalities. All fulfil the condition of having a 

population of over 50,000 inhabitants, in line with the criteria proposed by [15]. The information 

corresponding to the municipalities in the sample refers to 2015 and is provided by the Spanish 

327



Court of Auditors, which publishes data related to the annual accounts of Spanish municipalities. In 

addition, and in order to validate the models to be estimated and to test predictive ability, test 

samples were used that were different and unrelated to those used in estimating the model. We then

proceeded to divide the data into two different samples, one used to build the model (training data) 

and another for testing it (testing data). 

The majority of the studies which address municipal financial distress have used explanatory 

variables which refer to the municipalities’ financing structure. For this study, we have selected a 

set of financial variables from among those most used in the previous literature [14-15]. These 

selected variables comprehensively reflect the financial structure of Spanish municipalities and are 

related to indebtedness, municipal revenues, the capacity of revenues to pay debts and cover costs, 

and the volume of subsidies. Moreover, we use variables of political transparency which indicate 

the quality of information and management of a municipality [18, 28]. Table 1 shows the definition 

of the variables used in the study. 

Table 1. Variables definition 

Code      Description 

Financial variables 

F1 Financial Debt / Commercial Debt 

F2 Own Revenue / Total Revenue 

F3 Short-Term Debt / Long-Term Debt 

F4 Total Debts / Total Assets 

F5 Own Revenue / Total Debts 

F6 Short-Term Debt / Own Revenue 

F7 Operating Expenses / Own Revenue 

F8 Subsidies / Population 

F9 Own Revenue / Population 

Transparency variables 

T1 Voter turnout 

T2 Political competence 

T3 Political ideology 

T4 Population 

T5 Unemployment 

T6 Total Debts 

T7 Investment 

T8 Political party fragmentation 

T9 Political fragmentation 

Variables F1, F3 and F4 refer to the structure of municipal debt. F1 shows the origin of the debt 

incurred by the municipality, indicating the proportion deriving from finance by suppliers 

(commercial debt) and the proportion arising from bank finance (financial debt). For its part, F3 

represents the composition and duration of the financial debt. Variable F4 registers the dependency 

of a municipality on external finance. On the other hand, variables F2 and F9 show the structure of 

municipal revenues. The first variable measures the degree of autonomy of the municipality 

compared with possible subsidies received from the central government. The second variable is an 

indicator of municipal revenue per capita. Variables F5, F6 and F7 refer to the capacity of revenues 

to pay debts and cover municipal costs. Variable F5 represents the cover provided by municipal 
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revenues in relation to total accumulated debt. Lastly, variable F8 refers to the volume of subsidies 

which would correspond to each citizen. 

With regard to the transparency variables, variable T1 shows the level of citizen involvement in 

politics and is a proxy of the demand for transparency. Variable T2 is related to the level of 

approval of the activities of the political parties and the level of pressure for greater transparency. 

Variables T4 and T5 provide information about the characteristics of the population, while variables 

T6 and T7 are related to investment and debt, calculated on a per capita basis. Lastly, variables T8 

and T9 indicate the composition of the municipal government and the distribution of power. T8 is 

calculated by dividing the number of councillors belonging to the ruling party by the total number 

of councillors, and T9 is calculated by dividing the number of parties with representation in the 

local assembly by the total number of councillors.  

Finally, our model incorporates as a dependent variable a new proxy of financial situation and, as 

mentioned above, makes reference to the ratio of default to municipal commercial debt. This is a 

point of reference deriving from Spanish Legislation (Organic Law 2/2012, dated 27
th

 April 2012,

regarding Budgetary Stability and Financial Solvency and Royal Decree-Law 635/2014, dated 25
th

July 2014) as an indicator of financial distress. According to this proposal, municipalities are 

considered to in a good financial situation if the average period for paying debts is less than 30 

days. For this purpose, municipalities are classified in two groups according to their average period 

of payment. In particular, municipalities with an average period of payment of less than 30 days are 

considered to be in a non-financial distress situation, while those with an average period of payment 

greater than 30 days are classified as being in a financial distress situation. The above-mentioned 

Royal Decree-Law 635/2014 stipulates the calculation of the average period of payment as the 

division of outstanding debts by net acknowledged debts (taking into account in both cases 

spending on current goods and services and real investments), multiplied by 365 days. 

5. Empirical results

The main descriptive statistics of the selected variables for this work are shown in Table 2. 

Municipalities in a situation of financial distress (FD=1), compared with those that are not (FD=0) 

are characterized by a higher leverage level (F1, F4), high Short-Term Debt / Own Revenue (F6), 

and high Operating Expenses / Own Revenue (F7). Also, they present higher average values in 

Total Debts (T6) and higher Political Fragmentation (T9).  

Table 3 and Figure 2 show the results obtained with DT, NB, MLP, and DBN classifiers. The 

accuracy rates for the training data are 95.45%, 83.97%, 85.52%, and 88.43% respectively. With 

testing data, the accuracy rates are slightly older, except for DT (79.04%, 84.35%, 93.91%, and 

91.27%). Comparing the level of prediction for the model studied, a higher accuracy rate for MLP 

is seen. With MLP, the significant variables are Short-Term Debt / Own  Revenue (F6), Operating 

Expenses / Own  Revenue (F7), Subsidies / Population (F8), Total Debts (T6), and Political 

Fragmentation (T9), which, taken as a whole, constitute the best set of predictors for municipal 

financial distress. 
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Table 2. Descriptive statistics 

  F1   F2   F3   F4   F5   F6   F7   F8   F9    T1   T2    T3   T4   T5   T6   T7  T8   T9 

FD= 1 

Mean 0.892 2.217 1.771 0.464 0.597 0.806 1.131 78.216 1687.146 61.519 16.871 3.357 130679.156 13584.281 1230.222 5495.106 0.265 0.161 

Median 0.324 1.854 1.428 0.281 0.416 0.594 0.843 45.227 1145.26 48.945 9.439 2.158 8851.373 8194.572 1027.358 4087.601 0.149 0.095 

St. Dev. 2.504 3.909 2.324 0.358 2.845 1.258 0.346 33.603 825.373 7.552 13.039 1.749 1317.259 1228.028 874.170 670.118 0.107 0.044 

N 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 

FD= 0 

Mean 0.410 2.324 0.613 0.315 0.667 0.450 0.953 89.885 2204.025 62.497 20.799 0.272 217184.328 19969.046 871.569 6721.257 0.096 0.145 

Median 0.294 1.847 0.521 0.254 0.548 0.378 0.683 72.157 1753.548 54.324 15.279 0.168 186536.865 16352.653 594.896 5946.974 0.049 0.114 

St. Dev. 0.411 1.264 0.639 0.238 3.766 0.554 0.285 37.030 120.381 20.799 11.499 0.323 4325.542 3211.803 629.853 191.356 0.089 0.039 

N 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 64 

P-value (Kruskal-Wallis 

test) 
0.006 0.070 0.057 0.007 0.630 0.000 0.001 0.094 0.208 0.602 0.070 0.931 0.429 0.646 0.007 0.328 0.061 0.027 

Table 3. Results of accuracy evaluation 

Method 

Accuracy classification (%)  RMSE 

Significant variables       Training  Testing  Training  Testing 

DT  95.45  79.04      1.28  1.35 F2, F5, F6, T2, T8 

NB  83.97  84.35      1.69  1.81 F1, F4, T1, T8, T9 

MLP  85.52  93.91     0.97  0.92 F6, F7, F8, T6, T9 

DBN  88.43  91.27      1.41  1.28 F5, F6, F8, T3, T6, T9 
 RMSE: Root mean squared error. 
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Fig. 2. Accuracy in testing data for 500 iterations 

The results of this work show that the model developed increases the ability to predict municipal 

financial distress, compared with previous studies. Using MLP and the ratio of default to municipal 

commercial debt as a proxy of financial distress, the prediction accuracy is 93.91%. These results 

are higher than those contained in previous literature. For example, [15] using logistic regression 

and a multi-state dependent variable on the basis of the cause of default, obtained a level of 

accuracy of 76%. [3], also using logistic regression, and with a set of financial indicators, achieved 

a level of accuracy of 75%. [18] used the case of municipal default as a dependent variable and their 

results achieved a level of accuracy of 69.14% using financial variables, and 79.73% when also 

including socio-economic variables. 

The accuracy levels obtained exceed those achieved in previous studies, possibly also due to the 

larger variable set used in this study, which also includes transparency variables such as Voter 

Turnout and Political Ideology. Transparency is a concept which refers to the availability of 

information about governmental institutions and which enables citizens and other external agents to 

verify the performance of public institutions [29-30]. The transparency of municipal governments is 

related to the financial situation thereof [9], and the use of a set of transparency variables has 

enhanced the predictive power of the model constructed in this work. 
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6. Conclusions and implications

Municipal financial distress is a global phenomenon which has captured the attention of researchers 

and managers of public institutions in recent decades. In this context, numerous models have been

developed for evaluating municipal financial distress and one of their main limitations is related to 

the measurement of financial condition, since it is not directly observed. For this reason, current 

literature requires new research which will permit a comparison of results using others proxies of 

financial situation. This work proposes a model for evaluating the financial distress of 

municipalities which incorporates a new proxy of their financial situation, specifically the ratio of 

default to municipal commercial debt. To this end, a data mining focus was applied to a sample of 

Spanish municipalities, and this enabled their level of financial distress to be graded convincingly 

using a set of variables corresponding to 2015. 

Using the MLP method, our model obtained a level of accuracy greater than 93% and has 

successfully determined the best set variables for predicting municipal financial distress. This set 

includes financial variables and variables related to the transparency of municipal government. 

Compared with previous studies, the model developed in this work increases the ability to predict 

municipal financial distress, and confirms that the use of different proxies of the financial situation 

of a municipality provides noticeably different results. 

Our results contribute to the knowledge of the financial situation of municipalities in various senses. 

On the one hand, it can help researchers and academics to understand how the use of certain proxies 

of financial situation can enhance the level of accuracy of municipal financial distress models. On 

the other hand, our findings could be very helpful to local government financial managers, 

politicians and tax authorities as we have identified factors whose evolution may influence both the 

viability of public services and the effectiveness of measures taken to meet the goals of budgetary 

stability and financial sustainability. 
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Abstract. Emerging technologies provide a variety of sensors in smart-
phones for state monitoring. Among all the sensors, the ubiquitous WiFi
sensing is one of the most important components for the use of Internet
access and other applications. In this work, we propose a WiFi-based
sensing for store revenue forecasting by analyzing the customers’ be-
havior, especially the grouped customers’ behavior. Understanding cus-
tomers’ behavior through WiFi-based sensing should be beneficial for
selling increment and revenue improvement. In particular, we are inter-
ested in analyzing the customers’ behavior for customers who may visit
stores together with their partners or they visit stores with similarly
patterns, called group behavior or group information for store revenue
forecasting. The proposed method is realized through a WiFi signal col-
lecting AP which is deployed in a coffee shop continuously for a period of
time. Following a procedure of data collection, preprocessing, and feature
engineering, we adopt Support Vector Regression to predict the coffee
shop’s revenue, as well as other useful information such as the number of
WiFi-using devices, the number of sold products. Overall, we achieve as
good as 7.63%, 11.32% and 14.43% in the prediction on the number of
WiFi-using devices, the number of sold products and the total revenue
respectively if measured in Mean Absolute Percentage Error (MAPE)
from the proposed method in its peak performance. Moreover, we have
observed an improvement in MAPE when either the group information
or weather information is included.

Keywords: Customer behavior · Group behavior · Received Signal Strength
Indicator (RSSI) · Revenue forecasting · WiFi sensing

1 Introduction

Nowadays most stores provide WiFi services for customers who are equipped
with WiFi functioning smartphones and interested in accessing Internet. It is well
known that WiFi signals, along with other video or non-video-based technology
may be helpful in understanding people’s behavior for people located in a smart
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space, or in particular the customers’ behavior in stores [12, 3]. In this work,
we propose a method based on WiFi sensing given customers’ behavioral inputs
for store revenue forecasting. In particular, we are interested in the customers’
group information where we can observe friends who find each other to go for a
drink together or different individuals may share similar visiting behavior even
they do not know each other.

Compared to online shopping where all the surfing and purchase behaviors
from customers are automatically logged, the marketing in brick-and-mortar
business usually face the challenges as they need to deploy the customer ana-
lytics framework to the physical realm. In one way or the other, the traditional
stores must find solutions to keep track of customers such as when customers
may visit the stores, what they prefer to own and what they really purchase
in the end based on their judgment between the product quality and price. To
understand targeted customers as much as they can to boost the stores’ rev-
enue, two major technologies offer the answers: the video and non-video-based
approaches. To avoid the privacy leaking issues, the non-video-based approaches
are generally favored from the customers’ side because they keep the customers’
information to its minimum for business analytics. Among the various non-video-
based approaches, WiFi-sensing is a major choice due to its popularity. Existing
WiFi sensing, which is a cost-effective as well as privacy-preserving technology,
can be appropriate for customer behavior analysis [3, 1].

Signal-based indoor sensing for human tracking and business analytics are
generally categorized into several categories [14]. A rich set of IoT (Internet
of Things) technology with sensors such as passive infrared sensor (PIR), ul-
trasound, temperature sensors, as well as various vision-based devices can be
deployed in the indoor environment for human counting, tracking and activity
recognition to name a few. In general, we need to spend efforts on the device
deployment physically and the device calibration and threshold setting may not
be straightforward for this kind of technology. On the other hand, there are also
some devices that we need the humans located in the indoor environment to
carry to make the sensing possible. Some wearable devices and smartphones fall
into this category. Apparently, we prefer a scenario that is: 1) easy to deploy in
the indoor environment, 2) providing high sensing accuracy, and 3) with enough
covering rate among people. In another word, we look for a sensing technology
where we can: 1) easily implement both in its hardware and software, 2) find con-
vincing tools for analytics and 3) detect as high percentage of people as possible
in a given environment where each of the targeted people carries a device that is
necessary for sensing. We propose a WiFi-based sensing method [13] where we
only assume smartphone carrying from the customers for the indoor customer
detection and tracking for business revenue forecasting. By having the technol-
ogy, we keep the deployment efforts to the minimum and at the same time, we
enjoy a decent sensing performance.

The proposed method is realized in a coffee shop where we track and analyze
customers’ behavior and the associated group information with a WiFi AP. For
customers who visit the coffee shop with functioning WiFi, we can collect the
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WiFi related information and use it to summarize customers’ behavior. One of
the reasons why we choose the coffee shop for our study is because drinking
coffee and visiting the coffee shop is considered not a mandatory but an optional
activity for people where we may choose to have with our friends and when we
have certain mood for relaxation or doing business in the environment. This
coffee shop is located in Da’an district in Taipei City and close to a university
area. Most of its customers are students who may spend their time to have
fun with their friends, or work on their homework/projects individually or with
a group. From time to time, the coffee shop owner may provide some special
discounts to students to encourage them coming to the shop, which could lead
to revenue increment.

We use the WiFi related information to track the coffee shop’s customers and
analyze their behavior using RSSI signals captured via the WiFi AP. We monitor
the coming and leaving time for each customer as well as their duration of stay
given the RSSI signals. Occasionally, the AP may grab some data from people
who pass by the coffee shop or stay in a store nearby. We address these noise data
by applying some filters on RSSI signals and the duration of customers’ stay.
Furthermore, we will extract frequent customers and analyze their behavior to
detect the groups of frequent customers. Customers may form a group if they
come to the shop together. On the other hand, we also consider a group if
customers from the group often come to the coffee shop at some similar time or
stay for similar duration. For instance, some people may come the shop before
going to work or stay in the shop for almost the whole day long. We believe
that they could have similar working patterns or share similar income levels and
should behave similarly in their visiting and purchase behavior. In the end, we
discuss both of the cases where we may not include or may include the group
information as described above in the feature set for prediction. We take turn to
predict the total number of customers’ devices, the total number of sold products
and the total revenue. The prediction model is Support Vector Regression (SVR).

We should emphasize the main contributions and what differentiate the pro-
posed method from the previous solutions for indoor human sensing and business
revenue estimation as follows:

– The proposed method is based on an easy-to-deployed scenario where we only
assume smartphone carrying from the customers. Moreover, the proposed
approach is a passive approach where we need customers to open no special
software to activate the sensing. On the indoor environment, we need only a
tuned AP for WiFi signal collection. By having this property, we can easily
convince business stores for its realization.

– We focus on using the customers’ group information for revenue forecasting.
The group information separates customers from different groups, such as
loyal customers, customers with different vocations, customers with different
product preferences and customers with different daily or weekly schedule.
Knowing the above information may improve the business revenue as the
business should have more understanding about its customers.
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– The proposed method respects the privacy issue. Unlike many indoor track-
ing strategies, we collect the information only the part for signal broadcast-
ing from customers. Usually, we can assume customers have no objection on
releasing the information. It could be hard to hide the broadcasting infor-
mation in general when a handshaking communication is needed.

The remaining of the paper is organized as follows. An overview of WiFi-based
and non-WiFi-based sensing approaches is provided in Section 2. Afterwards, we
discuss the proposed method along with all the necessary procedures in Section 3,
which is followed by the experiment results and evaluation in Section 4. Finally,
we conclude our work in Section 5.

2 The past work

The goal is to adopt indoor sensing on customers for business revenue forecast-
ing. There are a variety of technology that has been developed for this purpose.
As we briefly described, the major strategies can be separated into several groups
based on whether we need to deploy certain devices or system on the indoor side
and whether we assume any devices from the customers to carry to make the
sensing possible. In this section, other than the research that we have discussed
in Section 1, we mainly discuss the approaches that are directly related to this
work. We emphasize that what we plan to detect and track is more than a hand-
ful customers where we may not assume any limit for the number of customers.
Moreover, identifying the tracked customers is valuable to have in this appli-
cation. Therefore, the IoT solutions such as PIR, ultrasound and temperature
sensing are not precise enough to solve the problem. On the other hand, the
vision-based methods may not be the best choice due to the privacy concerns
from the general public. We turn our attention to the approaches where we as-
sume customers carrying devices and the devices provide enough information for
detection, tracking and analytics.

The user-carrying device approach can be divided into smartphone and non-
smartphone categories. The former represents a scenario in which users carry
their own smartphones, thereby they are trackable and their identifiable infor-
mation would be extractable through the smartphones [1]. The latter relies on
additional wearable devices that should be carried by users such as bracelets,
smart glasses, RFID, etc. For instance, Han et al. [3] implemented a Customer
Behavior IDentification (CBID) system based on passive RFID tags. Their sys-
tem includes three main parts; discovering popular items, revealing explicit cor-
relations, and disclosing implicit correlations to understand customers’ purchase
behavior. The technology is mainly focused on a small set of people and may
have difficulty when we have a large number of unknown people to track and
therefore hard to implement in the crowded situation [7, 4].

On the category of smartphones, we have all-in-one devices which have the
identifiable information as well as a various set of equipments, sensors and apps
for information collection and environmental monitoring. People may prefer to
carry smartphones simply because the smartphones play such a role of combin-
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ing many functionalities in a single device [6, 8]. That implies using smartphones
as the assumed carrying device for customer sensing should provide enough cov-
ering rate when we use smartphone-related signals to estimate the existence of
customers. Among all possibilities, WiFi-equipped smartphones can be consid-
ered one of the best solutions to be carried by unknown people or a large number
of customers who intend to communicate with public devices due to the built-in
identifiable characteristics in the smartphones. By having that, we aim to detect,
track and analyze people with their existence and group behavior [6, 11].

Zeng et al. [12] proposed WiWho, which is a method to identify a person
using walking gait analysis through the WiFi signals. WiWho consists of two
endpoints, a WiFi AP and any WiFi-equipped device for communicating and
collecting Channel State Information (CSI). It has some limitations such as
assuming the straight walking paths from customers and should have the perfor-
mance limit while the tracked person turns. Vanderhulst et al. [6, 11] discussed a
framework to detect human spontaneous encounters in which spontaneous and
short-lived social interactions between a small set of individuals have been de-
tected. It leverages existing WiFi infrastructure and the WiFi signals, so-called
“probe” can periodically be radiated by a device to search for available networks.
The probes are used to capture radio signals transmitted from users’ devices to
detect human copresence. The limitations of the proposed method include de-
vice variety, a limited number of participants to be allowed for high accuracy
detection, and the required application to be installed on users’ smartphones.

An extended Gradient RSSI predictor and filter was proposed by Subhan et
al. [10]. It is a predictive approach to estimate RSSI values in presence of frequent
disconnections. The approach predicts users’ positions and movements in terms
of their current situations and movements. The distance changes between users’
devices and the AP lead to the increase and decrease of the RSSI values and
therefore the targeted users as well as their movements can be detected.

As other similar research, Maduskar et al. [6] proposed an approach to trace
people’s positions and movements using an RSSI measurement of WiFi signals
from several APs in predetermined locations. The RSSI-based approaches have
the minimum complexity compared to other signal-based indoor localization
techniques. In their approach, the larger size of the APs results in more accurate
location estimation. The weakness of the approach is that a careful initialization
is necessary given a new environment, e.g., customer sensing given an indoor
store. Du et al. [2] proposed algorithms for fine-grained mobility classification
and structure recognition of social groups using smartphones through their em-
bedded sensors. They have utilized embedded accelerometer to detect group
mobility behavior. Afterward, a supervised learning algorithm is applied to rec-
ognize different levels of group mobility, such as stationary, walking, strolling,
and running. The method can also be used to recognize the relations and struc-
tures of a group by monitoring the leader-follower, the left-right relations and
distances using smartphones’ sensor data. To compare the above two research
work, the localization technique is basically not a must to have in our scenario
because the main purpose of the proposed method is on understanding when
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customers visit a store instead of what customers prefer to own. Therefore, it
is the visiting behavior not the purchase behavior that interest us. In the next
section, we discuss the proposed method in details.

3 Proposed Method

The goal is to predict the number of customers and revenue on each day given
the past selling and customers’ behavior history. What is different from previ-
ous approaches is that we rely on the WiFi signal collection to help us know
further about the visiting customers where the WiFi information may tell us
the information from the macro scope such as the total number of customers to
the micro scope such as the customers’ identifiable information. We demonstrate
the whole prediction scenario starting from data collection, data preprocessing
to prediction model itself in the next few subsections.

3.1 Data Collection

The data for the proposed method includes two parts: the WiFi-based data and
others. The WiFi-based data has been collected using a WiFi collecting device,
TP-Link TL-WR703N WiFi router in the coffee shop. It is an access point (AP)
which operates in IEEE 802.11n mode to collect the data from customers’ devices
such as smartphone, laptop, tablet, etc. The extracted data from the received
WiFi signals per customer includes:
– the physical address (MAC address),
– service set identifier (SSID), and
– received signal strength indicator (RSSI).

Given the MAC address information, we can calculate the number of devices for
each day. Usually the number of devices may be close to the number of customers
per day if each customer carries only one smart device (further discussed below
in the assumption part). The WiFi data has been extracted using the Wireshark
packet analyzer4. Based on the collected WiFi information, we also derive some
information which may be important for the prediction:
– the come-in time of a customer,
– the leaving time of a customer, and
– the way a customer was served, such as “staying in” or “prepared to go”.

The come-in time and leaving time are recored based on the first and last signals
that we can collect for each specific MAC address (identity). How a customer
was served is estimated based on the duration of the WiFi signals that we re-
ceived per MAC address, such as above or below a predefined threshold (further
discussed below). Furthermore, there are customer considered as frequent cus-
tomers. We add a set of group information features, which are extracted via
frequent customers’ behavior analysis. Note that the above three are individual
based, collected for each MAC address. On the other hand, the SSID and RSSI

4 https://www.wireshark.org
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are collected following a predefined sampling rate. In addition to the WiFi related
information, we also collect some other information which may have influence
on the coffee shop revenue. The information includes:
– temperature, and
– rain probability.

On the side, the analyzed dataset also consists of the number of various
sold products and the total revenue for each day. The owner of the analyzed
coffee shop is kind to provide the valuable information for us to confirm the
performance of the proposed method. Some correlation between the number of
sold products, the revenue and the number of devices (MAC address) is further
discussed below. The dataset was collected from 2016/09/02 to 2016/12/04 in
which the training data is set from 2016/09/02 to 2016/11/20 including 78 days,
and the test data is from 2016/11/21 to 2016/12/04 including 14 days. Due to
some technical difficulty, we have a few days of missing data. The longest of data
missing is a gap of eight days from the 6th to the 7th weeks, shown in Fig. 1. We
have consulted the average ratio between the number of devices and the number
of sold products to fill the missing values for the study.

Privacy Issues We need to emphasize that we try our best to respect the cus-
tomers’ privacy. The data collection procedure is focused only on the part that
the customers broadcast to the environment. We do not attempt to construct a
data collection procedure where the customers’ browsing history, browsing URLs,
etc. may be collected through our AP. That is, we do not trick customers by cre-
ating an AP where we may have the above information or even the username or
password information from customers.

3.2 Data Preprocessing

The first issue of customer behavior analysis is to identify real customers. In
this study, we filter the devices (identified via the MAC address) detected by
the WiFi AP by setting thresholds of duration from five minutes to three hours.
That is, we assume that each customer stays in the coffee shop no shorter than
five minutes and no longer than three hours (5 mins ≤ staying time ≤ 3 hours).
The detected devices with duration shorter than five minutes are assumed to be
passing by devices and the devices with duration longer than three hours are
likely to be the staff of the coffee shop or neighboring shops. The thresholds are
decided based on our visual estimation when we visited the coffee shop. Also,
we set a threshold applied to RSSI where we include only the RSSI greater than
-70dBm in the data collection ( -70dBm < RSSI).

As customers reach the entrance door of the coffee shop, they are in the range
of our data collection AP and the RSSI keeps increasing as customers moving
into the coffee shop. We record the devices and identify the come-in time when
the devices show the above pattern. Recording the customers’ leaving time is the
opposite. The stay duration for customers can be used for customers’ behavior
analysis such as the reasons they visit the coffee shop (for study, meeting friends
or web surfing, etc.) and whom they go with.
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3.3 The Proposed Prediction Method

The complete step-by-step procedure of the proposed method includes: 1) data
collection, 2) feature extraction, 3) clustering for group information extraction,
4) model building and 5) prediction. We start by collecting the WiFi data
through our modified AP. The WiFi data are compiled into several features
and they are combined with the non-WiFi features such as weather information
to form a complete feature set for model training. On the side, we have addi-
tional information provided by the coffee shop owner such as revenue related
information to confirm our evaluation.

Analyzing customers’ behavior or more specifically finding customers’ group
information is a key contribution of the proposed method. We assume customers
who are classmates, partners, or colleagues may go to the coffee shop together
frequently as a group. On the other hand, some customers, even they may not
know each other can behave similarly such as they may visit the shop at similar
time or on similar days (all coming in the morning, after lunch, after work or
coming during weekdays or weekend), or with similar frequency (once per day
or once per week). Given the above group behavioral inputs, we would like to
extract a set of features called group information to describe different customers.
By including those features, we may have a better chance to understand different
customers and thus a better chance to predict the revenue of a business.

Given a set of customers’ features, we adopt a hierarchical clustering method
called Unweighted Pair Group Method with Arithmetic mean (UPGMA) to find
customers’ group information. Specifically, we have a set of features to describe
customer i as:

zi = (zi1, zi2, . . . , ziK) (1)

where we have K days to consider in our customer analysis and we should use
K binary attributes to indicate the presence of customer i in the coffee shop on
different days. That is,

zik =

{
1 if customer i visits the coffee shop on day k ,
0 otherwise .

(2)

Given the above inputs, UPGMA builds a rooted tree (dendrogram) that reflects
the structure of pairwise similarities between different customers [5]. To describe
the similarity between two clusters Ci and Cj , we utilize a proportional averaging
formulation written as:

σij =
1

|Ci| · |Cj |
∑
p∈Ci

∑
q∈Cj

σpq , (3)

where |Ci| and |Cj | represent the cardinality of the set (i.e., the size) for Ci and
Cj respectively; also, σpq measures the similarity between two entities p and q
from Ci and Cj respectively. We measure the similarity between two customers
p and q as:

σpq =
∑
k

δ(zpk, zqk) · δ(zpk, 1) , (4)
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where the function δ(x, y) outputs 1 if x = y and outputs 0 if x 6= y. That is, we
count 1 when two show up in the coffee shop on the same day and count 0 other-
wise. All pairs of customers are compared through the pairwise computation to
form a similarity matrix in the end. Then, a pair of elements with the maximum
similarity are recognized and clustered together as a single grouped pair first. Af-
terwards, the similarity between this pair and all other elements are recalculated
to form a new matrix. We go on to find the pair with the maximum similarity
for grouping step by step until all are combined into one in the end [4, 5]. The
output of UPGMA is a dendrogram and we can find the final grouping result
by setting an appropriate number of clusters. In the end, the group information
shall be used in building the Support Vector Regression (SVR) model [9] for the
prediction on the number of customers’ devices, the number of sold products
and the total revenue.

3.4 Assumptions and Limitations

The goal is to analyze customers’ behaviors that are related to coffee consump-
tion. Due to the WiFi-based data collection nature, we first assume that all
customers carry WiFi-based devices and their WiFi signals can be detected eas-
ily by the deployed AP. That is, the WiFi function must be on at all times when
the customers visit the coffee shop, starting from entering to leaving the coffee
shop, for all customers. Based on the assumption, we could capture customers’
existence, in particular, we know when customers come to the coffee shop and
leave the coffee shop. That is, as soon as we detect RSSI signals for each cus-
tomer’s device, it will be assumed that this is the exact entrance time for the
customer. The leaving time of a customer is also assumed to be the time of losing
or dropping off of the RSSI signal received from the customer’s device. There are
also some limitations in this research, such as using just one WiFi AP leads to
weak distinguishment of the exact coming and leaving time for each customer.
Moreover, we cannot detect the exact location and position of each customer. In
the data cleaning phase, removing noisy or irrelevant data is hard especially in
a crowded area5.

4 Experiment Results

We would like to predict the number of customers’ devices, the number of sold
products and the total revenue given a set of WiFi-based and non-WiFi-based
features. There are two scenarios that we discuss:

1. In the first scenario, we take turn to work on three prediction tasks given
a sliding window of size L as well as other features such as the day in a
week, the weather information, which consists of the temperature and rain
forecasting to build the learning model.

5 There is a convenient store right next to this coffee shop.
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Table 1: The statistics of frequent and non-frequent customers.

The frequent customer (%) non-frequent customer (%)

The number of customers 11% 89%

The number of visits 27% 73%

2. In the second scenario, we consider additional features, the group information
with the same sliding window as described in the first scenario to build the
learning model.

We attempt to analyze how the past presence or purchase records can be used to
predict the future presence or purchase. In particular, between the first and the
second scenarios, we discuss how the group information can help us for better
prediction. We utilized Support Vector Regression (SVR) [9] as the predictive
model. The size of sliding window L is set as L = 14 for this work. The detail
result shall be shown below.

4.1 Statistics of frequent and non-frequent customers

Before going on to demonstrate the effectiveness of the proposed method, we
first study some basic statistics of the data set. In many retail stores, the trans-
actions from the frequent customers may usually dominate the store revenue. In
this case, we also would like to understand the contribution from the frequent
and non-frequent customers separately. In Table 1, we show the numbers of fre-
quent and non-frequent customers, which are 11% and 89% out of the whole
group of customers who visited the shop during the data collection period. In-
terestingly, we also observe that this 11% frequent customers contribute 27% of
the visiting times in the coffee shop, compared to 73% of the visits from non-
frequent customers. It implies a relatively large consumption from the frequent
customers compared to the non-frequent ones. When we aim to find a predictive
model with good performance, we better to focus more on the prediction of the
frequent customers rather than the non-frequent ones. Fortunately, the frequent
customers are likely to come to the coffee shop in a regular manner and could be
predicted easily if compared to the non-frequent group. Moreover, the prediction
on the frequent rather than the non-frequent customers may be easy simply be-
cause we usually have a relatively large frequent customers’ data in the training
set. We discuss more along these two aspects below.

We also analyze the daily visits (in %) from the frequent and non-frequent
customers, shown in Fig. 1. From the beginning to the end of data collection pe-
riod, we observe that the percentage of the frequent customers increases slightly
as time moving forward. It may due to that the major group of customers in-
cludes a significant percentage of students from a nearby university. The students
may know each other better and better starting from September (the beginning
of the semester) through November and they may have more chances to go for
a coffee when they know each other better. Note that we have a few days of
missing values due to data collection difficulty in the period.
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Fig. 1: The percentage of frequent and non-frequent customers per day.

4.2 Features and Results

The Feature Set We first discuss the features that are used in this study. Fol-
lowing the description in the beginning of this section, let us use τt, ρt and dayt

to describe the information such as the temperature forecasting, the probability
of raining and the day in a week on the t-th day respectively. The sliding window
of size L for the above information (except the day in a week) can be written as:

tempt,L = (τt−L, . . . , τt−1) , (5)

raint,L = (ρt−L, . . . , ρt−1) .

To speak of the group information, we set the number of groups for group infor-
mation extraction as K = 4. Given the assignment, we have the group features
written as:

gt = (gt,1, gt,2, . . . , gt,k, . . . , gt,K) , (6)

where gt,k records the number of customers from group k who visit the coffee
shop on the t-th day. We can describe the group information with the sliding
window of size L as:

gt,L,k = (gt−L,k, . . . , gt−1,k) , ∀k ∈ {1, . . . ,K} . (7)

After all, we also write down the sliding window of size L for the target value
that we want to predict:

yt,L = (yt−L, . . . , yt−2, yt−1) . (8)

In the end, the overall feature set in this study can be written as:

Dg
t,L = (dayt, tempt,L, raint,L,yt,L; yt) ,

Dgp
t,L = (dayt, tempt,L, raint,L,yt,L,gt,L,1, . . . ,gt,L,K ; yt) , (9)
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(a) (b)

Fig. 2: The prediction on the total number of customers’ devices: (a) without and (b)
with the group information (weather information not included). The X-axis is the UTC
(Epoch time) format and the Y -axis represents the number of customers’ devices.

for the case without or with the group information included, respectively. The
target value yt that we want to predict could be the number of customers’ devices,
the number of sold products or revenue as described before. From time to time,
we may have the feature set described in Eq. 9 too large to create the risk of
overfitting. To avoid the situation, we reduce the dimensionality by shrinking
the feature size of sliding window as follows. For each sliding window, e.g., the
sliding window for temperature, we may choose a pre-defined function such as
the mean function to compress a long sliding window to a scalar such as:

tempt = (τt−L + · · ·+ τt−1)/L . (10)

Some other possible functions for shrinkage include minimization, maximization.
Now the complete feature set is shrunk to:

dg
t,L = (dayt, tempt,L, raint,L,yt,L; yt) ,

dgp
t,L = (dayt, tempt,L, raint,L,yt,L, gt,L,1, . . . , gt,L,K ; yt) , (11)

for the cases of not including the group information or including the group in-
formation respectively. Note that we choose the mean function for the shrinkage
on all the sliding windows except for the sliding window for the target value.

Result The first experiment is to predict the number of customers’ devices given
the features described in Eq. 11. In Fig. 2, we demonstrate the effectiveness of the
proposed method by showing the difference between the actual and the predicted
result on the total number of customers’ devices spanning two weeks6. First, we
notice the ups and downs on the selling between different days where we usually
have high selling and revenue during the weekends (Nov. 26, 27, and Dec. 3,

6 We add random numbers in the Y -axis for Fig. 2, Fig. 3 and Fig. 4 due to a concern
from the coffee shop.

346



Understanding Customers via WiFi Sensing

(a) (b)

Fig. 3: The prediction on the total number of sold products: (a) without and (b) with
the group information (no weather information included). The X-axis is the time and
the Y -axis represents the number of products.

4). In fact, those are the days that we have significant gaps between the actual
and predicted result. In (a), we have the prediction given the features without
the group information and we include the group information for prediction in
(b). Overall, we obtain an improvement from 9.11% to 7.63% in MAPE (Mean
Absolute Percentage Error) from (a) to (b) if the group information is included
and the weather information is not included (also in Table 2).

In the second experiment, we aim to predict the number of sold products.
Other than the number of devices which may not be 100% identical to the
number of customers, the amount of sold products could be a better quantity to
reflect the business profit. In Fig. 3, we can compare between the actual number
of sold products and the prediction. Again, we observe more selling during the
weekends rather than during the weekdays. The weekend period is also the time
that we have worse prediction if compared to the prediction on the weekdays.

To compare between the scenario when we include no group information and
the scenario when we do include group information, we found out that including
the group information can improve the prediction result from 15.06% to 11.32%
in MAPE (without the weather information). It implies that including group
information can help us understand more about customers’ behavior on visiting
the coffee shop. Intuitively speaking, people often visit coffee shops with their
partners. The decision about whether people visit a coffee shop or not may be
highly influenced by their partners. On the other hand, the group information
may also imply a similar behavior on visiting the coffee shop such as the people
in the same group may choose to visit the coffee shop on similar days or at similar
moments. This kind of group information could reflect the vocations that the
customers have or the living style they share. Knowing such information may
give us more hints on predicting whether or not certain people visit the coffee
shop on a particular day or at a particular moment.

In the end, we discuss the revenue prediction as described in Fig. 4. Again,
we have similar result like the prediction on the number of devices and the pre-
diction on the number of sold products. We have the prediction errors improved
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(a) (b)

Fig. 4: The prediction on the total revenue: (a) w/o and (b) w. the group information
(no weather information). The X-axis is the time and the Y -axis shows the revenue.

Table 2: The summary of all predictions in MAPE. The boldface numbers show the
best performance in each group and the underline, boldface numbers show the best
performance across all settings.

w/o weather w. weather
w/o group info. w. group info. w/o group info. w. group info.

MAPE (%) MAPE (%) MAPE (%) MAPE (%)

# of devices 9.11 7.63 7.95 8.43

# of sold products 15.06 11.32 11.60 12.25

Revenue 18.10 14.43 14.58 14.51

from 18.10% to 14.43% in MAPE when the weather is not included and from
14.58% to 14.51% in MAPE when the weather is included. Overall, we have the
improvement when the group information is included in four out of six different
settings, as shown in Table 2 given the settings such as without or with the
weather information and for different prediction tasks. In the table, we also no-
ticed the improvement from including the weather information in many of the
occasions. Note that including both the weather information and group infor-
mation may not produce the best result. We believe that too many features may
harm the performance due to overfitting and the problem could be eased when
more data are collected in the near future.

5 Conclusion

We proposed an easy-to-deployed, low cost and privacy-preserving method for
business revenue forecasting based on WiFi sensing. A WiFi collection AP was
installed in an indoor environment to collect related WiFi signals for us to un-
derstand more about customers who visit the business. The case study was done
in a coffee shop where we analyzed the WiFi-based and non-WiFi-based data
for 12 weeks for the evaluation. We worked on three prediction tasks such as
the prediction on the number of devices, the number of sold products and the
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total revenue. In the experiment study, we found out the improvement when the
weather information is included; more importantly, when the group information
is included in most of the prediction tasks even with a limited data collection
period. The prediction on the number of devices, the number of sold products
and the revenue can reach 7.63%, 11.32%, and 14.43% in MAPE in their peak
performance. A large scale data collection and study is on the way for more
extensive study in the near future.
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Abstract. The rapid development of social media has made numerous users to express their opin-

ions, feelings, and attitudes towards various things through different forums like Twitter, WeChat, 

and Weibo. However, most existing works just focus on specific product categories to construct the 

domain ontology, which is a quite narrow use of domain ontology. We propose a new construction 

of domain ontology based on the semantic features of social media. The topic of posts and opinions 

also known as topic-opinion pairs, are identified with the domain ontology. The sentiment polari-

ties are determined with the help of the given sentiment polarities. The sentiment polarity of an un-

known post is calculated by the weighted average of the sentiment polarities of topics and opinions 

contained in the post. Preliminary results show that the application of domain ontology can effec-

tively identify the topic-opinion pairs, and according to the known polarity of posts can effectively 

classify the topic-opinion pairs. The accuracy of sentiment classification is increasing. 

Keywords: Domain Ontology, Semantic Mining, Associating Mining, Social Media 

1 Introduction 

Recent years, with the booming of E-commerce and Social media, numerous netizens express their 

views, feelings, and attitudes through Twitter, BBS, Weibo, and other different ways. That emotional 

information of products, topics, and other valuable things not only objectively also were integrated 

with their own various language emotional colors and text sentiment orientation. It was increasingly 

being used by governments, companies, and marketers to understand how the crowd thinks. 

Semantic analysis is often called viewpoint mining, subjective analysis and evaluation extraction, 

which is closely related to computer linguistics, natural language processing, and text mining. It usually 

refers to the data from user's subjective comment and post, using automated or semi-automatic ways to 

analyze and process. As a result, the opinion and sentiment orientation of individuals and groups on 

various topics, tasks, and other expressions could be mined. Domain ontology was extracted as a par-

ticular domain of the real world into a set of concepts and the relationship between concepts. It system-

atically describes the basic principles, main entities, and activities of the field, in order to realize the 

application and sharing of domain knowledge. Although recent years have seen a great progress in 
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sentiment analysis and domain ontology, it still focused on specific category such as mobile phone, 

cars forum. By analyzing the relationship between the concepts which described in the product com-

ments, the domain ontology for product reviews is constructed. But few papers mentioned the construc-

tion of domain ontology in social media (such as Twitter, Weibo, Instagram, etc.). Because of the im-

mediacy of participation, dynamic communication, and the relationship among the posts, it is possible 

to construct the domain ontology. Therefore, based on the characteristic of the posts, this paper con-

structs the ontology model with the semantic features in social media. Therefore, the sentiment classifi-

cation of a post in social media is more accurate and effective. 

2  Related work 

Sentiment analysis has been extensively studied at different granularity levels. To construct affective 

dictionary is to use it as a prior knowledge of sentiment analysis and assist the analysis of different 

granularity. In addition to sentiment dictionary, ontology technology has been widely applied to the 

research of sentiment analysis. Many researchers try to combine domain ontology with it to improve 

and optimize the performance and accuracy of sentiment analysis. As a most important feature of on-

tology, domain ontology aims to standardize concepts and terminology in specific fields and establish a 

shared conceptual system between different domains. The domain ontology also provides basic support 

for practical applications in these fields.  

Marstawi, A [1] concluded that the sentence-level linguistic rules applied by Ontology-Based Prod-

uct Sentiment Summarization could provide a more accurate sentiment analysis. Jung, H [2] showed 

that the applicability of the ontology was validated by examining the representability of 1358 sentiment 

phrases using the ontology EAV model and conducting sentiment analyses of social media data using 

ontology class concepts. Sreejith [3] used the `Navarasa' ontology created by the researcher for senti-

ment analysis in a short story.Hu and Liu [4] used supervised sequential pattern mining method to iden-

tify and extract features or viewpoints. Wilson [5] developed an Opinion finder system, which was an 

automatic recognition of subjective sentences and various subjective components in a sentence (such as 

opinion source, emotion, direct subjective expression).Kim and Hovy [6] labeled the words that ex-

pressed subjectivity in a sentence based on a comment dictionary by manual annotation through defin-

ing a fixed-size window which was centered on subjective words. Kobayashi [7] artificially defined 

evaluation objects and evaluation words and described the modified relation between words and evalu-

ation objects by using eight common modules.Li [8] defined the characteristics and viewpoints film 

based on WordNet, then aimed to identify features and their opinions through the dependency syntax 

diagram. Jacob [9] employed the conditional random field algorithm to extract the feature and opin-

ions. Tan [10] tried to apply behavioral relation data on social media to user-level sentiment analysis 

according to the idea that two users with mutual relationships were likely to hold the same view. Go 

[11] attempted three machine learning methods, namely Naïve Bayes, support vector machines and

maximum Entropy in text sentiment orientation in Twitter, they conclude that the applicability of ma-

chine learning model in the sentiment analysis. 

On the recognition of the point of view, Alexander Pak [12] considered naive Bayes classifier to 

identify the point of view based on characteristics extracted by POS tagging and N-gram. Luciano Bar-

bosa [13] used the subjectivity of the words, the polarity of words and negative words as characteristics 

to classify the subjective and objective nature of Weibo posts. Davidiv [14] extracted tags and emoti-
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cons from Twitter as training sets and used an advanced KNN algorithm to classify sentiment on 

Weibo posts.  

Different from most existing studies which concentrate on concrete product, this paper extracts fea-

ture entries based on the semantic features of social media and constructs domain ontology. In this 

study, the emotion value of topic-opinion pairs is weighted by semantic context so that sentiment clas-

sification could be more accurate and effective.  

3 Construction of Domain Ontology in Social Media 

The traditional domain ontology is generally based on collecting characteristics of items. However, 

many posts in social media are short texts, incorrect writings, and in disorderly sentence structure. The 

extracted keywords which are really relevant to the central idea may be less than expected, and the 

word frequency may not be the highest. It means that the accuracy of defining topics and opinions in a 

post is low, and mining semantic information in the post is an effective way to solve this problem. Ac-

cording to the characteristics of language habits and oral expressions, the content of a post can be gen-

eralized not only two main parts topics and comment but also five elements: time, location, object, 

event, and opinion. It means that to some extent the first four elements can describe the topic. In this 

paper, we used these four elements as the foundation of the domain ontology in social media. 

3.1 Extracting Topic Characteristics of Items 

Extracting topic items is the foundation of the constructions of the domain ontology. The existing 

methods mostly focus on English comment and product comment. Because of the grammatical non-

standard, semantic ambiguity and subject missing, the characteristics of Chinese comment increase the 

difficulty of sentiment classification. Therefore, the representation model of domain ontology is pro-

posed which regards the definition of topic characteristics of items. 

Definition 1   A topic item can be defined as <Time, Location, Object, Event>. 

Due to the colloquial characteristics of social media, there will be a lot of irregular and vague ex-

pressions such as "tomorrow", "Yesterday" in a post, and the formulations are various, for example, 

“3:30 p.m.”, “half past three in the afternoon”, “three thirty”. Those irregular expressions should be 

standardized. The standard form of time is yyyy-MM-dd-HH-mm-ss. Similarly, the expression of loca-

tion needs to be standardized as Room, Unit, Building, Road, District, City, Province, and Country. 

After standardization, the next step is to mine frequent itemsets with association rules in content. 

First, all nouns and verbs are extracted from the post to form two itemsets. Then, the frequent 1-

itemsets and frequent 2-itemsets are found. By filtering out frequent 2-itemsets which cannot form 

phrases and that itemsets unrelated to time, location, object, and event, we get the final set of feature 

words. 

After acquiring a set of feature words, by means of the point mutual information (PMI) between the 

feature words, the semantic common frequency of the word is expressed. The higher frequency of the 

two words in the post shows the higher correlation. Hence, the PMI defined as follows: 

1 2

1 2

( & )
log

( )* ( )

p word word
PMI

p word p word
    (1) 

We take PMI (word1. word2) for a frequency of two words’ co-occurrence, P (word1) and P (word2) 

show frequency of one word appearing respectively. word1, word2 can be taken from the same category 
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of feature words and different category of feature words. After calculating PMI, combined those fea-

ture words of high PMI value to the topic item. 

Definition 2   Domain Ontology uses a 2-tuple representation, O=<C, R>，C represents for the 

topic item, R represents for the relations between two topic items. 

The topic item is represented by C=<ID, Topic, List>. ID represents the only number of the topic 

item, Topic represents the descriptive words of this topic item, List represents the synonyms of this 

topic item. The relation between two topic items is represented for R=< T, R (C1, C2) >. We take T for 

describing three semantic relations: part of, relevant with, and irrelevant with, C1 and C2 represent two 

different topic items. 

3.2 Clustering Algorithm of Topic Items 

After preprocessing of the post (including syntactic structure, deactivating words and POS tagging), we 

need to preserve nouns and verbs which are related to time, place, object, and event. In the training 

sets, we extract four categories which are composed topic items, the Time characteristic in Topic i 

items are represented for vector Ti = {t1, t2, t3…tn}, the Location for vector Li= {l1, l2, l3…ln}, the Ob-

ject characteristic for vector Oi= {o1, o2, o3…on}, the Event characteristic for vector Ei= {e1, e2, 

e3…en}.  

The weights of word ti in Time characteristic in the topic item are calculated as follows: 
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We take tf(ti) for the frequency of ti appearing in a post Ai; df(ti) for the number of posts which con-

tained ti; Function max tf(Ai) for the maximum word frequency in the post Ai; M for the number of 

posts in the training set. To make the weight between [0, 1], ηT (ti, Ai) is defined as follows: 
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After calculating the average amount of ηT (ti, Ai), in the post Ai is calculated as follows： 
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Similarly, we get the formulation for the weights of Location characteristic ηl (A), the weights of 

Object characteristic ηo (A) and the weights of Event characteristic ηe (A). 

The similarity between two topic items could be calculated by vector space model, vector Ai, and Aj, 

Ai= {Ti, Li, Oi, Ei}, Aj= {Tj, Lj, Oj, Ej}, the formulation between Ai and Aj is shown as follows: 

Sim (Ai, Aj) = ηT*Sim (Tj, Tj)+ ηl *Sim (Li, Lj)+ ηO*Sim (Oi, Oj)+ ηe*Sim (Ei, Ej)  (5) 

The similarity between the Time vector in post Ai and that in post Aj is calculated as follows: 
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We take ηk (Ti) for the kth word in the Time vector of post Ai, ηk (Tj) for the kth word in the Time vec-

tor of post Aj. 

Similarly, we get the formulation of similarity between the Location vector and the Object vector. 
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(8) 

Based on the Hownet a semantic knowledge resource, calculation of the Event vector similarity is 

the maximum of similarity between their original semantic meanings.  

After acquiring the Topic items composed of the Time vector, the Location vector, the Object vector, 

and the Event vector, the advanced K-Nearest neighbor algorithm is used to do the cluster analysis. 

(See Fig 1)  
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Fig. 1. Clustering algorithm of Topic items 

4 Identification of Topic-Opinion Pairs Based on Domain Ontology 

After the construction of the domain ontology in social media, the next step is to extract the opinion 

from the post based on semantic mining. 

4.1 Identification of Subjective Sentence 

The identification of the opinion is the process of classification of sentences building on sentence struc-

ture and POS. Using paper [15] and analysis of numerous posts for reference, the three main categories 
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of feature words in the subjective sentence are summarized: sentiment words, asserted words, and 

modal particle. 

Sentiment words. The subjective sentence in a post always contains the standpoint and viewpoints 

of the author and a strong individual initiative, so the sentiment words could be one of the characteris-

tics of the subjective sentence. 

Asserted words. For example, “claim”, “blame”, “announce”, the appearance of these words could 

be seen as the strong possibility of the subjective sentence.  

Modal particle. The emotional punctuations such as “!”, “?” and emoticons could express the indi-

vidual initiative of the author, as well as the Chinese only model particles, such as “吗”, “呢”, “吧”. 

4.2 Extraction of Key Subjective Sentence and Relations 

The posts in social media are informative but semantic fuzziness. According to the automatic summari-

zation, we extract the keywords for subjective sentence B. Based on the topic relevance and three im-

portant property, we could decide the key subjective sentence. After weighted summation of the topic 

relevance, position property, sentiment property, and keyword property, we take the corresponding 

sentence with the highest value for key subjective sentence. The formulation is shown as follows: 

1 3 4i i 2 i i ikey_Sentence= λ * sim(s ,c )+ λ * keywords(s )+λ * position(s )+λ * senti_words(s ) (9) 

We take λ1，λ2，λ3, and λ4 for the corresponding weight for the four elements. 

sim (Si, Ci) represents the relevance between the subjective sentence and topic. Combining the topic 

items C with the subjective sentence, we get a sequence of topic-opinion which are separated by “,” 

and calculate the similarity in pieces. According to the term frequency-inverse document frequency, we 

obtain sim (wi,k, ci,k) as follows: 
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c C i k

N
sim w c tf w   tf p  

pf w

 (10) 

Where wi,k denotes the feature words k in the subjective sentence i, ci,k denotes the feature words k con-

tained in the topic items ci,  pi,k denotes the combination of wi,k and ci,k, tfp(wi,k) denotes the frequency 

of wi,k in pi,k, f (p) denotes the frequency of p in the whole post,  pf(wi,k) denotes the total number of 

phrases which included wi,k, N denotes the total number of phrases in the post. 

Marked the highest value of sim (wi,k, ci,k) as sim(Si,Ci) in the formulation (11) and the corresponding 

feature words as the indicator dsi of opinion i. 

, ,( , ) max( ( , ))i i i k i ksim S C sim w c (11) 

position (si) presents for the different part of the speech. People are willing to express their views 

clearly at the beginning of a speech and summarize at the end, so it attaches great importance the 

opening phrase and the end of the statement. The formulation (12) presents position (si). 

2( )
( ) [ ] 1

2

i

i

num s
position s i   (12) 

Where num (si) denotes the total number of sentences in a post, the constant 1 is to confirm every sen-

tence in different position has a positive score. From the formulation, it can be seen that the function is 
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a pointing- up parabola which axis of symmetry is at the central position. It confirms that the first and 

ending sentence has the more location advantages than others. 

keywords (si) identifies those words which are general and set the tones, such as “anyway”, “in a 

word”. If a sentence includes these words, the possibility of being a key-opinion sentence is increasing. 

The formulation of keywords (si) is shown as follows. 

,( )

,

1

( ) ( )
i knum w

i i k

k
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  (13) 

Where keyword (wi,k) denotes that whether word wi,k is a summary word or not. If it is, keyword (wi,k) is 

1，otherwise keyword (wi,k) is 0. 

senti_words (si) identifies the sentiment orientation of sentences which is shown as follows. 
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Where polarity (wi,k) denotes that whether word wi,k has sentiment orientation or not. If it is, polarity 

(wi,k) is 1, otherwise polarity (wi,k) is 0. 

5 Post Sentiment Analysis Based on Domain Ontology 

In order to make the sentiment analysis more targeted, we set up rules for matching the post with do-

main ontology. 

Rule 1   The topic items and the opinion indicator are both included in the post and match the post 

with the domain ontology.  

Rule 2   Only topic items are included, not the subjective sentence and opinion indicator, just as-

sume that this post is an objective statement and without any individual initiative. Therefore, filter this 

post and the extracted topic item does not match any subjective sentences. 

Rule 3   Only subjective sentence is included, not the topic items. There is always be ignoring of 

subject, incidents, and time in speech for example, “We all should engrave what happened on May 5th, 

2012 on our mind”, we need to identify those implicit topics. Assume that only subjective sentence Bi 

and topic item i without the object i, use the extracted topic i <Ci, S, dsi> as the prior knowledge to 

calculate the similarity. The missing object i is the corresponding Oi, S of the highest sim (Ci, S- Oi, S, 

(Ci-Oi,), dsi, Bi). Similarly, we could get the implicit Time, Location, and Event in the post.  

According to the domain ontology and sentiment dictionary, we get the topic item, subjective sen-

tence and sentiment words in the post. In the next step we need to calculate the sentiment orientation of 

the subjective sentence. The level of affect intensity is Q= {q1, q2, q3…qi…qn}. When calculate the 

sentiment value, not only the sentiment polarity and affect intensity should be considered, but also the 

adverb of degree and negation words appeared closely should also be considered. Therefore, the senti-

ment value of a sentence is represented as follows. 

( )

1
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k

k
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  (15) 

Where senti_ couple (j) denotes the sentiment value of the topic-opinion pair j, swk denotes the senti-

ment value of sentiment words k, that is the product of sentiment polarity and affect intensity, p denotes 
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the number of negation words appeared closer to the sentiment word k, d (adv) denotes adjustment for 

adverb of degree appeared closer to the k.  

The sentiment value of a post t is represented as follows. 

( _( ))
_ ( )

1_ ( )
( _ ( ))

num senti couple
senti couple i

isenti post t
num senti couple i


 (16) 

Where num (senti_ (couple)) denotes the number of topic items included in post t. 

Due to the strong interactivity of social media, generally every post has comments, likes, and re-

posts. To some extent, these behaviors show the affect intensity of posts. According to Paper [16], all 

users can be divided into five groups by their participation and engagement (see Fig. 2): inactive user 

R1, sidelines R2, participator R3, criticizer R4, and key opinion leader R5. 

Fig. 2.  Five groups of users divided by engagement and participation 

Based on the different categories and these interactive behaviors, the sentiment value of a post (t, Ri) 

can be weighted from senti_ (post) as follows. 

( , ) (1 0.1* ) * _ ( ) *(1 0.05* ( ) 0.02* ( ) 0.05* ( ))
i

post t R i senti post t num comment num likes num repost    

(17) 

Where Ri denotes the group which belongs to, i=1, 2, 3, 4, 5, 6，num (comment) denotes the number of 

comments, num (likes) denotes the number of likes, num (repost) denotes the number of reposts. 

6 Experiments and Conclusion 

The experimental steps are designed as follows: first, collect experimental corpus in social media, and 

remove inactive words and POS tagging with posts. The experimental posts are divided into training 

sets and test sets. The former is used to construct the domain ontology and compute the polarity of the 

topic-opinion pairs, while the latter is used to evaluate the validity of the method. Then, the semantic 

computation of the training sets is carried out and the domain ontology of social media is constructed. 

Based on it, the topic-opinion pairs of the test set are identified. Then, according to the positive and 

negative posts in the training sets, the sentiment polarity value of the topic-opinion pairs is calculated 

and the sentiment classification is obtained. Finally, the experimental results are compared with the 

manual tagging results in the test set, and the method of this paper is evaluated. Due to limited time, the 

experiment is still in progress. Preliminary results show that the application of domain ontology can 
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effectively identify the topic-opinion pairs, and according to the known polarity of posts can effectively 

classify the topic-opinion pairs and has a certain degree of universality. 

A post in social media may contain both positive and negative polarity, and sentiment words may 

change with the context. The existing research used the context-independent sentiment classification 

method, or only used the simple and empirical method to analyze context and evaluate opinions. These 

strategies all have some deficiencies, resulting in the lower accuracy of sentiment identification. 

Therefore, this research proposes a new sentiment classification method based on social media do-

main ontology. Compared with the existing methods which mostly focus on the characteristics of the 

products through the sentiment ontology, this paper employs the semantic features and semantic rela-

tion in posts to identify the topic-opinion pairs with the social media domain ontology. Finally, the 

sentiment classification of each post is obtained according to the user classification and interactive 

characteristics of social media. This study is not without limitations, for example the neutral posts 

which are often ignored should be mining out the implied sentiment orientation. 
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D. Lam, L. Cuevas, and B. Chattopadhyay

NV Energy, Las Vegas NV 89118, USA 

{dlam, lcuevas, bchattopadhyay}@nvenergy.com 

Abstract. Power transformers are one of the most important apparatus in an elec-

tric transmission and distribution system. As power transformers age over time, 

the electrical insulating materials and components begin to deteriorate. One of 

the most useful techniques to get an early identification of incipient faults in 

power transformers is through monitoring dissolved gas analysis (DGA). There 

are various methods available to analyze dissolved gases and subsequently detect 

potential faults. However, many of the conventional methods governed by IEEE 

and IEC guidelines are based on concentration levels of a single sample of DGA 

in the transformer rather than a trend over time. In this study, Support Vector 

Machines (SVM) are employed for transformer DGA. Annual DGA samples 

were collected from 105 of NV Energy’s transformers and used to generate sto-

chastic time series data for the model. Standard feature extraction techniques 

were then applied for extracting the meaningful characteristics from the time-

series data.  The dataset is then trained and evaluated on an SVM with 15-fold 

cross validation. Among the different feature extraction techniques, the piecewise 

linear representation (PLR) provided over 80% accuracy of the results, whereas 

discrete wavelet provided consistent outcomes.  

Keywords: Dissolved Gas Analysis, Support Vector Machines, Fault Diagno-

sis, Transformer Oil, Data Mining. 

1 Introduction 

Power transformers are critical electrical devices within an electric grid. During opera-

tion, transformers are subjected to many electrical and thermal stresses which cause 

insulation deterioration inside the transformer. If not treated, power transformer failures 

can be disastrous; power flow disruption, operational delays, and safety risk are just 

some of the few issues that can arise.  

Within oil immersed transformers, hydrocarbon gas molecules begin to form in the 

presence of electrical disturbances, thermal decomposition, or deterioration of electrical 

insulation. The rate at which these gasses form depend on the temperature and volume 

of the material and as such, the same quantity of gas will be produced from a trans-

former with large insulation exposed to medium heat and medium insulation exposed 

to high heat [1]. These quantities can be measured by performing gas chromatography 

or photoacoustic spectroscopy on a sample of the oil from the transformer tank and the 
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results can be analyzed using diagnostic methods such as Duval’s Triangle or IEC 

method [2-4]. The entire process is known as Dissolved Gas Analysis (DGA) and is 

one of the most important methods for evaluating the condition of a transformer’s 

health.  

In conventional practice, transformers are typically sampled annually and evaluated 

using standard diagnostic methods such as Duval’s Triangle or IEC method [2-4]. How-

ever, these conventional methods are designed to classify faults based on DGA concen-

tration levels provided by one sample instead of a trend over-time. Given that gas levels 

can vary over-time with changes in temperature and volume, trending DGA levels over-

time provide better a significantly better assessment of a transformer’s health than in-

dividual concentration levels [1]. With the emergence of online DGA monitors, trans-

formers can now be monitored hourly rather than annually and over time, real-time 

monitoring may be able to provide better insight into fault classification of a trans-

former’s health. Currently, standards for interpreting real-time DGA data do not exist, 

and as such, using conventional techniques could result in misinterpretation of daily 

movement in gas levels. This paper focuses on applying a machine learning technique 

on real time data in order to classify faults within a transformer.  

1.1 Conventional Methods 

Currently, there are a variety of DGA analysis methods that are used throughout the 

industry. Methods such as Roger’s Ratio, Doernenburg’s Ratio, Key Gas Method, IEC 

Method, and Duval’s Triangle are some of the most popular standard methods for di-

agnosing a transformer’s health condition. However, the methods may not be able to 

correctly predict a fault. For instance, methods such as Duval’s Triangle assumes an 

incipient fault exists at all times which can be problematic if the transformer has no 

fault present. Other methods propose thresholds for gas concentration levels which are 

generalized for all transformers and may provide false positive results if misinterpreted. 

The primary dissolved gases include Hydrogen (H2), Methane (CH4), Ethane (C2H6), 

Ethylene (C2H4), and Acetylene (C2H2). With the quantities of each and using the gas 

analysis methods above, three general methods of analysis can be discerned: ratio meth-

ods, key gas methods, and graphical methods.  

Roger’s Ratio. Roger’s ratio method studies the relationship of ratios between the pri-

mary dissolved gases in order conclude a diagnosis. Considering that gases form at 

different temperatures, Roger’s ratio measures the relationship between CH4/H2, 

C2H2/C2H4, and C2H4/C2H6. Depending on the ratios between each gas, the method can 

estimate if thermal decomposition, energy discharges, or normal aging is occurring in-

side the transformer [1]. If several faults can be classified, the actual classification can 

be ambiguous and misinterpreted.  

Doernenburg’s Ratio. Doernenburg’s Ratio is similar to Roger’s Ratio method but 

utilizes the following ratios: CH4/H2, C2H2/C2H4, C2H6/C2H2, and C2H2/CH4.  Only 

three fault classifications are suggested which are thermal decomposition, electrical 
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discharges except corona (low intensity), corona (high intensity), and cellulosic which 

is concerned with CO and CO2 values [2]. If the ratios cannot determine a fault, “no 

interpretation” can be concluded as a result. 

Key Gas Method. This method is based on the relative proportions of the primary dis-

solved gases defined above and CO. There are four fault classifications including over-

heated oil, partial discharge in oil, arcing in oil, and overheated cellulose [1]. The rela-

tive proportions are shown as percentages and show the importance of which dissolved 

gas dominates the proportion depending on the type of fault. The number of fault clas-

sifications are reduced compared to other dissolved gas analysis methods.  

IEC Method. IEC 60599 [4] expands on prior ratio-based methods and includes an 

additional ratio of C2H6/CH4 which helps indicate decomposition levels for another 

limited temperature range. The IEC method plots each DGA result on a three-dimen-

sional plane to conclude a fault classification [4]. Partial Discharge (PD), Thermal Fault 

< 300°C (T1), Thermal Fault < 300°C (T2), Thermal Fault 300°C < t < 700°C, Low 

Energy Discharge (D1), and High Energy Discharge (D2) are the six conditions that are 

detectable [1-3]. Those cases where a fault classification is not possible can be plotted 

onto the graph, and its nearest distance to a certain fault region can then be observed. 

Duval’s Triangle. This method uses values of only three gases CH4, C2H4, and C2H2 

and their location in a triangular map determines whether partial discharge, electrical 

fault (high and low energy arcing), or thermal faults (hot spots of various temperature 

ranges) are present. This is a simple method but false diagnosis may be due to careless 

implementation of the method because no region of the triangle is designated to normal 

ageing. Hence before using this method it should be assessed if the amount of dissolved 

gases is permissible for transformers that have been in service for many years. 

1.2 Machine Learning Applications 

As data analysis methods are emerging, many machine learning techniques are being 

applied for fault diagnosis of transformers. An important characteristic of machine 

learning is its ability to be trained with a dataset and effectively “learn” during the pro-

cess. Within machine learning, several algorithms have been proposed for fault diag-

nosis of transformers: Artificial neural networks (ANN), fuzzy logic systems, back 

propagation neural network (BPNN), and support vector machines (SVM).  

Singh et al. [5] shows how taking the incipient fault classifications from IEC 60599 

and using them as classifiers can show accurate classification results. The classifiers 

create a sixth order SVM model which classify individual DGA data. The first classifier 

determines if the data is experiencing a fault or not. The second classifier divides the 

fault between a thermal fault or an electrical discharge fault. The other classifiers will 

determine exactly what type of fault is being used in classification of IEC 60599. 

Fathima and Venkatasami [6] use a similar hierarchical approach as [5] but also com-
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pare results between different basis functions. Fathima and Venkatasami found that ra-

dial (or Gaussian) and linear kernels performed best for the classification of DGA.  Yan-

Cai et al. [7] also uses a hierarchical support vector machine model and found that the 

addition of fuzzy logic provided high accuracy rates for DGA classification in SVM 

models. Zhang et al. [8] implemented Pearson’s Correlation Coefficient, Principle 

Component Analysis, and finally used a back propagation neural network which 

achieved a high percentage of accuracy. Given multiple data sources, their PCA method 

was able to reduce the dimensionality of the data and only take into account the primary 

components of the dataset. Another study by Nagpal and Brar [9] utilized neural net-

works to classify faults and compared the results with IEC 60599.  

Many of the research that proposed for DGA classification has been used to compare 

machine learning based methods against conventional methods for fault classification 

on a single DGA sample for each transformer. This paper proposes a support vector 

machine approach in diagnosing faults within a transformer based on real-time data 

rather than individual oil samples. Support Vector Machine uses classifiers in order to 

differentiate the outcome. The ability to reveal classifiers in a higher dimensional space 

allows for the implementation of multiple features that can best fit a dissolved gas da-

taset. 

2 Proposed Methodology 

The proposed method involves gathering and generating data, selecting proper fea-

tures, extracting features from time series, and developing support vector machines 

(SVM) for the dataset. The conceptual model for the fault diagnosis method of trans-

formers is presented in Fig. 1. 
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Fig. 1. Proposed method for real-time fault classification of transformer DGA. 

2.1 Gathering Data and Additional Data Generation 

In this study, DGA samples were collected from approximately 1200 of NV Energy’s 

transformers. The DGA samples were reviewed and classified based on their fault 

types: Normal condition (N), low thermal fault (T1), medium thermal fault (T2), high 

thermal fault (T3), partial discharge (PD), low energy discharge (D1), and high energy 

discharge (D2). Out of the 1200 transformers, a total of 74 samples were utilized for 

training and testing of the model. Given that machine learning classifiers generally per-

form poorly on imbalanced datasets, 31 samples needed to be generated to balance the 

dataset. The generated data was created using a Brownian motion in order to mimic the 

stochastic nature of real-time dissolved gas in a transformer. 

2.2 Geometric Brownian (or Weiner) Motion 

Geometric Brownian Motion (GBM) is a common method for generating data for sto-

chastic processes such as stock markets, solar radiation, or wind generation. In this 

study, Geometric Brownian Motion (GBM) was used to generate the stochastic data 

between periodic samples of dissolve gas of transformers. As a result, annual dissolve 

gas samples from transformers can be used to generate hourly data samples in order to 

mimic data from real-time monitors. Further discussion can be found in [10-11]. 

2.3 Feature Engineering 

Feature engineering is the process of transforming or creating new features from the 

existing or raw dataset.  Rather than supplying the classifier with raw features and ex-

pecting the model to determine relationships between the raw data, supplying the clas-

sifier with pre-defined relationships between the existing data can improve the machine 

learning model. In addition, some classical signal processing tools such as Discrete 

Fourier transform are not suited for analyzing non-stationary signals due to the implicit 

formulation and assumption that the signal being processed is stationary. As such, cal-

culating the lag or difference between time samples creates a sparse and stationary sig-

nal that can be used for the classification. From the raw DGA dataset, normalized gas 

levels, standard gas ratios, and the rate of change in gas levels were generated.  

2.4 Feature Extraction 

In order to extract meaningful characteristics from the time-series data, many different 

feature extraction techniques are used to decompose or transform the multivariate time-

series data into a lower dimension. Rather than having the model train on hourly dis-

solved gas samples, feature extraction techniques provide a sparse representation of the 

signal by capturing only the most important features of the signal without any loss of 

information [12]. The following common feature extraction, or data mining, techniques 

for time-series data are considered for diagnosing transformer faults: Principal Compo-

nent Analysis (PCA), Discrete Fourier Transformer (DFT), Discrete Haar Wavelet 
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Transform (DWT), Piecewise Linear Representation (PLR), and Piecewise Linear Ap-

proximation (PLA).  

Discrete Fourier Transform (DFT). The Discrete Fourier transform decomposes the 

time-series signal into the spectral components that represent the signal. Rather than 

having the model train on hourly dissolve gas samples, DFT provide a sparse frequency 

representation of the time series signal. The reduction in features also enables the ma-

chine learning model to better find relationships between features in the dataset.  By 

observing the frequency components of the signal in overlapping sliding windows, DFT 

can be used to detect events or patterns in the signal [13]. 

Discrete Wavelet Transform (DWT). Unlike the Fourier Transform, the Discrete 

Wavelet Transform (DWT) decomposes the time-series signal into fundamental wave-

lets. While sinusoids are continuous signals with constant frequency, wavelets are finite 

signals with varying frequencies and zero-mean. In wavelet transform or analysis, small 

finite wavelets are scaled and modulated throughout each location of time in the signal 

[14]. As a result, the wavelet transform provides a multiresolution signal characterized 

by the scale and dilation of wavelet in time. For the DGA time series, a Haar wavelet 

function is considered as the Haar wavelet function is the simplest wavelet basis func-

tion [15]. This observation demonstrates the low order function that is generated from 

this time series. For this application, Mallat’s Pyramid, a recursive algorithm, is em-

ployed [16]. The decomposition of the time series is passed through averaging and dif-

ferencing filters. Once both filters are applied, the resulting vectors are a smoothed 

version of the original dataset and another vector describing the detail removed due to 

the smoothing of the other vector [15, 17, 19]. The smoothing of the data is done by 

convolution which consequently presents boundary problems [18-19]. For the DGA 

time series, the function is periodic which helps us understand the wavelet coefficients 

from the averaging and differencing filters.  

Piecewise Aggregate Approximation (PAA). Piecewise Aggregate Approximation is 

another simple dimensionality reduction of time series data. The time series data for 

this DGA application has a high dimensionality aspect which needs to be reduced to a 

low space. Like the subspace of a vector, the lower space has properties which funda-

mentally represent the higher space. In this case, the lower space will underestimate the 

true distance measure [20]. In order to measure the distance, two methods exist: Eu-

clidean or Dynamic Time Warping [20]. For this application, Euclidean distance shall 

be used as the true distance measure. Since PAA is a lower bounding function, the time 

series data can be transformed into another form. This transformation results into the 

time series data being divided into segments based on w or the lower dimensional space 

[20]. Visually, the mean value of the data is obtained and shown as a vector in the new 

space. Each segment is of equal size.  

Bottom-Up Segmentation. Bottom-up segmentation aims to create the finest possible 

approximations of the time series. As discussed in [21], once those approximations are 
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calculated as segments, the adjacent segments are merged until a stopping criterion has 

been reached. Half of the segments are used to approximate the n-length time series. 

Next, the cost of merging each pair of adjacent segments is calculated, and the algo-

rithm begins to iteratively merge the lowest cost pair until a stopping criterion is met. 

When the pair of adjacent segments i and i+1 are merged, the algorithm needs to per-

form some book-keeping. First, the cost of merging the new segment with its right 

neighbor must be calculated. In addition, the cost of merging the i–1 segments with its 

new larger neighbor must be recalculated. Hence, this process may continue until the 

stopping criteria is satisfied. The algorithm is further discussed in [21]. 

Piecewise Linear Representation (PLR). Piecewise Linear Representation is very 

similar to Piecewise Aggregate Approximation. Segments are developed as a result of 

the time series analysis and also determines the granularity of the approximation. PLR 

performs well with time series datasets that trends frequently. 

2.5 Support Vector Machines 

Support vector machines (SVM) are a set of supervised learning models in machine 

learning that can be used for outlier detection, regression (ε- or ν- SVM), or classifica-

tion (C or ν- SVM) [22-23]. Generally, SVM models are binary classifiers that use 

linear or nonlinear hyperplanes to separate two classes. By maximizing the margins 

around the hyperplane, the SVM model can make distinctions between the two classes. 

For multi-class classification, the one-against-one algorithm is used to classify events 

[24]. The one-against-one algorithm creates SVM classifiers for all possible pairs of 

classes. Each SVM classifier then “votes” on the class to label the dataset. For this 

study, a linear multi-class SVM is being utilized for classification of faults in trans-

formers. The libsvm library in R is used to develop the SVM models for this study.  

2.6 K-Fold Cross Validation

Typically, datasets are split into two disjoint sets in order to train (70%) and test (30%) 

predictive models for machine learning applications. Rather than using each trans-

former DGA sample once for either training or testing, k-fold cross validation is used. 

K-fold cross validation is a technique used to evaluate predictive models by partitioning

the dataset into k subsamples of equal size to be used for training and testing the model.

For each fold, one subsample is used for testing the model while the other k-1 subsam-

ples are used to train the predictive model. The iterative process is repeated k folds so

every subsample can be used for both training and testing the model. The result of each

k-fold is then averaged. The advantage of using k-fold cross validation is that all da-

tasets will eventually be used for training and testing of the model. Generally, larger k-

fold partitions result in larger variance but minimize the bias [25].
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3 Results and Discussion 

In this study, DGA samples were collected from approximately 1200 of NV Energy’s 

transformers. The DGA samples were reviewed and classified based on their fault 

types: Normal condition (N), low thermal fault (T1), medium thermal fault (T2), high 

thermal fault (T3), partial discharge (PD), low energy discharge (D1), and high energy 

discharge (D2). Out of the 1200 transformers, a total of 74 samples were utilized for 

training and testing of the model. Given that machine learning classifiers generally per-

form poorly on imbalanced datasets, 31 samples needed to be generated or collected 

from other sources to balance the dataset. The real-time data was then generated using 

a constrained Brownian motion on existing data in order to mimic the stochastic nature 

of real-time dissolved gas in a transformer. As a result, a total of 105 transformers (15 

per class) were used for the training and testing of the SVM model. 

For the study, three different sets of features were created from the raw dataset: rate 

of change, percent change, and normalized feature sets for gases and ratios. The differ-

ent feature sets are used in combination with the different feature extraction techniques 

(DFT, DWT, PLR, and PAA) and evaluated on a 15-fold cross-validation linear SVM 

model. The partition of 15-fold is selected based on the number of observations for each 

class and the number of available classes in the dataset. The partitions are stratified 

such that each subsample contains the same number of observations of each class as the 

other k-1 subsamples.  

Table 1. Feature sets considered for classification of DGA. 

Features 

Normalized Gases 

& Ratios 

H2 CH4 C2H6 C2H4 C2H2 

CH4/H2 C2H2/C2H4 C2H2/CH4 C2H6/C2H2 C2H4/C2H6 

CO CO2 O2 N2 CO2/CO 

Percent Change 

(%) 

% H2 % CH4 % C2H6 % C2H4 % C2H2 

% CH4/H2 % C2H2/C2H4 % C2H2/CH4 % C2H6/C2H2 % C2H4/C2H6 

% CO % CO2 % O2 % N2 % CO2/CO 

Rate of Change in 

Gas (Δ)  

Δ H2 Δ CH4 Δ C2H6 Δ C2H4 Δ C2H2 

Δ CH4/H2 Δ C2H2/C2H4 Δ C2H2/CH4 Δ C2H6/C2H2 Δ C2H4/C2H6 

Δ CO Δ CO2 Δ O2 Δ N2 Δ CO2/CO 

Table 2 shows the model accuracy for different feature extraction techniques used 

on the rate-of-change in gas and ratio dataset. The best overall performance with the 

feature set for classification was 72.38% using discrete wavelet transforms. DWT and 

PLR generally performed well on identifying most types of faults while PAA and DFT 

generally performed worse overall. However, all methods poorly identified partial dis-

charge in transformers considering the highest accuracy of 13.33%.  

In the second experiment, the SVM model was evaluated for feature extraction tech-

niques used on the percent change feature set. Similar to the results completed with the 

rate-of-change feature set, Table 3 shows that the best performing methods are PLR 
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and DWT where as PAA and DFT general performed worse. However, the model that 

used PLR performed better than DWT with an accuracy of 86.67%. 

The last feature set used was with normalized gas and ratios values. Table 4 shows 

the model accuracy for each feature extraction technique used on the feature set. The 

highest performing extraction technique was accomplished using DWT with an accu-

racy of 79.05%. Unlike the other feature sets, PLR performed significantly worse using 

the normalized dataset compared to the other sets. 

Table 2. Model accuracy for each data mining technique using rate-of-change features. 

Fast Fourier 

Transform 

(DFT)

Discrete 

Wavelet 

Transform 

(DWT)

Piecewise Linear 

Representation 

(PLR)

Piecewise 

Aggregate 

Approximation 

(PAA)

Normal N 0 (0%) 12 (80%) 14 (93.33%) 13 (86.67%)

Low Energy 

Discharge
D1 3 (20%) 11 (73.33%) 14 (93.33%) 8 (53.33%)

High Energy 

Discharge
D2 11 (73.33%) 14 (93.33%) 12 (80%) 10 (66.67%)

Partial 

Discharge
PD 0 (0%) 2 (13.33%) 1 (6.67%) 1 (6.67%)

Low Thermal 

Fault
T1 13 (86.67%) 12 (80%) 10 (66.67%) 9 (60%)

Medium Thermal 

Fault
T2 0 (0%) 13 (86.67%) 12 (80%) 11 (73.33%)

High Thermal 

Fault
T3 1 (6.67%) 12 (80%) 12 (80%) 1 (6.67%)

28 (26.67%) 76 (72.38%) 75 (71.43%) 53 (50.48%)Grand Total

Class
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Table 3. Model accuracy for each data mining technique using percent difference in features. 

Table 4. Model accuracy for each data mining technique using normalized gas and ratio features. 

A summary of the results of each feature set and feature extraction techniques are 

shown in Table 5. Although DWT performed consistently well with an average of 

76.51% accuracy, PLR performed the best overall with an 86.67% classification rate 

with the percent-difference feature set. Furthermore, the results suggest that DWT and 

PLR may be feasible solutions for real-time fault classification in transformers. 

Despite the feature set and extraction techniques used, the accuracy for identification 

of partial discharge was significantly lower than the classification of other faults in the 

Fast Fourier 

Transform 

(DFT)

Discrete 

Wavelet 

Transform 

(DWT)

Piecewise Linear 

Representation 

(PLR)

Piecewise 

Aggregate 

Approximation 

(PAA)

Normal N 0 (0%) 15 (100%) 15 (100%) 10 (66.67%)

Low Energy 

Discharge
D1 5 (33.33%) 14 (93.33%) 15 (100%) 13 (86.67%)

High Energy 

Discharge
D2 12 (80%) 12 (80%) 14 (93.33%) 12 (80%)

Partial 

Discharge
PD 1 (6.67%) 5 (33.33%) 5 (33.33%) 1 (6.67%)

Low Thermal 

Fault
T1 12 (80%) 11 (73.33%) 13 (86.67%) 8 (53.33%)

Medium Thermal 

Fault
T2 0 (0%) 14 (93.33%) 14 (93.33%) 8 (53.33%)

High Thermal 

Fault
T3 2 (13.33%) 11 (73.33%) 15 (100%) 5 (33.33%)

32 (30.48%) 82 (78.1%) 91 (86.67%) 57 (54.29%)

Class

Grand Total

Fast Fourier 

Transform 

(DFT)

Discrete 

Wavelet 

Transform 

(DWT)

Piecewise Linear 

Representation 

(PLR)

Piecewise 

Aggregate 

Approximation 

(PAA)

Normal N 0 (0%) 14 (93.33%) 11 (73.33%) 10 (66.67%)

Low Energy 

Discharge
D1 0 (0%) 13 (86.67%) 9 (60%) 12 (80%)

High Energy 

Discharge
D2 11 (73.33%) 13 (86.67%) 7 (46.67%) 11 (73.33%)

Partial 

Discharge
PD 0 (0%) 5 (33.33%) 6 (40%) 1 (6.67%)

Low Thermal 

Fault
T1 13 (86.67%) 12 (80%) 10 (66.67%) 8 (53.33%)

Medium Thermal 

Fault
T2 0 (0%) 11 (73.33%) 11 (73.33%) 13 (86.67%)

High Thermal 

Fault
T3 5 (33.33%) 15 (100%) 5 (33.33%) 1 (6.67%)

29 (27.62%) 83 (79.05%) 59 (56.19%) 56 (53.33%)Grand Total

Class
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transformer. When observing the results and comparing the prediction against the ac-

tual outcome for each dataset, many of the fault mis-classifications occur when the 

model attempts to distinguish thermal faults from partial discharge. The accuracy of the 

model could be drastically improved with actual transformer results.  

Table 5. Model accuracy results. 

4 Conclusion 

Given that many fault diagnosis methods for transformers only involve studying the 

dissolved gas concentrations in one sample, this study proposes a method for the clas-

sification of real-time DGA. Given that many of the transformers at NV Energy are not 

equipped with real-time monitors, the real-time dataset was generated from existing 

data using a constrained Brownian motion. Given different pairs of feature extraction 

methods and feature sets, the accuracy of each SVM model were then evaluated and 

compared. Overall, the best result obtained an accuracy of 86.67% by utilizing Piece-

wise Linear Representation (PLR) with the percent change or difference in the raw 

time-series dataset. Although PLR performed the best, discrete wavelet transform 

(DWT) performed consistently well with an average accuracy of 76.51%. The paper 

also highlighted that Machine Learning application works well when hourly real-time 

data is available from monitoring devices.  
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Abstract. E-Commerce (E-Com) search is an emerging problem with
multiple new challenges. One of the primary challenges constitutes op-
timizing it for relevance and revenue and simultaneously maintaining a
discovery strategy. The problem requires designing novel strategies to
systematically “discover” promising items from the inventory, that have
not received sufficient exposure in search results while minimizing the
loss of relevance and revenue because of that. To this end, we develop
a formal framework for optimizing E-Com search and propose a novel
epsilon-explore Learning to Rank (eLTR) paradigm that can be inte-
grated with the traditional learning to rank (LTR) framework to explore
new or less exposed items. The key idea is to decompose the ranking
function into (1) a function of content-based features, (2) a function of
behavioral features, and introduce a parameter epsilon to regulate their
relative contributions. We further propose novel algorithms based on
eLTR to improve the traditional LTR used in the current E-Com search
engines by “forcing” exploration of a fixed number of items while limit-
ing the relevance drop. We also show that eLTR can be considered to be
monotonic sub-modular and thus we can design a greedy approximation
algorithm with a theoretical guarantee. We conduct experiments with
synthetic data and compare eLTR with a baseline random selection and
an upper confidence bound (UCB) based exploration strategies. We show
that eLTR is an efficient algorithm for such exploration. We expect that
the formalization presented in this paper will lead to new research in the
area of ranking problems for E-com marketplaces.

1 Introduction

One of the most critical components of an e-commerce (e-com) marketplace is
its search functionality. The goal of an e-commerce search engine is to show
the buyers a set of relevant and desirable products and facilitate the purchasing
transactions that generate the revenue for the platform. Additionally, the e-com
search also need to facilitate the discovery of the new or less exposed items to
the buyers. This is in-fact critical for some categories such as apparel where
new items are added periodically. However, a search ranking algorithm uses the
behavioral signals such as sales, clicks, cart adds as features in its learning to
rank algorithm. Therefore, the search engine may favor certain items that are
purchased more by customers than other items in order to maximize the revenue,
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but the more an engine favors certain items, the higher those items would be
ranked in the search. This creates a conflict between the revenue and discovery
metrics since some less-favored items might never have a chance of being exposed
to the users. It is also easy to see maximizing discovery can compromise rele-
vance of search results since those “unseen products” may not be relevant to a
user’s interest. We thus see that an e-com search engine must deal with a much
more challenging optimization problem dealing with optimizing relevance and
revenue as well as providing a discovery mechanism for the buyers. We address
this problem in this paper and have made three contributions: Firstly, we suggest
a formal framework for optimizing E-Com search and define multiple objectives
to form a theoretical foundation for developing effective E-Com search algo-
rithms. Secondly, we propose a simple and practical framework for conducting
regulated discovery in e-com search. We then provide an exploration algorithm
(eLTR) with a theoretical guarantee that can be easily integrated with tradi-
tional learning to rank algorithms. We also discuss how existing multi-armed
bandit algorithms such as upper confidence bound (UCB) can also be used to
address this problem in e-com search. Thirdly, we suggest a possible evaluation
methodology based on simulation with E-Com search log data and show the
effectiveness of our proposed eLTR algorithm using our evaluation methodol-
ogy with synthetically generated data. We also compare different exploration
strategies and show the effectiveness of eLTR algorithm.

2 Related work

There has been extensive research on learning to rank (LTR) algorithms par-
ticularly in the context of web search [11]. Most of the algorithms are designed
to optimize a single metrics. Recently, Svore et al. [17] proposes a variant of
LambdaMart [3] that can optimize multiple objectives particularly when two
objectives are positively correlated. Authors conducted their experiments show-
ing optimization of two different variants of normalized discounted cumulative
gain (NDCG) [8] metrics that are based on judgments of human raters and based
on click feedback respectively. In case of e-com search, aiming to maximize ex-
ploration can hurt the main business objectives and hence using this approach
is not possible. The exploration algorithms are well researched in machine learn-
ing [16, 2, 7], particularly in the context of recommender systems [14, 15], news
content optimization problems [10]. However, in e-com search we also need to
ensure maximization of revenue and the exploration needs to be well regulated to
minimize the expected loss. Vermorel et al. [18] in their paper compared the ef-
fectiveness of several multi-armed bandit (MAB) algorithms including heuristics
such as ε-explore, soft-max etc., and also approaches based on upper confidence
bound (UCB) [1] which has nice theoretical regret guarantee. The authors sug-
gested often simple heuristics can provide very good practical performance for
exploration. In this paper, we use a sub-modular function [12, 20] for exploration
in order to have a nice theoretical guarantee for the exploration component. Our
approach can be considered similar to the approaches used in learning adaptive
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sub-modular function [6]. However, we integrated this with a ranking function
and propose a novel function and prove the monotonic sub-modularity of it.

3 Optimization of e-com search

We consider the problem of optimizing an E-Com search engine over a fixed
period of time {1, · · · , T}. We assume that the search engine receives N queries,
denoted by Q = (q1, q2, · · · , qN ) during this time. Let Z = {ζ1, · · · , ζM} be the
set of M items during the same time. Let’s denote the all the relevant items

(recall set) for a query qi by Ri ⊆ Z. Consequently, we have Z =
N⋃
i=1

Ri. Now,

we define a ranking policy by π : 2(Q×Z) → <, where the input is the set of
query item tuples where the items are from the recall set for the query and the
output of the policy function is a subset of K items. These items are shown to
the users and then an user browses the items one after another in the order they
are shown. The user may click an item, add it to the shopping cart, and can also
purchase. If a purchasing transaction happens then either the revenue generated
or a sale can be considered to be a reward for the π. If the reward is designed to
be using revenue it then needs to be real valued. If the reward is based on a sale,
it can be a binary variable. It is also possible to construct the reward using clicks
or cart-adds or a combination of all or some of these. An e-com search intends
to maximize all these measures. However, the policy functions space is exponen-
tial and we require to formulate an optimization problem for e-com search. We
don’t generally have the knowledge when a purchasing transaction can happen.
Hence, we introduce a binary random variable λij ∈ {0, 1} to indicate whether
a purchasing transaction will happen with λij = 1 meaning a purchasing event.
Naturally, p(λij = 1|ζj , qi) + p(λij = 0|ζj , qi) = 1 for an item ζj shown for query
qi. The expected RPV for this query is then given by

RPV (qt) =
∑

ζj∈π(qi)

price(ζj)×N(λij = 1|ζj , qi).

The total revenue defined on all the query results for the fixed period of time T
when using policy π is thus

gRPV (π) =
N∑
i=1

RPV (qi)

Similarly, we can also define the relevance objective function as

gREL(π) =
N∑
i=1

ρ(π(qi))

where ρ can be any relevance measure such as nDCG, which is generally defined
based on how well the ranked list π(q) matches the ideal ranking produced based
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on human annotations of relevance of each item to the query. The aggregation
function does not have to be a sum (over all the queries); it can also be, e.g.,
the minimum of relevance measure over all the queries, which would allow us to
encode the preference for avoiding any query with a very low relevance measure
score.

gREL(π) = mini∈[1,p]ρ(π(qi))

We can now define the notion of discoverability of an e-commerce engine by
considering a minimum number of impressions of items in a fixed period of time.
The notion of discoverability is important because the use of machine learning
algorithms in search engines tends to bias a search engine toward favoring the
viewed items by users due to the use of features that are computed based on user
behavior such as clicks, rates of “add to cart”, etc. Since a learning algorithm
would rank items that have already attracted many clicks on the top, it might
overfit to promote the items viewed by users. As a result, some items might
never have an opportunity to be shown to a user (i.e., “discovered” by a user),
thus also losing the opportunity to potentially gain clicks. Such “undiscovered”
products would then have to stay in the inventory for a long time incurring extra
cost and hurting satisfaction of the product providers. To formalize the notion
of discoverability, we say that the LTR function f is β-discoverable if all items
are shown at least β times. Now, we can further define a β-discoverability rate
as the percentage of items that are impressed at least β times in a fixed period
of time. Let us now define again a binary variable γi for every item ζi and then
assume that γi = 1 if the item got shown in the search results for β times and
γi = 0 in case the item is not shown in the search results more than β times.
We can express this as follows:

gβ−discoverability =

∑i=M
i=1 γi
M

Given these formal definitions, our overall optimization problem for the e-com
search is to find an optimal ranking policy π that can simultaneously maximize
all three objectives, i.e.,

Maximize gRPV (π), gREL(π), gβ−dicoverability

.
The above is a multi-objective problem and maximizing simultaneously all

of the above objective may not be possible and it may also not be a desirable
business goal from the platform side. The optimal tradeoff between the different
objectives would inevitably application dependent.

The challenging aspect of this multi-objective problem is that the objectives
such as discovery requires exploration that can also hurt the relevance and rev-
enue.

4 Strategies for solving the optimization problem

Since there are multiple objectives to optimize, it is impossible to directly apply
an existing Learning to Rank (LTR) methods to optimize all the objectives.
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However, there are multiple ways to extend an LTR method to solve the problem
as we will discuss below.

4.1 Direct extension of LTR

One classic strategy is to use a convex combination of multiple objectives to form
one single objective function, which can then be used in a traditional LTR frame-
work to find a ranking that would optimize the consolidated objective function.
One advantage of this approach is that we can directly build on the existing
LTR framework, though the new objective function would pose new challenges
in designing effective and efficient optimization algorithms to actually compute
optimal rankings. One disadvantage of this strategy is that we cannot easily
control the tradeoff between different objectives (e.g., we sometimes may want
to set a lower bound on one objective rather than to maximize it). Addition-
ally, it does not have any exploration component and hence we can not ensure
optimizing discovery with such algorithm.

4.2 Incremental Optimization

An alternative strategy is to take an existing LTR ranking function as a basis for
a policy and seek to improve the ranking (e.g., by perturbation) so as to optimize
multiple objectives as described above; such an incremental optimization strat-
egy is more tractable as we will be searching for solutions to the optimization
problem in the neighborhood. We can then construct such a perturbation by
keeping a fixed number of x positions for exploration out of the K top results.
Then, the rest of the (K − x) items can be selected using a LTR function based
on other criteria such as combination of revenue and relevance. This framework
is so simple that it is very easy to realize in practice but it is possible to conduct
exploration based on several strategies such that the regret in the form of loss
of revenue and relevance can be minimized. In the next section of the paper, we
discuss a few such strategies.

5 Exploration with LTR (eLTR)

Let us define the set from which the LTR function selects the items as Li ⊂ Ri
for a given query qi. We assume that all the items outside set Li are not β-
discoverable. Then, L = ∪i=Ni=1 Li is the set of all β-discoverable items. Hence,
the set E = R\L can then be consisting of all the items that require exploration.

Now, we propose three strategies to incorporate discovery in an e-commerce
search.

Random selection based exploration from the recall set (RSE): This
is a baseline strategy for continuous exploration with a LTR algorithm. In this,
for every query qi, we randomly select x items from the set E ∩ Ri. Then, we
put these x items on top of the other (k− x) items that are selected using LTR
from the set Ri. The regret here will be linear with the number of
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Upper confidence bound (UCB) based exploration from the recall
set (UCBE): This is another simple strategy that uses a variant of UCB based
algorithm for exploration instead of random sampling. Here, we maintain a MAB
for each query. We consider each item in the set E ∩Ri as an arm for the MAB
corresponding to a query qi. We maintain an UCB score for each of those items
based on sales over impression for the query. If an item ζj is in the set E ∩ Ri
and is shown bj times in T iterations, and is sold aj times in between, then the

UCB score of the item ζj is ucbj =
aj
bj

+
√

2 log2 T+1
bj

. Note, this is for a specific

query. We then select x items based on top UCB scores.
Explore LTR (eLTR In this, we define a function that we call explore

LTR (eLTR) to select the x items. The rest of the items for top K can be chosen
using the traditional LTR. Then, we can either keep the x items on top or we
can rerank all K items based on eLTR.

The main motivation for the eLTR is the observation that there is inherent
overfitting in the regular ranking function used in an e-com search engine that
hinders exploration, i.e., hinders improvement of β-discoverability and STR. The
overfitting is mainly caused by a subset of features derived from user interaction
data. Such features are very important as they help inferring a user’s prefer-
ences, and the overfitting is actually desirable for many repeated queries and
for items that have sustained interests t users (since they are “test cases” that
have occurred in the training data), but it gives old items a biased advantage
over the new items, limiting the increase of β-discoverability and STR. Thus the
main idea behind e-LTR is thus to separate such features and introduce a pa-
rameter to restrict their influences on the ranking function, indirectly promoting
STR. Formally, we note that in general, a ranking function can be written in the
following form:

y = f(X) = g(f1X1), f2(X2))

where y ∈ R denotes a ranking score and X ∈ RN is a N dimensional feature
vector, X1 ∈ RN1 and X2 ∈ RN2 are two different groups of features such
that N1 + N2 = N,X1 ∪ X2 = X. The two groups of features are meant to
distinguish features that are unbiased (e.g., content matching features) from
those that are inherently biased (e.g., clickthrough-based features). Here g is an
aggregation function which is monotonic with respect to both arguments. It is
easy to show that any linear model can be written as a monotonic aggregation
function. It is not possible to use such representation for models such as additive
trees. However, our previous techniques do not have such limitation since they
are completely separated from the LTR. In this paper, we keep our discussion
limited to linear models. We now define explore LTR (eLTR) function as follows:

ye = fe(X) = g(f(X1), ε× f(X2))

where ye ∈ R and 0 ≤ ε ≤ 1 is a variable in our algorithmic framework. Since,
g is monotonic, fe(X) <= f(X) when ε ≤ 1. Since feature set X2 is a biased
feature set favoring old items, we can expect ranking based on fe would be
more in favor of new items in comparison with the original f , achieving the goal
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of emphasizing exploration of new items. Note that ε controls the amount of
exploration: the smaller ε is, the more exploration (at the cost of exploitation).
Since the maximum exploration is achieved when ε=0, in which case, ranking is
entirely relying on f1, the only loss in the original objective function is incurred
by the removal of f2. By controlling what features to be included in f2, we
can control the upper bound of the loss. In this sense, eLTR ensures a “safe”
exploration strategy since f1 is always active. Note, this function gradually can
become very same as the LTR function when ε is close to 1. There can be various
ways of constructing the ε. In this paper, we experimented with three different
expressions for ε. These are as follows:

eLTR basic exploration (eLTRb): In this strategy, we keep ε = I
Tmax

.
Here, I is an iteration and Tmax is a maximum number of iteration after which
everything can be reset. This is a very simple strategy where the eLTR just
increases the importances of the behavioral features gradually with every itera-
tion.

eLTR ucb weighted exploration (eLTRu): In this strategy, we keep ε =
ucbj
Uj

. Here, Uj is a normalization factor and in our experiment it is chosen to be

the maximum UCB score in the set E∩Ri. This can be intuitively considered as
the expected LTR score based on a sales estimation. It is motivated by adaptive
sub-modular optimization in bandit setting [6] that has nice regret guarantee.

eLTR ucb weighted exploration and reranking (eLTRur): This strat-
egy first selects the top x items using eLTRu and it selects the remaining (k−x)
items using the classic LTR and then it reranks the k items using eLTRu.

6 Theoretical analysis

In this section, we discuss the regret bounds of all the strategies. We express
the regret in terms of total number of search session n in a fixed period of time
T . Our first strategy RSE can be arbitrarily bad and can have a worst case
regret proportional to O(xn). However, it can have a fast discovery. The UCB
is a better strategy compared to RSE. The regret of stochastic variant of UCB
can be estimated as O(log (xn)). The discovery in this algorithm will be not as
good as the RSE and it can be worst if the MAB arms converge fast towards
optimality. On the other hand, we can construct the eLTR function as monotonic

sub-modular. Then, the regret for eLTR can be estimated as O(1+1/e−
|E|
x ) times

worst compared to the optimal. In our case, the optimal algorithm is LTR [13].
The eLTR algorithm is inspired from ε-greedy style MAB algorithm and hence
can have better discovery compared to UCB. However, it is not clear if the
regret is necessarily better than UCB based strategy. In section 8 we conduct a
simulation to understand how these algorithms compare with each other. Here,
we now show that eLTR can be indeed monotonic sub-modular.
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6.1 Monotonic sub-modularity of eLTR

Let’s call the ranking policy for selecting x items from the set E as

πe : 2(Q×E) → <

, where the cost function for our policy can be as follows:

c(E) = argmax
ζ∈E

i=x∑
i=1

yei

We now show that this cost function is monotonic.

If we add a new item in set E, that will be added to the result of a query if
the eLTR score for that query and that item is greater than the score of existing
top x items. In that case, the cost of eLTR will increase. If the eLTR score for the
query and the item is less than the existing top x items, the overall score from
eLTR will be unchanged. Hence, the function is monotonically nondecreasing.

Now, we show that this function is sub-modular.

Let us assume that A ⊂ B ⊆ E. Let’s also assume that there is an item
ζg /∈ (A ∪ B). Consequently, we can have, a = c(A ∪ {ζg}) − c(A) and b =
c(B ∪ {ζg})− c(B).
There can then be three cases: case 1: c(B) ≥ c(A)
In this case, there must be one or more high eLTR items in set B. Now, if we
add the item ζg, it will either get added to the top x or not. If it is added to
the top items in set B, that means it replaces at least the one item with the
minimum eLTR score in top x items in set B. If there are no common items in
the top x items for A and B, and since c(B) ≥ c(A), the new item has a higher
eLTR value than any items in set A and will also replace an item in top x for
A. Hence, a = b.
Now, if the item does not get added to top x items in B, that means the item
does not have higher value compared to the top x items in B. Then, we have
b = 0. Now, the item can be added in top items for A or not. If it is added in A
then we will have a > 0 and if it is not added then we have a = 0.

case 2: c(B) ≤ c(A)
This case will never happen since all the items in set A are also in set B and if
there are top items in set A, all of those items will be in set B. Hence, unless
there are items with higher eLTR compared to the top items in A, top items in
B will never be different.

case 3: c(B) = c(A)
This is the simplest case. All top items are same and the new item will either
get added in both or not since it need to replace one of the top items. Hence,
a = b.
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We have now shown that this cost function always have a >= b and hence
this function is sub-modular.

7 Evaluation Methodology

Due to the involvement of multiple objectives, the evaluation of E-Com search al-
gorithms also presents new challenges. Here we discuss some ideas for evaluating
the proposed e-LTR algorithm, which we hope will stimulate more work in this
direction. The ideal approach for conducting such an evaluation would require
simultaneously deploying all candidate methods to live user traffic, and com-
puting various user engagement metrics such as click through rate,sales, revenue
etc. However this strategy is difficult to implement in practice. Since user traffic
received by each candidate method is different, we need to direct substantial
amount of traffic to each method to make observations comparable and con-
clusions statistically significant. Deployment of a large number of experimental
and likely sub-optimal ranking functions, especially when evaluating baselines,
can result in significant business losses for e-Commerce search engines. Perhaps
a good and feasible strategy is to design a simulation-based evaluation method
using counterfactual techniques [9]. Here, we use historical search session data
to replay the sessions for a fixed period of time. We then artificially make a set
of items selected randomly as candidates for exploration where we do not have
estimation of purchase probabilities. We keep these items in set E. We use the
true purchase probabilities estimated from the data fro the items that have been
shown sufficient number of time in our rank function but use zero values for the
same probabilities for the items in set E.

On the surface, it appears that we may simply use the clicks or sales of the
items to estimate the utility of each product. However, such a commonly used
strategy would inherently favor already exposed items, and if an item has never
been exposed, its utility would be zero, thus this strategy cannot be used for
evaluating discoverability. To ensure discoverability for potentially every item
in the collection, we can define the gold utility of a query product pair uq,d as
a number randomly sampled between [0, 1]. Such a random sampling strategy
would give every item a chance of being the underexposed target to be “discov-
ered.” Thus although the assigned utilities in this way may not reflect accurately
real user preferences, the simulated utility can actually give more meaningful
evaluation results than using click-throughs to simulate utility when comparing
different exploration-exploitation methods where only the relative difference of
these methods matters.

8 Experimental results

In this section, we first construct a synthetic historical dataset with queries,
items and their prices. We also generate the true purchase probabilities and
utility scores for the item and query pairs. Additionally, we use a specific rank
function to simulate the behavior of a trained LTR model.
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Then we conduct a simulation as described in section 7 with various explo-
ration strategies. During the simulation we use the observed purchase probabili-
ties estimated from the purchase feedback as the most important feature for the
rank function but we use the true probabilities generated during the initial data
generation phase to simulate the user behavior.

The main goal of this experimental study is to evaluate the behavior of the
exploration strategies (a) with various different sets of number of queries and
number of items, (b) with different values of β-discoverability at the beginning,
(c) with different distributions of the utility scores representing different state
of the inventory in an e-com company.

We evaluate our algorithms by running the simulation for T times. We com-
pute RPV and β-discoverability at the end of T iterations. We also compute a
purchase based mean reciprocal ranking [4] metric (MRR). This metric is com-
puted by summing the reciprocal ranks of all the items that are purchased in
various user visits for all queries. Moreover, we also discretize our gold utility
score between 1 to 5 and generate a rating for each item. This also allows us to
compute a mean NDCG score at k-th position for all the search sessions as a
relevance metric.

We expect to see that the RPV and NDCG of the LTR function will be the
best. however the β-discoverability values will be better in ranking policies that
use an exploration strategy. The new ranking strategies will incur loss in RPV
and NDCG and based on our theoretical analysis we expect the eLTR methods
to have less loss compared to the RSE and UCB based approaches in those
measures. We also expect to see a loss in MRR for all exploration methods.
However, we mainly interested in observing how these algorithms perform in
β-discoverability metric compared to LTR.

8.1 Synthetic data generation

We first generate a set of N queries and M items. We then assign the prices of
the items by randomly drawing a number between a minimum and a maximum
price from a multi-modal Gaussian distribution that can have up to 1 to 10 peaks
for a query. We select the specific number of peaks for a query uniform randomly.
We also assign a subset of the peak prices to a query to be considered as the
set of it’s preferred prices. This makes a situation where every query may have
a few preferred price peak points where it may also have the sales or revenue
peaks.

Now that we have the items and queries defined, we randomly generate an
utility score, denoted by (uij) for every item ζj for a query qi. In our set up, we
use uniform random, Gaussian and a long tailed distribution for selecting the
utilities. These three different distributions represent three scenarios for a typical
e-com company’s inventory. Additionally, we generate a purchase probability be-
tween 0.02 to 0.40 for every item for every query. We generate these probabilities
such that they correlates with the utility score. We generate these numbers in a
way so that these are correlated with the utility scores with a statistically signif-
icant (p-value less than 0.10) Pearson correlation coefficient [19]. We also intend
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to correlate the purchase probability with the preferred peak prices for a query.
Hence, we give an additive boost between 0 to 0.1 to the purchase probability
in proportion to the absolute difference of the price of the item from the closest
preferred mean price for that query. By generating the purchase probabilities
in this way, we ensure that the actual purchase probabilities are related to the
preferred prices for the queries, and also it is related to the utility scores of the
items for a given query. Now, we define a β-discoverability rate β = b and selects
b ×M items randomly from the set of all items. In our simulation, we assume
that the estimated (observed) purchase probability for all the items in set E at
the beginning can be zero. The rest of the items purchase probability are as-
sumed to be estimated correctly at the beginning. Now, we create a simple rank
function that is a weighted linear function of the utility score (u), the observed
purchase probability (po), and the normalized absolute difference between the
product price and the closest preferred mean price (m̂p for the query such that
l = 0.60po + 0.20u+ 0.20m̂p. Here l denotes the score of the ranker. This ranker
simulates a trained LTR function in e-com search where usually the sales can be
considered the most valuable behavioral signal.

We now construct an user model. Here, an user browses through the search
results one after another from the top and can purchase an item based on that
item’s purchase probability for that query. Note, in order to keep the simulation
simple, we consider an user only purchases one item in one visit and leaves the
site after that. We also can apply a discount to the probability of purchase log-
arithmically for each lower rank by multiplying 1

log2(r+1) , where r is the ranking

position of the item. This is to create an effect of the position bias [5].

8.2 Description of the experimental study

We conduct four sets of experiments with this simulated data.
In the first set of experiments, we use a small set of queries and a small set

of products to understand the nature of the algorithms. The utility scores for all
the products are generated from an uniform random distribution.

The table 1 shows the RPV, NDCG@6,PMRR, and β-discoverability. We
note that all the variants achieve high discoverability score with relatively small
loss in RPV, NDCG and MRR. It is clear that eLTRur performs better than
all other approaches. It in-fact performs even better than the LTR algorithm in
RPV metric along with doing well in discovery.

In the second set of experiments, we use a larger number of queries and
products and select a smaller starting value for β-discoverability. We also run
this simulation longer. In table 2, we find the eLTR variants perform much better
compared to the UCBE, and RSE. In-fact, this time eLTR variants also perform
as good as the LTR also in NDCG metric.

In the third set of experiments we use a Gaussian distribution with mean
0.5 and the variance 0.1 for generating the utility scores, but everything else is
same as the previous experiment. We again see in table 3 that eLTR variants
perform well compared to UCBE and RSE and they also do better in terms of
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Algorithms RPV NDCG MRR β − d

LTR 0.09 0.94 0.41 0.37

RSE 0.089 0.86 0.38 0.97

UCBE 0.09 0.87 0.39 0.96

eLTRb 0.09 0.88 0.39 0.97

eLTRu 0.09 0.88 0.39 0.97

eLTRur 0.092 0.88 0.40 0.98

Table 1: Simulation of eLTR framework, with |Q| = 10, |Z| = 100, |L| = 50, β − d = 20%, β =
50, K = 6, x = 3, T = 10000.

Algorithms RPV NDCG MRR β − d

LTR 0.12 0.90 0.42 0.12

RSE 0.09 0.73 0.27 0.30

UCBE 0.10 0.73 0.27 0.66

eLTRb 0.11 0.91 0.32 0.68

eLTRu 0.11 0.92 0.32 0.68

eLTRur 0.11 0.92 0.32 0.68

Table 2: Simulation of eLTR framework, with |Q| = 100,M = 5000, |L| = 200, β − d = 10%, β =
50, K = 6, x = 3, T = 50000.

NDCG compared to LTR. The table ?? shows the convergence plots for the six
competing algorithms for RPV, MRR, and the discovery.

kept all the parameters same except the distribution of utility score. We
generate the scores for all the products from a Gaussian distribution with mean
0.5 and the variance 0.1. The table 3 shows the tables with final metrics for all
the algorithms. We observe that with a Gaussian distribution of utility scores
the eLTR approaches have better MRR, and β-discoverability.

Algorithms RPV NDCG MRR β − d

LTR 0.10 0.92 0.44 0.10

RSE 0.08 0.86 0.28 0.29

UCBE 0.08 0.87 0.28 0.66

eLTRb 0.09 0.94 0.33 0.67

eLTRu 0.09 0.94 0.33 0.67

eLTRur 0.09 0.94 0.33 0.67

Table 3: Simulation of eLTR framework, with |Q| = 100, |Z| = 5000, |L| = 200, β − d = 10%, β =
50, K = 6, x = 3, T = 50000.

In the fourth set of experiment, we use a power law to generate the utility
distribution. This means that only a small set of items here can be considered
valuable in this scenario. The table 5 shows the final metrics for this case and
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Table 4: Simulation of eLTR framework, with |Q| = 100, |Z| = 5000, |L| = 200, β − d = 10%, β =
50, K = 6, x = 3, T = 50000.

the figure 6 shows the convergence plots for RPV, NDCG and discoverability for
the six different algorithms. We notice that even with this distribution of utility
scores the eLTR variants have smaller loss in RPV, NDCG, and in MRR. Note
that in this distribution, the discoverability can be considered to be naturally not
so useful since a large number of items are not that valuable. We expect in such
situation, a nice discoverability algorithm can help to eliminate items that do
not get sold after sufficient exposure and enable the e-com company to optimize
it’s inventory. The table 6 shows the convergence plots of all the algorithms in
this scenario.

Algorithms RPV NDCG MRR β − d

LTR 9.56 0.57 0.45 0.11

RSE 7.55 0.27 0.25 0.30

UCBE 7.55 0.27 0.26 0.66

eLTRb 8.2 0.33 0.31 0.67

eLTRu 8.3 0.33 0.31 0.67

eLTRur 8.4 0.33 0.32 0.67

Table 5: Simulation of eLTR framework, with |Q| = 100, |Z| = 5000, |L| = 200, β − d = 10%, β =
50, K = 6, x = 3, T = 50000.

9 Conclusions

This paper represents a first step toward formalizing the emerging new E-Com
search problem as an optimization problem with multiple objectives including
the revenue per-visit (RPV), and discoverability besides relevance. We formally
define these objectives and discuss multiple strategies for solving such an op-
timization problem by extending existing learning to rank algorithms. We also
proposed a novel exploratory Learning to Rank (eLTR) method that can be
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Table 6: Simulation of eLTR framework, with |Q| = 100, |Z| = 5000, |L| = 200, β − d = 10%, β =
50, K = 6, x = 3, T = 50000 and with Pareto distribution for the utility scores and the purchase
probabilities.

integrated with the traditional LTR framework to explore new or less exposed
items and discussed possible methods for evaluating eLTR. We show that select-
ing the items from a set of yet not discovered items using eLTR can be mapped
to a monotonic sub-modular function and hence the greedy algorithm has nice
approximation guarantees.We hope that our work will open up many new di-
rections in research for optimizing e-com search. The obvious next step is to
empirically validate the proposed eLTR strategy by using the proposed simu-
lation strategy based on log data from an e-com search engine. The proposed
theoretical framework also enables many interesting ways to further formalize
the e-com search problem and develop new effective e-com search algorithms
based on existing multi-armed bandit and sub-modular optimization theories.
Finally, the proposed eLTR algorithm is just a small step toward solving the
new problem of optimizing discoverability in e-com search; it is important to
further develop more effective algorithms that can be applied with non-linear
learning to rank algorithms.
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Abstract. This paper proposes an approach to predict the volume of
future re-tweets for a given original short message (tweet). In our re-
search we adopt a probabilistic collaborative filtering prediction model
called Matchbox in order to predict the number of re-tweets based on
event popularity and user connectivity. We have evaluated our approach
on a real-world dataset and we furthermore compare our results to two
baselines. We use the datasets crawled by the WISE 2012 Challenge1

from Sina Weibo2, which is a popular Chinese microbloging site similar
to Twitter. Our experiments show that the proposed approach can effec-
tively predict the amount of future re-tweets for a given original short
message.

Keywords: re-tweets, prediction, micro-blog, social networks

1 Introduction

The prediction of message propagation is one of the major challenges in under-
standing the behaviors of social networks. In this work, we study that challenge
in the context of the Twitter social network. In particular, our goal is to pre-
dict the propagation behavior of any given short message (i.e., tweet) within a
period of 30 days. This is captured by measuring and predicting the number of
re-tweets.

To model the re-tweeting activities, we use the datasets crawled by the WISE
2012 Challenge from Sina Weibo, which is a popular Chinese microbloging site
similar to Twitter. In Sina Weibo, retweet mechanish is different from Twitter.
In Twitter, users can only re-tweet a tweet without modifying the original tweet.
However, in Sina Weibo user can modify or add information from other users’
in the re-tweeting path in their own re-tweet.

The dataset that to be used in this challenge contains two sets of files. Firstly,
Followship network, it includes the following network of users based on user IDs.
Secondly, Tweets, it includes basic information about tweets (time, user ID,

1 http://www.wise2012.cs.ucy.ac.cy/challenge.html
2 http://weibo.com
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Table 1: Number of original messages re-tweeted in 30 days
number of Original messages Annotated with events

re-tweets #messages % #messages %

< 10 42,551,891 94.749 882,191 2.073
10-99 2,171,214 4.835 65,809 3.031

100-499 173,803 0.387 5,464 3.144
500-999 10,283 0.023 400 3.890

1,000-4,999 2,838 0.006 158 5.567
5,000-9,999 26 0.00006 2 7.692
≥10,000 11 0.00002 1 9.091

Total 44,910,066 100.00 954,025 2.124

Table 2: Number of re-tweets in 10 levels within 30 days
level number of re-tweets %

1 107,025,967 56.056
2 49,401,724 25.874
3 16,934,845 8.869
4 8,045,285 4.213
5 4,196,992 2.198
6 2,315,732 1.212
7 1,294,638 0.678
8 746,494 0.390
9 428,158 0.224
10 240,606 0.126

messages ID), mentions (i.e., user IDs appearing in tweets), re-tweet paths, and
whether containing links. User IDs and message IDs are anonymized. Content
of tweets are removed, based on Sina Weibo’s Terms of Services. Some tweets
are annotated with events. For each event, the terms that are used to identify
the event and a link to Wikipedia3 page containing descriptions to the event
are given. For the purpose of this challenge, 369 million messages and 68 million
user profiles were extracted. The sizes of the followship dataset and the microblog
dataset are 12.8 GB and 64.8 GB, respectively. It should be note that the dataset
is not complete but it is sufficiently large to predict the re-tweeting behavior of
users on Sina Weibo.

In preparation for the challenge, we further collected some statistical infor-
mation for a better understanding of the available datasets. In particular, for
the followship dataset (i.e., the who is following whom relationship), we found
that the majority of users have less that 10 followers (approximately 91%) as
shown in Figure 1. Additionally, for the microblog dataset (i.e., whose tweets are
re-tweeted by whom), we ranked the distribution of the original tweets based on
how many re-tweets they received within 30 days as shown in Table 1.

3 http://wikipedia.org
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Fig. 1: User distribution based on numbers of followers

The table also shows the subsets of tweets that have been annotated with
events. As the table shows, approximately 95% of the original tweets were re-
tweeted less than 10 times, of which approximately 2% were annotated with
events. In addition, most original tweets were re-tweeted in 3 levels within 30
days (approximately 91%) as shown in Table 2 and Figure 2.

In order to understand the re-tweet activity, we also studied the re-tweet
activity by day of the week and time of the day. We selected original tweets
associated with events which have the number of re-tweets more than 100 for
our study (6,934 messages). In Figure 3, the graph shows the number of re-tweets
per day of week. Based on a sample of tweets, Monday is the most popular day
for re-tweet activity; followed by Tuesday and Friday. In Figure 4, the chart
shows the number of re-tweets per hour of the day. During the day, the most
re-tweet activity happens from 10 a.m. to 12 p.m.

The contributions of this paper are summarized as follows: 1) An extensive
statistical studies on the re-tweeting activities of users’ behaviors in the widely
used social network are provided. 2) The number of re-tweets is measured to
understand the users’ participation for spreading information in social network.
3) An approach to automatically predict the number of re-tweets over micro-
blogs is proposed.

This paper is organised as follows, Section 2 is about related work. The
proposed approach is presented in Section 3. In Section 4, we present the exper-
imental setup and results, the conclusions are given in Section 5.

2 Related work

Microblogging activities in social networks have been attracting growing atten-
tions from researchers in Data Mining and Information Retrieval. One interesting

390



Sayan Unankard

Fig. 2: Number of re-tweets in each level

problem is the study on the re-tweeting behaviours from an information diffusion
perspective. Most works had focused on Twitter, a popular microblogging site.
Insightful studies on re-tweeting behaviors can be seen from [1, 2, 4, 9].

In [1], Boyd et al. studied the various aspects of re-tweeting. They conducted
interviews with Twitter users and investigated the reasons why they re-tweet.
Letierce et al. in [4] surveyed how researchers used Twitter to spread scientific
messages. However, neither of them attempted to predict on whether a given
message is to be re-tweeted. Galuba et al. in [2] focused on the URL propagation
via re-tweets. In [9], Suh et al. gathered content and contextual features from
Twitter and identified factors that impact re-tweeting. They found that URLs
and hashtags have strong relationships with re-tweetability and identified the
number of followers and followees as important factors.

Zaman et al. in [12] adapted a probabilistic collaborative filtering model
called Matchbox [8] to predict information spreading in Twitter based on features
such as tweeter and re-tweeter information, and the tweet content. In [11], Yang
et al. proposed a factor graph model based on users’ re-tweeting history.

Recently, Petrovic et al. in [7] built a time-sensitive model based on the
passive-aggressive algorithm (PA) to automatically predict re-tweets activities.
Hong et al. in [3] trained a binary classifier to predict if a message will be re-
tweeted or not and a multi-class classifier based on logistic regression to predict
the volume of re-tweets for a given message. For the multi-class classification,
they used four class labels (0: no re-tweet, 1: re-tweets less than 100, 2: re-tweets
less than 10000, and 3: re-tweets more than 10000).

In [6], Peng et al. modelled the re-tweeting activities by using conditional
random fields with three types of features, namely content influence, network
influence and temporal decay factor. Naveed et al. in [5] argued that the tweet
content is the key for re-tweeting prediction. They used logistic regression to
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Fig. 3: Re-tweet activity by day of the week

Fig. 4: Re-tweet activity by time of the day

compute re-tweet likelihood based on various interesting content features such
as emotion positive/negative, exclamation/question mark, etc.

In our work, the tweet content has been removed from Sina Weibo microblog
dataset pre-processed by WISE 2012 Challenge due to Sina Weibo’s Term of
Services.

3 Proposed Approach

3.1 Assumptions

Based on the given datasets, together with our statistical information presented
in Section 1, we make the following assumptions:

• An event category is a group of similar events (manually grouped).
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• The more popular the event category is, the more likely the tweet will be
re-tweeted by a user.

• Similar events have similar re-tweet patterns.
• A user who has re-tweeted frequently in the past is likely to re-tweet in the
future.

• Most users are only interested in tweets under certain event categories. Most
followers are users who have similar interests.

• Users’ interests and preferences are assumed to be stable.

3.2 Event Category

In WISE 2012 Challenge, the given original tweets are annotated with some
social events together with their corresponding keyword lists. It is difficult to
automatically group events into different categories and it is neither in our focus
in this report because some events are simply labelled by personal names or by
location names. Moreover, their relevant keyword lists are arbitrary and do not
show clear contextual information between the keyword list and the event title.
To solve this problem, we manually divide the WISE 2012 provided 46 events
that have links to Wikipedia pages into 12 categories such as Natural Disaster,
Celebrities, Product Release, Sports, and etc. The examples of event categories
are shown in Table 5.

In order to predict the number of re-tweets, we adopt a probabilistic collabo-
rative filtering prediction model called Matchbox which is a probabilistic model
for generating personalized recommendations of items to users of a web service.
Matchbox is used for the prediction of rating that users are likely to assign to
items. It uses content information in the form of user and item metadata to
learn correlations between them. Details of the Matchbox model can be found
in [8]. This model can be applied to cope with our problem by the prediction of
re-tweeting probability instead of the prediction of rating.

Matchbox is a factor graph for Bi-linear rating model. Each user and item
are represented by a vector of features. Each feature is associated with a latent
trait vector and the linear combination of the trait vectors for a particular user
or item. An existing implementations of the Matchbox Recommender can be
found at this link4. We adopt this model to predict whether followers of user
will re-tweet the message posted by user who has posted an original tweet. For
our approach, each tweet is regarded as an item while re-tweeter is considered
as a user.

3.3 Tweet and Re-tweeter Features

According to datasets which have been pre-processed by WISE 2012 Challenge,
we have Followship network and Tweets data without content. Although key-
word lists are provided, they are arbitrary and do not show clear contextual

4 https://docs.microsoft.com/en-us/azure/machine-learning/studio-module-
reference/train-matchbox-recommender
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Algorithm 1: PredictRetweetviaMatchbox

Input: mid:message id
Output: num r:predicted number of re-tweets

1 tweets = GetPrevious100Messages(mid); //Get the latest 100 messages of the
user before the predicted message (mid) has been posted.

2 users = GetRetweeters(tweets);
3 retweets = GetRetweetHistory(tweets);
4 tw vectors = CreateTweetFeatures(tweets);
5 usr vectors = CreateUserFeatures(users);
6 model = TrainModel(tw vectors, usr vectors, retweets);
7 foreach u ∈ usr vectors do

8 predict = model.predict(u,mid);
9 if predict.getProbT rue() ≥ threshold then

10 num rt = num rt+ 1;
11 end

12 end

13 return num rt;

information between the keywords and the event. For our approach, each tweet
is regarded as an item while re-tweeter is considered as a user to train the model.

Tweet features consist of tweet id, user id who posted the original tweet,
number of followers, number of followees, day of the week, time of the day and
event category. Re-tweeter features include user id who re-tweeted the tweet,
number of followers and number of followees. Re-tweeters are extracted from all
users who have re-tweeted in the past of each tweet. The binary feedback is 1 if
the re-tweeter re-tweeted the tweet within 30 days and 0 otherwise. The output
of the model will be the probability of a re-tweet of the tweet by the re-tweeter.

3.4 Training Data

In order to train the model, it is required the positive binary feedback and also
negative feedback. The positive feedbacks are from all re-tweet action in the
past of each tweet in the same event category. For a given tweet, the negative
feedbacks are from all followers in the re-tweet network who did not re-tweet
a given tweet. For each test event, we train the model by random select 1,000
original tweets in the same event category as items and extract re-tweeters from
re-tweet history of each tweet.

3.5 Prediction

To predict the number of re-tweets, for given original tweet and set of users if
user has the high probability of a re-tweet greater than threshold, the user is
likely to re-tweet the original tweet. In order to find the most suitable value for
threshold, we did the prediction on different threshold values. When threshold
= 0.4 it render the best performance. The algorithm is shown as Algorithm 1.
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4 Experiments and Evaluations

4.1 Baselines

The two baselines were compared with our results.
Baseline 1: Regression based on Popularity and Connectivity. It is a model

to predict re-tweet activities based on event popularity and user connectivity
by using a näıve approach. The intuition is that a tweet is more likely to be
re-tweeted if it is about a popular event and its author is highly connected with
others. The prediction will be the estimation of the probabilities of these two
parameters in the space (connectivity of the user and category popularity). The
formula for re-tweet prediction is shown as Eq. 1.

NumberOfRTs = 19.950(0.024C(uid) + 0.976P (uid, category)) (1)

where function C(uid) is to find how many re-tweets a uid (user ID) may have
based on the number of followers she has, function P (uid, category) is to predict
how the event category popularity influences a tweet being re-tweeted. More
details can be found in [10].

Baseline 2: Classification based on User Preferences. User preferences are
used to train a classifier to predict the possible number of re-tweets in 30 days
for a given original tweet. Given an original tweet, the authors need to compute
how possible a user will re-tweet the original tweet in the category. The candidate
users are extracted from re-tweet history in a form of “who-retweet-who”. The
authors use P (r, u, c) to denote the interestingness of candidate re-tweet user r
to original user u on category c. The function is defined as Eq. 2.

P (r, u, c) =
∑

RT (r, u, c)/
∑

T (u, c) (2)

where RT (r, u, c) returns the number of re-tweets by user r from user u on
category c; T (u, c) returns the total number of u’s tweet on category c. More
details of this algorithm can be found in [10].

4.2 Evaluations

For evaluation our approach, we predicted 33 test tweets and the ground truth
of 33 tweets are provided by WISE 2012 Challenge5. For each tweet we compute
the prediction error score (PE).

PEi =
|Ai − Pi|

Ai

(3)

where Ai is the actual value for tweet i and Pi is the predict value for tweet i.
For each approach, the average of prediction error scores is computed.

Averagej =

∑N

t=1
PEt

N
(4)

5 http://content.wuala.com/contents/imc ecnu/wise challenge/A4 T2GTruth.zip?dl=1

395



Prediction of Re-tweeting Activities in Social Networks

Table 3: Average prediction error scores
Methods Error Scores

Baseline 1 : Regression based on Popularity and Connectivity 0.700
Baseline 2 : Classification based on User Preferences 0.666
Our approach : Probabilistic collaborative filtering prediction model 0.627

where N is the number of test tweets. The small number is the better prediction
result. Table 3 shows the performance of our approach againt baselines. Table
4 lists the predictions for the given 33 original tweets over 6 given events. In
Table 3, our approach shows a better performance than others on the prediction
number of re-tweets.

5 Conclusions

In this paper, we proposed an approach to automatically predict the number
of re-tweets over micro-blogs. Our contributions can be summarized as: (1) We
proposed a solution to estimate the volume of re-tweets for understanding the
behaviors of social networks. (2) We adopt probabilistic collaborative filtering
prediction model named Matchbox by the prediction of re-tweeting probability
instead of the prediction of rating. (3) We provide an evaluation for the effective
re-tweet prediction on a real-world dataset. Our experiments show that the pro-
posed approach can effectively predict the number of re-tweet over the baselines.
In future work, we will retrospectively study the assumptions that we have made
on the given datasets and develop a hybrid approach to integrate the proposed
methods.
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Table 4: The 33 predicted re-tweets of our approach and baselines
Mid Ground truth Baseline 1 Baseline 2 Our approach
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Table 5: The 12 event categories in WISE 2012 dataset
Category Event

Earthquake of Yunnan Yingjiang
Natural Japan Earthquake
Disaster Yushu earthquake

Zhouqu landslide

iPhone 4s release
Product Windows Phone release
Release Motorola was acquisitions by Google

Xiaomi release

Yao Ming retirement
Sports Spain Series A League

Li Na win French Open in tennis

The death of Muammar Gaddafi
The death of Steve Jobs

Famous people Family violence of Li Yang
Tang Jun educatioin qualification fake
The death of Kim Jongil
The death of Osama Bin Laden

Anshun incident
China Petro chemical Co. Ltd.
Foxconn worker falls to death
Guo Meimei

Social problem Incident of self-burning at Yancheng, Jangsu
Shanghai government’s urban management officers attack
migrant workers in 2011
Yao Jiaxin murder case
Yihuang self-immolation incident
The death of Wang Yue
Case of running fast car in Heibei University

Bohai bay oil spill
Public Security Foxconn bombing in Chengdu

Fuzhou bombings
Shanxi

Chaozhou riot
Mass suicide at Nanchang Bridge

Protests Protests of Wukan
Qianxi riot
Zhili disobey tax official violent

Line 10 of Shanghai-Metro pileup
Development Projects Shenzhou-8 launch successfully

Tiangong-1 launch successfully

Economy House prices
Individual income tax threshold rise up to 3500

Human right Qian Yunhui
Deng Yujiao incident

Accident Gansu school bus crash
Wenzhou train collision

Crime Chongqing gang trials
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Abstract. Cosmetic products serve the beautifying purposes and cover a wide 
range of products. Despite the recent advances in production, planning and man-
agement processes in the cosmetic industry, few studies have explored machine 
learning (ML) methods to predict the derived demand from point-of-sales (sell-
in) based on end consumer demand (sell-out). In terms of regression, ML can be 
useful to identify and discover patterns in complex datasets related to products 
and predict point-of-sales behavior affecting the sell-in demand. The contribution 
of this paper is the comparison of the predictive performance of ten regressors 
and its heterogeneous ensemble generating estimates of the sell-in demand using 
datasets from a Brazilian cosmetics company that operates in a franchising busi-
ness model. The results show that ensemble learning method can be a convenient 
and accurate approach to predict monthly cosmetic sales up to 200 SKUs (Stock 
Keeping Units) with 15 steps ahead, reducing the Bullwhip Effect, improving 
stock and service levels along the supply chain. 

Keywords: Ensemble learning, Forecasting, Regression, Cosmetics Industry, 
Supply chain management, Bullwhip effect. 

1 Introduction 

During the last years, the cosmetic industry has dramatically diversified its manage-
rial and marketing orientation towards customer requirements due to the growth in re-
sponse to the customer trends towards a healthier lifestyle and requirements for natural 
cosmetics [1]. In 2015 the industry generated $56.2 billion in the United States. Hair 
care is the largest segment with 86,000 locations. Skin care is a close second and growing 
fast, expected to have revenue of almost $11 billion by 2018. This growth is being driven 
in part by a generally increasing awareness of the importance of skin care, but also spe-
cifically due to an increase in the market for men [2]. Since the turn of the century the 
cosmetic markets of the BRIC countries (Brasil, Russia, India and China) have been 
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growing fast. In 2011 all those countries generated 81% of the global cosmetics sales 
growth, according to Euromonitor International’s data, more than half of which (54%) 
was attributed to BRIC [3]. According to Euromonitor, the Brazilian market for Beauty 
and Personal Care (BPC) products was about 102 billion of real in 2016 and should 
reach 120 billion of real in 2020. Although it is a health market, the compound annual 
growth rate (CAGR) is expected to decrease from 8.3% (2011-2016) to 4.8% (2016-
2021) with a weak period in 2016 and 2017 with a CAGR of 2.6% [4]. This scenario 
motivates many companies to review internal processes in order to eliminate inefficien-
cies.  

The Brazil BPC market has many different product categories, with hundreds and 
even thousands of products within each group. As consequence, a large company can 
have thousands of SKUs in its portfolio and complex demand plans along the whole 
supply chain, from consumer (independent, sell-out demand) to OME (derived, sell-in 
demand) are necessary to keep the global efficiency of system. Increase in the BPC 
complexity and the massive data production have caused an exponential growth in da-
tabases and repositories. In addition, forecasting is crucial for the cosmetic industry, 
but an effective sales forecasting model is challenging due to the sizeable amount of 
purchasing information obtained from diverse sources in a BPC industry. Machine 
learning (ML) and big data methods are emerging technologies actively being adopted 
across many knowledge fields. In last years, several ML applications for regression 
approaches have been studied and proposed using ensemble-based frameworks [5-7].  

The main contribution of this paper is a validation of ten regressors (multilayer per-
ceptron, Elman partially recurrent network, support vector regressor, extreme learning 
machine, Cubist, k-nearest neighbor, multivariable adaptive regressor splines, ordinary 
random forest, regularized random forest, and extreme gradient boosting) and the com-
bination of the mentioned methods in the ensemble approaches for regression. The re-
gressors were evaluated with a dataset including 200 SKUs from a Brazilian cosmetics 
company that operates in a franchising business model with thousands of stores. The 
remainder of the paper is organized as follows. In Section 2, we briefly introduce the 
regression case study of the Brazilian cosmetics company. In Sections 3, comments 
about the adopted ensemble form are mentioned. Section 4 presents a results analysis. 
Finally, this short paper is concluded in Section 5. 

2 Brief Description of Case Study in Cosmetics Industry 

This complexity of the BPC is leveraged by the fact that sales usually happen in two 
distinct stages, from industry to stores (sell-in) and from stores to end consumers (sell-
out). In the long term, the sell-in volume is similar to the sell-out one. However, in the 
short-term they are significantly different as the sell-in demand is deeply affected by 
the behavior of the independent, fully autonomous buying agent at the point-of-sale. 
This phenomenon is well known in the supply chain literature as the Bullwhip Effect, 
caused by sub-optimal decision policies, time delays, uncertainties and speculative be-
havior of the buying agent [10]. In case these differences are not forecasted, over stock-
ing or out-of-stocks can happen in both stages, leading to inefficiencies in the manage-
ment of the company’s financial resources. Different approaches were tested to identify 
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which methodology would help companies to convert sell-out forecasts to sell-in vol-
umes, i.e. predict the behavior of the autonomous buying agent. Sell-out and sell-in 
volumes were made equivalent in time by adding the lead-time of the delivering prod-
ucts, differences in volume were the subject of our study. A schematic of the case study 
related to a regression problem is illustrated in Fig. 1. 

Fig. 1.  Schematic linking the cosmetics industry and regressors. 

3 Ensemble Learning 

The process of ensemble learning for regression can be divided into three phases: 
the generation phase, in which a set of candidate models is induced, the pruning phase, 
to select of a subset of those models and the integration phase, in which the output of 
the models is combined to generate a prediction [4]. In this paper the proposed ensem-
ble learning for regression is composed of simple and heterogeneous base models (base 
learners) linked with cross-validation procedure, including the following procedures: 

Dataset setup: The dataset has 56 features for 200 SKUs as inputs and one output 
variable of the regressors. Among these features are holidays and marketing variables 
that affect the buying behavior of the downstream members of the chain. The time unit 
is the selling cycle of the company and forecasting horizon of the sell-in (output varia-
ble) was 15 steps ahead. More details about the contents of the dataset were not author-
ized by Brazilian cosmetics industry. 

Features selection: The adopted design of ensemble learning of this research was 
based in the combination of three procedures: (i) correlation analysis of inputs to the 
output; (ii) ranking of the information gain obtained by a gradient boosting machine for 
regression called xgboost [8] in regression task; and (iii) features clustering linked with 
correlation analysis. General result of features selection was a decreasing of 43 initial 
to 36 to forecasting horizon with 15 steps ahead to 200 SKUs. 

Model validation: Cross-validation (CV) is a resampling technique often used in ML 
for model selection and estimation of the prediction error in regression problems. In 
this paper, CV was equal to 10 folds repeated 100 times.  
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4 Results Analysis 

Ten ML approaches were designed and tested alone in R Studio computational en-
vironment. In the tests phase, different combinations using a weighted sum of regres-
sors outputs linked with a factorial experimental design [9] approach to the alone design 
was validated to obtain a best ensemble regressor in terms of generalization to prevent 
from having overfitting in a forecasting for 200 SKUs. The performance criterion 
adopted was the MAPE (Mean Absolute Percentage Error) to be minimized with 15 
steps ahead of forecasting. The validated ten regressors were the following: multilayer 
perceptron (MLP), Elman partially recurrent network (EPRN), support vector regressor 
(SVR), extreme learning machine (ELM), Cubist, k-nearest neighbor (kNN), multivar-
iable adaptive regressor splines (MARS), ordinary random forest (ORF), regularized 
random forest (RRF), and extreme gradient boosting (XGB). The best results with alone 
approaches were RRF, ORF and XGB, and for all tested approaches, in terms of MAPE 
performance (k=10 folds repeated 100 times) was the ensemble (BestEns) obtained by 
weighted sum of kNN, SVR, Cubist and XGB as illustrated in Table 1. 

The SO, sale of franchisees to the final consumer, utilized as forecaster was more 
efficient than the regressors in SKUs. This result confirms the hypothesis that in many 
cases the behavior of the downstream agent is not rational could be identified over the 
sell-out demand. According to the supply chain literature, this might be due to uncer-
tainties, sub-optimal decision policies and time delays for the agent to react to the con-
sumer demand [10]. Even though this might appear to be a not very good result, for the 
company knowing which types of products are not subject to rational buying behavior 
helps to mitigate the amplification of the demand signal (bullwhip effect) upward in the 
chain. For another set of products, significant variables were identified, which drive 
buying behavior downstream on the chain. Business understanding of these variables 
helps preparing stocks assuring adequate service level. 

Table 1. Mean quartile results of MAPE criterion. First best results in bold, 
second and third best results are underlined. 

Regressors Quartile (25%) Quartile (50%) Quartile (75%) 

SO (Sell-Out) 0.130 0.273 0.464 

MLP1 0.131 0.331 0.562 

EPRN1 0.292 0.575 0.913 

SVR2 0.231 0.440 0.654 

ELM3 0.305 0.596 0.932 

Cubist4 0.136 0.304 0.654 

kNN5 0.153 0.315 0.573 

MARS6 0.136 0.289 0.571 

ORF7 0.122 0.271 0.510 

RRF7 0.125 0.263 0.517 

XGB8 0.126 0.278 0.481 

BestEns 0.104 0.239 0.430 

* Comprehensive R Archive Network (https://cran.r-project.org/) 
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5 Conclusion and Future Research 

Ensemble methods has been proved be a promising alternative in many applications 
(see details in [5,6]). The combination of many regressors in an ensemble is a well-
known method of increasing the quality of recognition and forecasting tasks. In this 
paper, the performance of ten ML approaches was applied alone and also in an ensem-
ble form based in weighted sum. The solution obtained by this research was further 
extended for the whole product portfolio and implemented in a solution that combines 
R and SPSS and was fully deployed into the Integrated Sales and Operations process 
of the company. As a future research to do, the systematic way to improve the ensemble 
design based on bagging, boosting, and stacking approaches.  
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Abstract Outlier detection is an important task in data mining and has high 
practical value in numerous applications such as astronomical observation, text 
detection, fraud detection and so on. At present, a large number of popular out-
lier detection algorithms are available, including distribution-based, distance-
based, density-based, and clustering-based approaches and so on. However, tra-
ditional outlier detection algorithms face some challenges. For one example, 
most distance-based and density-based outlier detection methods are based on 
k-nearest neighbors and therefore, are very sensitive to the value of k. For an-
other example, some methods can only detect global outliers, but fail to detect
local outliers. Last but not the least, most outlier detection algorithms do not ac-
curately distinguish between boundary points and outliers. To partially solve
these problems, in this paper, we propose to augment some boundary indicators
to classical outlier detection algorithms. Experiments performed on both syn-
thetic and real data sets demonstrate the efficacy of enhanced outlier detection
algorithms.

Keywords: outlier detection, distance-based outlier detection, density-based 
outlier detection, boundary detection, k-nearest neighbors. 

1 Introduction 

With the rapid development of information technology, a large amount of information 
has been produced from the real word. How to find import and useful information 
from these massive and multi-dimensional data has become an urgent problem. 
Therefore, data mining and database technologies come into being consequently. 

In practice, data often come from different information individuals, departments, en-
terprises, and countries. These complex data sets may contain a small portion of data 
which differ significantly from other data objects in behavior or model. These data 
objects are called outliers. A general intuition of what constitutes an outlier was given 
by Hawkins in 1980. “Outlier is an observation that deviates so much from other ob-
servations as to arouse suspicion that it was generated by a different mechanism”[1]. 
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In many fields, outliers are more important than normal data, as they imply some 
useful information. 

At present, the study on outlier detection becomes very active. Many outlier detection 
algorithms have been proposed. Outlier detection methods can be divided into distri-
bution-based methods, depth-based methods, distance-based methods, density-based 
methods and clustering-based etc. However, none of them have been proved to be 
completely applicable to all the situations. Each type of outlier detection algorithms 
has its advantages and disadvantages. In distribution-based methods, an object is con-
sidered as an outlier if it deviates too much from a standard distribution (e.g., normal, 
Poisson, etc.) [2]. However the underlying distribution is usually unknown and there 
are many practical applications which do not follow a standard distribution. As a re-
sult, distribution-based methods have a limited number of applications. Being an im-
provement, depth-based methods assign a depth value to each data object and map it 
to the corresponding layer in the two-dimensional space. Data objects in the shallow 
layers are more likely to be outliers than those in the deeper ones. Unfortunately, 
these methods suffer high computational complexity for data of more than three di-
mensions. Distance-based methods, also known as adjacency-based methods, believe 
that data objects are outliers if they are far away from the majority of data points and 
address more globally-oriented outliers in databases [3]. However, distance-based 
methods are often accompanied by the problem that the values of k have a great influ-
ence on the results. Density-based methods usually assign to each data object a meas-
ure of outlier degree as the classic LOF algorithm does and then regard those data 
objects which possess largest outlier degrees as outliers [4]. In comparison to dis-
tance-based methods, these methods address more locally-oriented outliers. Finally, 
clustering-based methods obtain outliers as a by-product and regard those data items 
that reside in the smallest clusters as outliers [5]. 

However, traditional outlier detection algorithms face some challenges. For one ex-
ample, most distance-based and density-based outlier detection methods are based on 
k-nearest neighbors and therefore, are very sensitive to the value of k. For another
example, some methods can only detect global outliers, but fail to detect local out-
liers. Last but not the least, in many existing outlier detection algorithms, the bound-
ary points are mistakenly classified to be outliers. To partially solve these problems,
in this paper, we propose to augment classical outlier detection algorithms with some
boundary indicators so as to enhance traditional methods for outlier detection.  When
compared with some classical outlier detection algorithms on sample datasets, the
enhanced method is more accurate with less sensitivity to k.

The rest of the paper is organized as follows. In Section 2, we review some existing 
work on classic outlier detection algorithms.  We then present our proposed enhancer 
in Section 3. In Section 4, a performance evaluation is conducted and the results are 
analyzed. Finally, conclusions are made in Section 5. 
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2 Related work 

If outliers exist in a data set, they will stay far away from other data points. Thinking 
about outliers in this way, Knorr and Ng proposed distance-based outlier detection 
method in 1998. Given a distance measure defined on a feature space, “an object O in 
a dataset T is a DB(p,D)-outlier if at least a fraction p of the objects in T lies greater 
than distance D from O”, where the term DB(p,D)-outlier is a shorthand notation for a 
Distance-Based outlier (DB-outlier) detected using parameters p and D [3]. There are 
two classical algorithms based on this concept. “Given two integers, n and k, a Dis-
tance-Based outlier is the data item whose average distance to their k-nearest 
neighbors is among top n largest ones [6]” (referred to as “DB”) and “Given two inte-
gers, n and k, a Distance-Based outlier is the data item whose distance to their k-th 
nearest neighbor is among top n largest ones [7]” (referred to as “DB-Max”). 

Figure. 1. A classic example of a local outlier. 

The realization of distance-based outlier detection method is simple, but it is difficult 
to solve outlier detection problem in datasets with complex densities, as illustrated in 
Fig 1. To overcome this limitation, in 2000, Breunig et al. proposed the density-based 
outlier detection method by introducing an outlier factor for each data item, called 
Local Outlier Factor (LOF), which is a ratio between the local density of an object 
and the average of the local densities of its k nearest neighbors [4]. It represents the 
degree of separation of an object relative to its local area. The top n objects are re-
turned as outliers because the higher value of a data object‘s LOF means the higher 
possibility of its being an outlier. 

In 2006, Wen Jin et al. presented a new density-based outlier detection algorithm 
named INFLO to solve the problem when outliers exist in the location where the den-
sity distributions in the neighborhood are significantly different [8]. This method 
considers the union of a point's k-nearest neighbors and its reverse nearest neighbors 
to obtain a measure of outlierness. The reverse nearest neighborhood of a data point p 
is defined to consist of those of its k-nearest neighbors for which p is also among its k 
nearest neighbors. 

In 2011, Huang et al. proposed a new approach for outlier detection, named RBDA 
[9]. RBDA method is based on a ranking measure that focuses on the question of 
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whether a point is central from its nearest neighbors. The problem with RBDA is its 
high computation cost. 

3 The proposed enhancer for outlier mining 

3.1 A simple idea 

Distance-based outlier detection methods are good at identifying global outliers. To 
identify the relatively small number of outliers, kNN for each data point is first com-
puted, together with the corresponding distances between each data to their k nearest 
neighbors.  The average of these distances or the k-th distance is used as an outlier 
score in distance based outlier detection method. However, there is no reason to as-
sume that this must be the case for some outliers due to the existence of boundary 
data points. To face this challenge, an outlier indicator can be an aid. A problem with 
distance-based outlier detection algorithms is that these methods do not take the out-
lying degrees of a data point’s k-nearest neighbors into consideration in the detection 
process. As a result, false positives can happen. For example, for the sample dataset 
shown in Fig. 2, though DB or DB-Max outlier scores can be calculated for each data 
point and four boundary data points of cluster C2 can be mistakenly detected as DB or 
DB-MAX outliers, there are no outstanding outliers. To prevent the false positives 
from happening, there must be some ways to differentiate between boundary points 
and outliers existing in a dataset in the first place. To do so, as a first degree approxi-
mation, the distances of each data point and its kNN to their first nearest neighbor 
within a cluster can be assumed to follow a uniform distribution and the correspond-
ing mean and standard deviation can thus be calculated. The ratio of the standard 
deviation over the mean can be used to judge to some degree whether outliers exist or 
not. For the sample dataset shown in Fig.2, if k is set to be 2 (i.e., 2NN), the distance 
of data point o1 to its first nearest neighbor is the same as that of data point o2 to its 
first nearest neighbor and that of data point o3 to its first nearest neighbor. The corre-
sponding ratio of the standard deviation over the mean is 0, indicating there are not 
outstanding global outliers. 

Figure. 2. An illustration of outlier indicator. 
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In the related work section, outlier definitions and some classical outlier mining algo-
rithms are presented. These methods are able to identify some outliers, either global 
or local. However, for distance-based outlier detection methods, boundary points 
could be misclassified as outliers, while, for density-based outlier detection methods, 
global outliers may have low outlier scores and therefore be missed. Taking the data-
set shown in Fig.3 as an example, data point A is farthest away from its six closest 
neighbors and therefore should be identified as a global outlier. However, for k=6, the 
LOF-based outlier detection method assigns a higher outlier score to data point B than 
to A and therefore, fails to identify A as the most significant global outlier. If global 
outlier detection is separated from local outlier detection, this will not happen. 

Figure. 3. An illustration of a difference between global outlier and local outlier definitions. 

Based on these observations, we propose a new outlier detection algorithm, which 
enhances current state-of-the-art outlier mining methods by filtering out boundary 
points from outlier candidates, and formularize it in the following subsections. 

3.2 Some definitions 

In this paper, we propose an outlier indicator to separate boundary points from being 
mixed with outliers to some extent. 

Definition 1 (k-Distance of an object p). For any positive integer k, the k-Distance of 
object p, denoted as k-Distance(p), is defined as the distance(p,o), or simply, d(p,o), 
between p and an object oєD such that: 
1) for at least k objects o’єD\{p},d(p,o’)<=d(p,o);
2) for at most k-1 objects o’єD\{p},d(p,o’)<d(p,o).

Definition 2 (k-Nearest Neighbors of an object p). For any positive integer k, given k-
Distance(p), k-nearest neighbors of p contain the first k closest objects whose distance 
from p is not greater than k-Distance(p), denoted as kNNk-Distance(p)(p), for which, 
kNN(p) is used as shorthand. 

For outlier detection, we are more interested in those data points whose distance to its 
first nearest neighbor is significantly larger than the average value of the distances of 
the point’s kNN to their first nearest neighbor. To quantify the significance of a data 
point’s positioning outside some cluster, the uniform distribution is used as a first 
degree approximation for the distances associated with a data point and its kNN’s to 
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their first nearest neighbors. To distinguish between boundary points and outliers, we 
therefore formulate an outlier indicator using the distances associated with the first 
nearest neighbor of the data point and its kNN as in the following to focus our atten-
tion on the small number of outstanding global and local outliers.  

Definition 3 (Outlier indicator of an object p). Given k nearest neighbors of an object 
p, in the following, dist[0] denotes the distance of an object p to its nearest neighbor, 
and dist[i] denotes the distance of its i-th nearest neighbor to its corresponding nearest 
neighbor, the proposed outlier indicator of an object p, SOMnn-dist(p), is defined based 
on these distances in the following, 
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To manifest the effectiveness of the outlier indicator, for the test sample dataset 
shown in Fig. 4, we calculate the outlier indicators for all the data points and use the 
sum of their mean and standard deviation as a threshold to highlight the potential 
outliers. The results shown in Fig. 4 demonstrate that outliers O1 and O2, denoted by 
red color, are well identified because their indicator is much larger than the others. 

Figure. 4. An illustration of the effect of outlier indicator. 

3.3 Our proposed outlier detection algorithm 

To find global outliers, we follow the notion of kNN based distance outlier definition 
and calculate the distance-based outlier factors (i.e., DB-MAX) for all the data points, 
sort them in a non-increasing order, and searching for the largest factor values. If their 
corresponding outlier indicators are significantly larger than a threshold value, SOM, 
top n data points can be regarded as the global outliers. For local outliers, we follow 
the notion of kNN based density-based outlier definition and calculate the LOF outlier 
factors for all the data points, sort them in a non-increasing order, and searching for 
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the largest factor values. We combine three proposed factors to create our kNN-based 
outlier detection algorithm. To improve the readability, our proposed outlier detection 
algorithm is presented in a pseudo code format in Table 1. 

Table 1. A combined outlier detection algorithm 

Input: S: a set of N data objects; 

k: the number of nearest neighbors; 

SOM: threshold 

n: the required number of top outliers. 

Output: Index: the indices of top‐n outliers 

Begin: 

1: Compute k nearest neighbors for each data point; 

2: Compute the global and local outlier scores, DB-MAX and LOF, and outlier indicators; 

3: Compute the mean and std of the outlier indicators, and the threshold value, SOM; 

4: Sort the outlier scores, DB-MAX and LOF, in a non-increasing order; 

5: While(Index.size<n) 

6: { 

7: if(DB-MAX.next>SOM)   Index.push_back(DB-MAX.next.index); 

8: if(LOF.next>SOM)   Index.push_back(LOF.next.index); 

9: } 

10: Return Index. 

End 

To determine the threshold of indicators in a data set, let the outlier indicators of all 
points in dataset be computed, based on which the average of the indicators, mean, 
and the corresponding standard deviation, std, are calculated. The threshold of indica-
tors, SOM, for finding potential outliers is defined as, 

SOM  = mean(indicators) + f×std(indicators)     (4) 

To summarize, the numerical parameters the algorithm needs from the user include 
the data set, S, the loosely estimated number of outliers (i.e., the percentage of outlier 
candidates in the original data set), n, and the number of nearest neighbors, k. 

4 Experiments and results 

In this section, we compare the effectiveness of the proposed outlier detection method 
with several state-of-the-art outlier detection methods, including the DB method, the 
DB-max, the LOF, the INFLO and RBDA methods, on several different datasets. In 
the first set of experiments, two 2-dimensional synthetic data sets are used to show 
that our proposed outlier detection method augmented with outlier indicator can out-
perform classical outlier detection algorithms in classification accuracy. Further, it is 
important for an outlier detection method to work effectively on real-world data sets. 
Therefore, in the second set of experiments, a real high-dimensional data sets ob-
tained from the UCI Machine Learning Repository [10] are used to check the effec-
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tiveness of this study and to illustrate the effectiveness of our method in real-world 
situation. All the data sets are briefly summarized in Table 2. We implement all the 
algorithms in java and perform all the experiments on a computer with AMD A6-
4400M Processor 2.70GHz CPU and 4.00G RAM. The operating system running on 
this computer is Windows 7. In our evaluation, we focus on the outlier detection accu-
racy rate of these outlier detection algorithms on different data sets. The results show 
that, overall, our proposed outlier detection algorithm is superior over other state-of-
the-art outlier detection algorithms. 

Table 2. Description of all datasets 

Data Name Data Size Dimension #of outliers 
syn_Data1 82 2 10
syn_Data2 473 2 6

LYMPHOGRAPHY 148 18 6

4.1 Performance of our algorithm on synthetic data 

In this subsection, we use two synthetic datasets to show that the proposed outlier 
detection method performs better than traditional outlier detection methods. The two 
synthetic datasets, syn_Data1 and syn_Data2, are shown in the first plot of Fig.5 and 
Fig.6, respectively. For this set of experiments, the parameter k’s is set to be 3 for all 
the methods and the results for syn_Data1 and syn_Data2 are plotted in Fig.5 and 
Fig.6, respectively.  

The first synthetic dataset, syn_Data1, consists of 82 instances, including six single 
outliers (i.e., A, B, C, D, E and F), and four clusters of different densities with 36, 8, 
12 and 16 uniformly distributed instances. From the results depicted in Fig. 5, we can 
see that DB and DB-Max have the same ranks for A, D, E and F, but can not mine the 
two local outliers, that is, B and C. RBDA, INFLO, LOF and our outlier detection 
method detect all six outliers correctly. The plot at bottom left corner shows the corre-
sponding SOMnn-dist values (which are actually 0 for boundary and inner points) 
thresholded by Equation (4), which correctly identifies the six outliers. 

The second synthetic dataset, syn_Data2, consists of 473 instances, including six 
outliers and five clusters of different densities clusters. A particular challenging fea-
ture of this data set is that three denser clusters are buried into one sparse cluster on 
the upper right corner. From the results depicted in Fig. 6, we can see that this is a 
global outlier detection situation while the detection process is disturbed by the im-
mediate connection of clusters with different densities. For detecting top 6 outliers, 
RBDA misses C but all other methods, that is, DB, DB-Max, LOF, INFLO and our 
method detect all six outliers correctly but with different rankings. The plot at bottom 
left corner shows the corresponding SOMnn-dist values thresholded by Equation (4), 
which correctly identifies the six outliers. 
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Figure 5. The outlier detecting results on syn_Data1 for k=3. 
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Figure 6. The outlier detecting results on syn_Data2 for k=3 
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To summarize, it can be observed from Fig.5 and Fig.6 that our method has no prob-
lems detecting all outliers and clearly offers the best ranking in three synthetic data-
sets while all other methods do not perform competently with detecting all the outliers 
one way or the other. The advantage of our outlier detection factors is very evident on 
these 2-dimensional data sets. 

4.2 Performance of our algorithm on real data 

It has been pointed out by Aggarwal and Yu that one way to test how well an outlier 
detection algorithm works is to run the method on the dataset and test the percentage 
of points which belongs to the rare classes [11]. In order to test how well our outlier 
indicator works on real dataset, we compare its ability in finding outliers with other 
methods in a real dataset, LYMPHOGRAPHY, which is downloaded from UCI [10]. 
This dataset has 148 instances with 18 attributes and contains a total of 4 classes. 
Classes 2 and 3 have 81 and 61 instances, respectively. The remaining two classes 
have totally 6 instances (2 and 4, respectively) and are regarded as outliers (i.e., rare 
classes) for they are small in size. 

To quantitatively measure the performance of an outlier detection method, a popular 
metric, called recall, is used. Assuming that a dataset D=Do D∪ n where Do denotes the 
set of all outliers and Dn denotes the set of all normal data. Given any integer m≥1, if 
Om denotes the set of outliers among objects in the top m positions returned by an 
outlier detection scheme, recall is defined as, 

| |

| |
m

o

O
recall

D
   (5) 

In Equation (5), recall shows the percentage of detected outliers in all outliers. 

Table 3 shows the experimental results of the proposed outlier detection method in 
comparison with five other methods, DB, DBMax, LOF, INFlO, RBDA respectively, 
for four values of k’s (i.e., 7, 10, 20, 30) and six values of m’s (6, 7, 8, 9, 10, 15). In 
the table, n denotes the correct number of outliers among returned m ones, and r de-
notes the corresponding recall. From the experimental results, it can be seen that the 
proposed method mines all the outliers correctly for all m’s and all k’s and thus per-
forms the best. RBDA method and LOF method perform next since they mine outliers 
as well as our method for k=20 and k=30 but does not do well in cases for k=7 and 
k=10. Overall, with increasing k’s, RBDA, LOF and INFLO methods work better and 
better while DB and DB-Max work worse and worse. 

5 Conclusions 

Traditional distance based and density based outlier detection algorithms can effec-
tively detect two different kinds of outliers separately but not both at the same time. 
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Table 3 Experimental results for LYMPHOGRAPHY data 

 DB DB-Max LOF INFLO RBDA OUR 

m n r n r n r n r n r n r 

k=7  

6 5 0.83 5 0.83 5 0.83 4 0.67 5 0.83 6 1.00 

7 6 1.00 5 0.83 5 0.83 5 0.83 5 0.83 6 1.00 

8 6 1.00 6 1.00 6 1.00 5 0.83 6 1.00 6 1.00 

9 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

10 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

15 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

k=10 

6 5 0.83 5 0.83 5 0.83 4 0.67 5 0.83 6 1.00 

7 6 1.00 5 0.83 5 0.83 5 0.83 6 1.00 6 1.00 

8 6 1.00 5 0.83 6 1.00 5 0.83 6 1.00 6 1.00 

9 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

10 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

15 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

k=20 

6 5 0.83 5 0.83 6 1.00 5 0.83 6 1.00 6 1.00 

7 5 0.83 5 0.83 6 1.00 5 0.83 6 1.00 6 1.00 

8 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

9 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

10 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

15 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

k=30 

6 5 0.83 5 0.83 6 1.00 5 0.83 6 1.00 6 1.00 

7 5 0.83 5 0.83 6 1.00 6 1.00 6 1.00 6 1.00 

8 5 0.83 5 0.83 6 1.00 6 1.00 6 1.00 6 1.00 

9 6 1.00 5 0.83 6 1.00 6 1.00 6 1.00 6 1.00 

10 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

15 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 6 1.00 

 

Further, classical distance based outlier detection algorithms do not differentiate 
global outliers from boundary data points. To partially circumvent these problems, in 
this paper, we have proposed a novel outlier detection approach which can detect both 
global and local outliers in a separate and simultaneous way and, when augmented 
with an outlier indicator, can outperform traditional outlier detection approaches. To 
demonstrate the utility of our proposed outlier detection mechanism, a detailed com-
parison is performed with state-of-the-art distance-based and density-based outlier 
detection methods. Experimental results show that our algorithm is able to rank the 
best candidates for being an outlier with high recall.  
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Abstract. A large amount of valuable knowledge is hidden in the vast
biomedical literatures, publications, and online contents. In order to iden-
tify the previously unknown biomedical knowledge from these resources,
we propose a new method of knowledge discovery based on SPO pred-
ications, which constructs a three-level SPO-semantic relation network
in the considered area. We carry out the experiments in the area of in-
duced pluripotent stem cells, and the experimental results indicate that
our proposed method can significantly discover the potential biomedi-
cal knowledge in this area, and the performance analysis of this method
sheds lights on the ways to further improvements.

Key words: biomedical knowledge discovery, SPO, induced pluripotent
stem cells, semantic relation network, community detection.

1 Introduction

Knowledge Discovery in Text (KDT) is the process of identifying and extract-
ing the new, useful, potential and understandable patterns from the literatures
in a credible way. With the rapid growth of biomedical literatures, Knowledge
Discovery in Biomedical Literature (KDiBL) has become an important research
area [8].

Information extraction plays an important part in KDT, which automatically
extracts the specific terms, the corresponding characteristics and the semantic
relations among them from the texts as the basic knowledge unit of knowledge
? Corresponding author.
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discovery. Subject-Predication-Object (SPO) represents the semantic relation-
ships among the knowledge units, which is widely used in the fields of knowledge
organization, semantic network, knowledge discovery, and so on [3].

In this paper, we propose a new method of knowledge discovery based on
SPO predications, which constructs a three-level SPO-based semantic relation
network in the considered area. Then, we realize the community detection for
the SPO-semantic relation network, so as to find the hidden valuable knowledge.
The experimental results indicate that the proposed method can effectively dis-
cover the unknown biomedical knowledge. The performance analysis explains
the behavior of our proposed method and sheds lights on the ways to further
improvements.

The remaining part of this paper is organized as follows. In the next sec-
tion, we briefly review the previous works related to the biomedical knowledge
discovery. In Section 3, we investigate a new method of constructing three-level
SPO-based semantic relation network to discover the potential unknown knowl-
edge. Section 4 provides the experimental results and the performance analysis
of the proposed method in the area of induced pluripotent stem cells. The con-
clusions are presented in the last section.

2 Literature Reviews

In this section, we present the literature reviews concentrating on the biomedical
knowledge discovery.

In [1], with techniques from systems medicine, natural language processing,
and graph theory, the authors created a molecular interaction network, which
represents neural injury and is composed of relationships automatically extracted
from the literature, in order to support the diagnosis of mild traumatic brain
injury. Actually, they retrieved the citations related to neurological injury and
extract the semantic predications that contain potential biomarkers. The experi-
mental results on 99, 437 relevant citations and 26, 441 unique relations indicated
a set of 17 potential biomarkers, which provides an opportunity to obtain more
effective diagnosis than the current methods.

In [5], the authors investigated the use of deep learning methods, which have
shown significant promise in identifying hidden patterns from large corpus of
text in an unsupervised manner, in order to discover the hidden, interesting
or previously unknown biomedical knowledge from free text resources. They
used the text corpus from MRDEF file in the Unified Medical Language System
(UMLS) dataset as training set to discover potential relationships. Taking a
manual evaluation from a sample of the non-overlapping set, their proposed
algorithm founded 32% of new relationships not originally represented in the
UMLS, which provides provide a promising approach in discovering potential
new biomedical knowledge from free text.

In [7], according to some semi-supervised learning methods named Positive-
Unlabeled Learning (PU-Learning), the authors proposed a novel method to
predict the disease candidate genes from human genome, which ia an important
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part of nowadays biomedical research. Since the diseases with the same pheno-
type have the similar biological characteristics and genes associated with these
same diseases tend to share common functional properties, the proposed method
detects the disease candidate genes through gene expression profiles by learning
hidden Markov models. The experiments are carried out on a mixed part of 398
disease genes from three disease types and 12001 unlabeled genes, and the re-
sults indicate indicate a significant improvement in comparison with the other
methods in literature.

In [9], the authors presented a set of knowledge discovery framework to iden-
tify the unknown knowledge from the biomedical literatures based on subject-
predication-object predications. Actually, they extracted the SPO predications
from the biomedical literature by using UMLS corpus and SemRep. Then, they
constructed the corresponding semantic network diagrams with NetMiner [10],
which is applied to the field of induced pluripotent stem cells. The experimen-
tal results showed that can effectively reveal the knowledge content from the
biomedical literatures.

In [11], the authors proposed a novel Sequence-based Fusion Method (SFM)
is proposed to identify disease genes from human genome, which is of great
importance to improve diagnosis and treatment of disease. In this method, the
amino acid sequence of the proteins has been carried out to present the genes
into four different feature vectors, instead of using a noisy and incomplete prior-
knowledge. Then, the intersection set of four negative sets generated by distance
approach is used to select more likely negative data from candidate genes, and
the decision tree has been applied as a fusion method to combine the results
of four independent state-of the-art predictors based on support vector machine
(SVM) algorithm for the final decision. The experimental results confirm the
efficiency and validity of the proposed method.

In [12], the authors proposed a method based on degree centrality that mea-
sures connectedness in a graph, in order to automatically summarize the seman-
tic predications representing assertions in MEDLINE citations in the large graph
with more than 500 citations. The experiment was carried out on the four cate-
gories of clinical concepts related to treatment of disease, the results showed that
their proposed method are very competitive, in comparison with the reference
standard produced manually by two physicians.

In [13], the authors presented a hybrid model for the extraction of biomedical
relations that combines Recurrent Neural Networks (RNNs) and Convolutional
Neural Networks (CNNs), in order to extract high-quality biomedical relations
from biomedical texts. In this model, RNNs and CNNs are employed to au-
tomatically learn the features from the sentence sequence and the dependency
sequences to generate the shortest dependency path for the biomedical rela-
tion extraction. The experiments are carried out on five public (protein-protein
interaction) PPI corpora and a (drug-drug interaction) DDI corpus, and the ex-
perimental results indicate the proposed model can effectively boost biomedical
relation extraction performance.
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3 Methodology

In our work, we propose a new method of knowledge discovery based on SPO
predications, which constructs a three-level SPO-based semantic relation net-
work in a certain area. First, we present an introduction to the SPO-based
semantic relation network. Then, we construct a three-level graph, which is dif-
ferent from the graph generated by the NetMiner. Afterwards, we investigate
the method of detecting the community in the three-level graph.

3.1 Network Construction

Generally, we construct the SPO-based semantic relation network, according
to four basic principles proposed by M. Fiszman et al., which are relevancy,
connectivity, novelty and saliency, more information about these principles can
be found in [2].

Fig. 1. An example of semantic network based on the subject of induced pluripotent
stem cells [9].

Two examples of directed semantic networks of induced pluripotent stem
cells are respectively illustrated in Fig. 1 and Fig. 2, which are both depicted by
NetMiner. In these two figures, the node in the network represents the semantic
concepts, and the corresponding color represents the type of semantic concept.
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In addition, the edge represents the semantic relationship with the direction
from the subject to the object, the color and the width of the line represent the
semantic type and the frequency of semantic description respectively.

Fig. 2. An example of semantic network based on the object of induced pluripotent
stem cells [9].

In Fig. 1, the Induced Pluripotent Stem Sells (IPSC) is the subject, the other
nodes are the objects. Whereas, in Fig. 2, the Induced Pluripotent Stem Sells
(IPSC) is the object, the other nodes are the subjects. Actually, these two figures
present the semantic relation between the IPSC and the other nodes from two
different angles.

However, we can only obtain the local semantic relation between one sub-
ject and the other objects (or between one object and the other subjects) in
Both Fig. 1 and Fig. 2. In fact, it is very difficult to illustrate the global se-
mantic relation between different subjects and different objects in one figure
with NetMiner, which is the disadvantage of discovering the hidden biomedical
knowledge. Then, it is essential that we construct the global semantic relation
network for knowledge discovery.

An example of global SPO-based semantic relation network is illustrated in
Fig. 3, which is composed of thousands of nodes and edges. In this figure, the grey
node denotes the subject, the orange node denotes the object, and the green node
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Fig. 3. An example of global SPO-based semantic relation network.
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denotes the semantic relation. Actually, many nodes can be both the subjects
and the objects, which makes the whole network very complicated. That’s to say,
it is very difficult for the experts to recognize the valuable biomedical knowledge
from the network.

3.2 Community Detection

In order to clearly recognize the valuable biomedical knowledge from global
SPO-based semantic relation network, it is essential to detect the community
structure, which is the intrinsic properties of networks. In our work, we take the
widely accepted modularity function proposed by Newman and Girvan, which
is defined as follows [6]:

Q =
1

2m

∑
vw

[Avw − kvkw

2m
]δ(Cv, Cw), (1)

Suppose the vertices are divided into the communities such that vertex v
belongs to community C denoted by Cv. In Formula 1, A is the adjacency matrix
of graph G. Avw = 1 if one node v is connected to another node w, otherwise
Avw = 0. The δ function δ(i, j) is equal to 1 if i = j and 0 otherwise. The degree
kv of a vertex v is defined to be kv =

∑
v Awv, and the number of edges in the

graph is m =
∑

wv Awv/2.
In addition, the modularity function can be represented in a simple way,

which is formulated below [6]:

Q =
∑

i

(eii − a2
i ), (2)

where i runs over all communities in graph, eij and a2
i are respectively defined

as follows [6]:

eij =
1

2m

∑
vw

Avwδ(Cv, i)δ(Cw, j), (3)

which is the fraction of edges that join vertices in community i to vertices in
community j, and

ai =
1

2m

∑
v

kvδ(Cv, i), (4)

which is the fraction of the ends of edges that are attached to vertices in com-
munity i.

Then, we employ the local search procedure to effectively detect the commu-
nity structure, which is presented in the Algorithm 1 [4].

In this algorithm, we randomly divide the whole network into two communi-
ties, and each smaller community is further divided into two smaller communi-
ties. Let Ci and Cj be two communities, w be a vertex from Ci or Cj , we assume
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Algorithm 1 Community Detection Algorithm
1: Input: network adjacency matrix A
2: Output: the best value of the modularity function
3: P = {x1, . . . , xp} ← Random Initialization (P )
4: repeat
5: xi ← Local Search (xi)
6: until a stop criterion is met

that w ∈ Ci and the corresponding change by moving vertex w from Ci to Cj

can be computed as follows [4]:

∆Q(w,Ci, Cj) =
kj

w − ki
w

m
+

kw(ai − aj)
m

− k2
w

2m2
, (5)

where ki
w and kj

w are respectively the number of edges connecting vertex w
and the other vertices in communities Ci and Cj . While, for any vertex v in
community Ci, we can also obtain the updated ∆Q value ∆Q′(v, Ci, Cj) with
the formula below [4]:

∆Q′(v, Ci, Cj) = ∆Q(v, Ci, Cj) − (
k2

w

m2
− 2Awv

m
). (6)

With the incremental value of the modularity function in Formulas 5 and
6, the local search procedure can chooses the best move at each step until the
modularity does not improve any more. Then, we obtain the communities of the
considered network.

4 Case Study

Induced pluripotent stem cells technology is one of the most important emerging
frontier technologies in the biomedical field, which can nurture new stem cells
with similar differentiation potential as embryonic stem cells by reprogramming
the mature cells [9]. Then, it is of great significance to realize the knowledge
discovery in the SPO-based semantic network. In this section, we apply our
proposed method in the area of IPSC and present the experimental results with
performance analysis.

4.1 Data Information

In order to carry out the experiments, we obtain the data from the PubMed
Database by inputting the key words ”Regenerative Medicine” from 2000 to
2014. Then, we select the literatures retrieved by the Semantic Medline Database,
the type of literature is ”Journal Article”. The exact data information is pre-
sented in Table 1

In this table, we have retrieved 10, 687 papers and obtained 65, 042 SPO-
based semantic relations, which consists of 2055 subjects, 1821 objects and 45
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Table 1. The information of SPO-based semantic relation network.

SPO

Number of Subjects 2055

Number of Objects 1821

Number of Actions 45

actions. With these information, we can construct a three-level SPO-based se-
mantic relation network.

4.2 Experimental Results

In this subsection, we present the experimental results in the area of IPSC, which
are classified into different communities according to the corresponding actions.
The global SPO-based semantic relation network of IPSC is illustrated in Fig. 4
below.

In this figure, the upper level and the lower level respectively represents the
subjects and the objects, which are linked by the edges with different colors.
The middle level represents the actions, in which the frequency is proportional
to the size of the circle.

Furthermore, different communities are represented in different colors, which
are composed of the subjects, the objects and the corresponding actions. For ex-
ample, there is a community colored in green with the action ”LOCATION OF”
in Fig. 4.

The computational results are summarized in Table 2. In this table, we do
not present all the found communities in the network but to provide parts of
three different communities, which are colored in green (located in the center of
Fig. 4), in pink (located in the center of Fig. 4) and in red (located on the left
of Fig. 4).

Moreover, the subjects and the objects of the community in pink are linked
by the action ”PART OF”, which is the highest frequency among all the actions.
From Fig. 4, we can clearly recognize the different communities, which is very
helpful to realize the biomedical knowledge discovery.

5 Conclusions

In this paper, we have investigated a new method of constructing the three-
level SPO-based semantic relation network for biomedical knowledge discovery.
To achieve this goal, we have carried out the experiments in the area of in-
duced pluripotent stem cells. The experimental results indicate that our proposed
method can significantly discover the potential unknown biomedical knowledge
in the considered area.
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Fig. 4. The global SPO-based semantic relation network.
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Table 2. The communities detected in global SPO-based semantic relation network.

Action Subject Object

LOCATION OF Embryo, Liver, Epidermis Toxic effect, Purinoceptor

Body tissue, Basement membrane Injury wounds, Tissue Engineering

Entire bony skeleton, Retina, · · · Cell Transformation, Neoplastic, · · ·

PART OF Mammary gland, Chorionic villi Infraclass Eutheria, Equus caballus

Bone Marrow Cells, Serum Cementoblasts, Entire tendon

Mesenchymal Stem Cells, · · · Rattus norvegicus, · · ·

ADMINISTERED TO Small Interfering, MicroRNAs Cells, Patients, Mus

RNA, Growth Factor, Adiponectin human embryonic stem cell

High Throughput Screening, · · · Urothelial Cell, · · ·
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Abstract. Classifier evaluation is an important phase in machine learn-
ing systems which requires obtain true labels for data. Although in many
scenarios, large scale data is easily available, obtaining true labels for the
data can be expensive and difficult. Therefore, our goal is to select a sub-
set of the data to obtain true labels for, such that they provide the best
estimate of classifier accuracy. In this paper, we propose strategies based
on stratified sampling to address this problem. In stratified sampling,
the data is divided into several strata and samples are taken from the
strata. However, allocation of samples among the strata is a challenging
problem. Because optimal allocation can not be achieved, we propose
an online allocation algorithm for approximating Optimal Allocation,
which outperforms existing online algorithms and offline algorithms such
as equal allocation or proportional allocation. Then, we extend our al-
gorithm to evaluate False Acceptance Rate and False Rejection Rate of
classifiers as well.

Keywords: Classifier Evaluation, Stratified Sampling, Optimal Allocation, False
Acceptance Rate, False Rejection Rate

1 Introduction

Deploying a classifier without a proper estimate of its accuracy can be disastrous
on many occasions. For example, if we use a low accuracy classifier for predicting
diseases without knowing that the classifier is actually unreliable, it can lead to
harmful decisions, making classifier evaluation an extremely important phase.
The evaluation phase requires obtaining true labels which are then compared
with the classifier output to compute accuracy of the classifier. However, obtain-
ing true labels can be an expensive and difficult process. In our earlier example
of predicting disease, to obtain true labels we would need to acquire diagnosis
reports of patients which is an expensive process. Then, we would like to mini-
mize the amount of true labels to be obtained while achieving a good estimate
of classifier accuracy.

For binary classifiers, an important metric of evaluation is False Acceptance
Rate (FAR) and False Rejection Rate (FRR). Consider the scenario described
earlier. A classifier wrongly identifies a patient to have a disease but the patient
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doesn’t have the disease. This is an instance of False Acceptance. If the classifier
identifies the patient to not have a disease when the patient does have the disease,
it is an instance of False Rejection. In many scenarios, evaluation of FAR and
FRR is extremely important. In the example scenario of medical diagnosis, a
False Rejection is much more harmful than a False Acceptance. Therefore, it’s
often essential to have a measure of FAR and FRR rather than the overall
accuracy.

In this paper, we address the problem of classifier evaluation under limited
resources for both of the scenarios described earlier. First, we propose a novel
algorithm to estimate overall accuracy of the classifier. Then, we extend the
algorithm to estimate FAR and FRR for the classifier.

The most general approach for evaluating accuracy under limited resources
is Simple Random Sampling (SRS), where samples are chosen randomly from
available data. However, SRS doesn’t take into account distribution of data. In
real world, we would expect distribution of data to provide us information about
the accuracy. Consider the following example: if the data could be partitioned
into two regions R1 and R2 such that a classifier is 100% accurate in R1 and 0%
accurate in R2, it would be sufficient to sample 1 instance from R1 and 1 instance
from R2 to achieve a perfect estimate of the classifier’s accuracy. Of course, in
real world, we cannot expect the data to be separable in such a perfect way.
However, if we could partition the data in a way such that data with similar
accuracy are in the same region, we would be able to achieve better estimate
of the accuracy with same amount of labeling resources. By a better estimate,
we mean the estimation will be consistent (low variance) and precise (low bias).
This is the fundamental principle of Stratified Sampling [2], where the data is
partitioned into different strata and samples are allocated from each stratum.
As shown in existing research [1, 5] Stratified Sampling can result in significant
reduction in error compared to simple random sampling for classifier evaluation.

A difficult challenge associated with Stratified Sampling is how to choose
samples from each stratum. We would like to sample more instances from strata
where classifier or human labeling is more inconsistent compared to strata where
they are more consistent. In our earlier example, if a classifier has same output
label for all instances in R1, we can sample only 1 instance to estimate classi-
fier’s behavior in this region. If the classifier, on the other hand, behaves more
randomly in R2, we would need more samples to have a good guess of the classi-
fier’s behavior in R2. Mathematically, we should allocate more samples in strata
which have high variance and less samples in strata which have low variance. We
can find an Optimal Allocation scheme only if variance of the data is known [1].
But to know the variance of the data, we would need to know accuracy of clas-
sifier, which is the very quantity we are trying to estimate. Existing allocation
methods such as proportional allocation and equal allocation can be used with
Stratified Sampling. However, these allocation methods are not optimal. Since
Optimal Allocation cannot be achieved before the sampling process itself, the
question we want to ask is how can we approach Optimal Allocation? We an-
swer this question by proposing an online algorithm that use estimated variance
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to approximate Optimal Allocation. In our online algorithm, we first obtain an
estimate of variance using classifier score, then iteratively allocate more sam-
ples and re-estimate the variance. As our results will show, these algorithms
are more consistent compared to Equal Allocation, Proportional Allocation and
state-of-the-art online allocation methods that approximate Optimal Allocation.
Moreover, none of the existing methods [1, 5] evaluate FAR and FRR of classi-
fiers. To address this issue, we extend our proposed online algorithm to evaluate
FAR and FRR of classifiers. In this case, we show that our online algorithm
performs significantly better than Simple Random Sampling (because there is
no other existing methods of evaluating FAR and FRR simultaneously). As il-
lustrated in the earlier example of medical diagnosis, we may want to be more
confident about FRR compared to FAR in certain scenarios (or vice-versa). Our
algorithm offers the flexibility of choosing more accurate estimate of either FAR
or FRR.

In section 2, we discuss prior work regarding Stratified Sampling and approx-
imation of Optimal Allocation in the context of accuracy evaluation. In section 3,
we formulate the problem of evaluating accuracy, in section 4, we discuss math-
ematical formulation of Simple Random Sampling and Stratified Sampling. In
section 5, we discuss existing allocation schemes, propose our online algorithm
for approximation of Optimal Allocation and then extend the algorithm for
evaluation of FAR and FRR. Our experiments in section 6 show that the newly
proposed algorithm outperforms the existing algorithms.

2 Related Work

Classifier evaluation has received limited attention under the constraint of lim-
ited resource: when we can obtain true labels for only a subset of the entire
dataset. Existing work in unsupervised evaluation of classifiers assume no la-
belled data are available but multiple classifiers are available for comparison
[3, 10, 11, 9]. In our paper, our objective is to evaluate a single classifier, and
although limited, we do have access to labels. Our objective is to utilize the
limited number of true labels available so that we can achieve the best estimate
of classifier accuracy.

In the context of classifier evaluation under limited resources, existing ap-
proaches are based on Stratified Sampling, which has been shown to perform
significantly better than Simple Random Sampling [1, 5].

The Optimal Allocation method assigns samples to each stratum in propor-
tion to the variance of the estimator of the classifier’s accuracy in that stratum
[5]. As discussed earlier, existing allocation methods such as Equal and Propor-
tional allocation are not optimal. There is existing work that proposes allocation
methods that approximate Optimal Allocation [1, 5]. To approximate optimal al-
location, these methods initially allocate some samples to the various strata to
estimate the variance, then iteratively allocate samples based on the estimated
variance, and use the obtained labels to update both the estimate of the classi-
fication accuracy and the estimated variance in each stratum.
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However, when available resources are small, not many samples can be allo-
cated to obtain the initial bootstrap estimate of the variances. Since allocation
in subsequent iterations depends on the estimated variance, this can result in
significant error. To address this problem, we propose a new algorithm which
achieves an initial estimate of the variance by utilizing classifier score. Moreover,
existing methods [1, 5] do not address evaluation of FAR and FRR. We extended
our proposed algorithm to evaluate FAR and FRR simultaneously with the same
labeling instances.

3 Problem Formulation

3.1 Accuracy Evaluation

Let there be N instances in a dataset. Our objective is to estimate the accuracy of
a classifier’s predictions on the entire dataset. However, we have limited resource
allowing us to sample only n instances for labelling, where n is much smaller
than N . Let the true label for the ith instance be li. The label predicted by the
classifier for the ith instance is l̂i. The true accuracy, A, of the classifier can be
expressed as following:

A =

∑N
i=1 I(li = l̂i)

N
(1)

where I() is an indicator function.
To compute the true accuracy A, we require the true labels li for each in-

stance. Since we can obtain true labels for only n instances, we would like to
choose a subset of n instances from the dataset so that comparing the true labels
for those instances with the classifier labels will provide us a good estimate Â of
the true accuracy A. We would like our estimator of accuracy Â to be consistent
(low variance) and close (low bias) to the true accuracy A.

3.2 False Acceptance Rate (FAR) and False Rejection Rate (FRR)

False Acceptance is the event of classifier wrongly identifying a negative instance
as positive. And False Rejection is the event of classifier wrongly identifying a
positive instance as negative.

FAR =

∑N
i=1 I(li = 0 ∧ l̂i == 1)

N
(2)

FRR =

∑N
i=1 I(li = 1 ∧ l̂i == 0)

N
(3)

where I() is an indicator function.
Since the equations for FAR and FRR are analogous to overall accuracy A,

to avoid complications, we will use A in the section 4 and 5 to derive equations.
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4 Estimation Methods

In this section, We formulate equations of estimated accuracy and variance for
Simple Random Sampling and Stratified Sampling, which will be used later.

4.1 Simple Random Sampling

If we have resource to choose n samples then we can choose these instances
randomly from the dataset; this method is Simple Random Sampling (SRS).
The estimate of the accuracy is,

Âr =

∑n
i=1 I(li = l̂i)

n
(4)

It is trivial that SRS does not have any bias, i.e. E[Âr] = A
For SRS, if n instances are sampled, variance of the estimator, Âr is given

by:

V (Âr) =
S2

n
(5)

S2 is the variance of the indicator variable I(li = l̂i) over N instances. S2 is
given by:

S2 =

∑N
i=1(I(li = l̂i)−A)

N − 1
(6)

True accuracy A is not available prior to sampling. But [5] shows, if Âr is an
unbiased estimator of A, the unbiased estimate of S2 is given by:

Ŝ2 =
n

n− 1
Ar(1−Ar) (7)

Since SRS provides us with an unbiased estimator Âr [5], replacing S2 by Ŝ2

in Eq. 3 gives us an unbiased estimate of the variance of Âr of SRS:

v(Âr) =
Âr(1− Âr)

n− 1
(8)

4.2 Stratified Sampling

In Stratified Sampling the data are partitioned into disjoint strata and samples
are chosen from each stratum. The weight of a stratum is the proportion of
all data instances that are in it. So, if our data is partitioned into K disjoint
strata and there are Nk instances in the kth stratum, the weight of kth stratum,
Wk = Nk

N . The overall accuracy is calculated by taking into account both the
weight and the accuracy of each stratum. If we sample nk instances randomly to
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estimate the accuracy in the kth stratum to be Âr
k, the overall estimate of the

accuracy Âs is:

Âs =
K∑

k=1

WkÂr
k (9)

The accuracy of each stratum is estimated by preforming SRS within the
stratum. For the kth stratum, if we select nk samples from Nk instances and
obtain an unbiased estimate of accuracy Ar

k, similar to previous subsection, we
get:

Ŝ2
k =

nk

nk − 1
Ar

k(1−Ar
k) (10)

The unbiased estimate of the variance of Âs is given by [5] Eq. 11:

v(Âs) =
K∑

k=1

W 2
k

Ŝ2
k

nk
=

K∑
k=1

W 2
k

Âr
k(Âr

k − 1)

nk − 1
(11)

To achieve a good estimate of the accuracy, we want to reduce the variance
of the estimate so that it is consistent. To reduce the variance in the estimate of
the accuracy, our goal is to find a good stratification and allocation method so
that when nk samples are allocated to the kth stratum, the quantity in Eq. 11
is minimized under the restriction that

∑K
k=1 nk = n where n is the number of

samples we can obtain true labels for.

5 Allocation Methods

In this section, we first discuss formulation of offline allocation methods Equal
Allocation and Proportional Allocation. We then discuss Optimal Allocation
and current methods that approximate Optimal Allocation. We discuss the lim-
itations of offline and existing approximation algorithms. Then, we propose a
novel algorithm that estimates Optimal Allocation which addresses issues with
existing algorithms.

5.1 Equal Allocation

In Equal Allocation, samples are allocated equally to all strata. If there are K
strata, the number of samples allocated to the kth stratum is:

nk =
n

K
(12)

Equal Allocation does not take into account the size or the variance of ac-
curacy within a stratum. This means, Equal Allocation may end up allocating
many samples to a small stratum with really low variance, deviating from Opti-
mal Allocation.
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5.2 Proportional Allocation

In Proportional Allocation, samples are allocated according to the weight of each
stratum. If there are K strata, with Wk being the weight of the kth stratum, the
number of samples allocated to the kth stratum is:

nk = n ∗ Wk∑
Wk

(13)

However, this means Proportional Allocation always allocates a high number
of samples to larger strata. But if a large stratum is has very low variance,
Proportional Allocation will over-allocate samples to it, deviating from Optimal
Allocation.

5.3 Optimal Allocation

In Optimal Allocation, samples are allocated according to both the weights and
the variance of the strata. If there are K strata, and the weight and variance of
kth stratum are Wk and S2

k respectively, the number of samples allocated to the
kth stratum is:

nk = n ∗ WkSk∑
WkSk

(14)

5.4 Approximating Optimal Allocation

Prior to the sampling process, we do not know the variance within a stratum.
To address this issue, current methods [1, 5] obtain estimate of the variance
by pre-allocating samples to all strata (i.e. drawing samples from all strata for
labelling), using these to re=estimate the variance within the strata, and reallo-
cating samples to strata depending on the estimate. The algorithm used by [1, 5]
is summarized in Estimated-OPT (EST-OPT). In all the algorithms presented
in this section, P is a stratification of dataset, Pk is the subset of the dataset that
belong to the kth stratum, n is the available sampling resource, nini is the initial
number of samples to be chosen from each stratum, and nstep is the number of
samples to be allocated in each iteration.

The EST-OPT algorithm is prone to initialization bias. If the accuracy within
a stratum is overestimated, its variance is underestimated, and as a result the
stratum receives fewer samples than it requires. Since the subsequent allocations
depend on the estimated variance, this results in significant bias. In the limit, if
the accuracy of the classifier in a stratum is estimated to be 100%, the variance
assigned to it is 0 and no further samples are drawn from the stratum.

To address this issue, we propose the algorithm Classifier-OPT(CLF-OPT).
In CLF-OPT, we do not rely on variance estimated by small number of samples.
Rather, we assume classifier score itself is a good estimation of accuracy and use
it in eq.10 to obtain an estimate of variance.
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Algorithm 1 Estimated-OPT

1: procedure VI-OPT(P, n, nini, nstep)
2: Randomly sample nini from each stratum
3: Estimate Ak, Sk for each stratum
4: nrem = n−K ∗ nini

5: while nrem > 0 do
6: ncur = min(nrem, nstep)
7: Allocate ncur among the strata using Eq. 10
8: Update estimates of Ak, Sk

9: nrem = nrem − ncur

10: end while
11: Using Eq. 9 calculate overall estimate of As

12: Return estimate of As

13: end procedure

Algorithm 2 Classifier-OPT

1: procedure CLF-OPT(P, n, nstep)
2: nrem = n
3: total iters = n/nstep

4: current iter = 0
5: train logistic regression proposed in Section 5
6: for i = 1, i<= N, i++ do
7: Si = max( classifier scores for each class )
8: end for
9: for k = 1, k<= K, k++ do

10: Lk = average of Si for i ∈ Pk stratum
11: H2

k = substitute Ak = Lk in Eq.10
12: end for
13: while nrem > 0 do
14: ncur = min(nrem, nstep)
15: nvar = (current iter/total iters) ∗ ncur

16: nfix = ncur − nvar

17: Allocate nvar using Eq. 14, with Sk =Hk

18: Ŝk = Estimate Sk for every stratum k
19: Allocate nvar using Eq. 14, with Sk =Ŝk

20: Âk = Estimate Ak for every stratum k
21: current iter + +
22: nrem = nrem − ncur

23: end while
24: Return Âk

25: end procedure

We split our sampling resource nstep at each iteration into nfix and nvar.
We allocate nfix according to classifier scores. We allocate nvar according to
our estimate of variance. As the number of iterations increase, we become more
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confident of our estimate and in subsequent iterations, we lower nfix and increase
nvar.

5.5 Evaluation of FAR and FRR

To evaluate FAR and FRR, we modify CLF-OPT by taking weighted average
of variance computed from the classifier scores of the two classes (we are inter-
ested in binary classifiers) for an initial estimate of variance. We evaluate FAR
and FRR by taking new samples (same ones for both FAR and FRR), compute
variance for each of them, then use their weighted average as re-estimated vari-
ance. Then, in subsequent iterations, we split our sampling resource nstep at each
iteration into nfix and nvar. Similar to CLF-OPT, we allocate nvar according
to this estimated variance and allocate nfix according to the initial estimate of
variance obtained from classifier scores. As number of iterations increase, similar
to CLF-OPT, we become more confident in our estimated variance. Therefore,
we increase nvar and decrease nfix as number of iterations increase. The weights
of FAR and FRR can be adjusted depending on which one is more important
to the user. For example, if we are interested in a more accurate evaluation of
FRR, we can have higher weight for FRR and this will result in more accurate
estimate of FRR. Although this will penalize estimate of FAR, this provides the
user with flexibility to choose whether FAR and FRR are equally important or
either of them is more important.

6 Experiments and Results

This section is split into two subsections. In Subsection 6.1, we compare alloca-
tion algorithms CLF-OPT with EST-OPT, Equal Allocation and Proportional
Allocation described in Section 5. In Section 6.2, We use modification of CLF-
OPT to evaluate FAR and FRR, We use two publicly available datasets for the
experiments. The first one is the binary form of the rcv1 [8] text classification
dataset. This corpus has around 20,000 training instances and around 670,000
test instances. In 6.1 and 6.2, we train logistic regression classifiers on subsets of
the training set to achieve different accuracy. For evaluation purposes, we choose
our samples from the whole testing set. The other dataset we use is News20 bi-
nary, which is a binary form of the text classification UCI News 20 dataset [6].
This dataset contains around 20,000 total instances. In 6.1 and 6.2 we take sub-
sets of this dataset to train linear-SVM classifiers and use the rest of the data as
testing dataset. We pick our samples for evaluation from this testing dataset. All
the classifiers are trained using scikit-learn [7]. For all the experiments in Fig. 3
and Fig. 4, we stratify the testing data by using K-Means on the classifier score.

6.1 Comparison of Allocation Methods

Although Proportional and Equal Allocation schemes are easy to implement,
as discussed in Section 5, these schemes are not optimal. Since optimal allo-
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cation cannot be achieved, we compare performance of these schemes with the
interactive algorithms that approximate optimal allocation.

In Fig. 1 and Fig. 2, we compare the Mean Absolute Error (MAE) between
the true and estimated accuracies for Random Sampling, Equal Allocation and
Proportional Allocation, state-of-art online algorithm (EST-OPT), and our pro-
posed algorithm, CLF-OPT. We experiment by (a) varying the number of sam-
ples (b) and number of strata (b). Fig. 1 and Fig. 2 show results of the experi-
ments on the rcv1 and News20 binary datasets respectively.

(a) rcv1, K = 5 (b) rcv1, n = 200

Fig. 1: Comparison of MAE for rcv1 Dataset

(a) news20, K = 5 (b) news20, n = 200

Fig. 2: Comparison of MAE for news20 Dataset
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An important result from Fig. 1 and Fig. 2 is that performance of EST-OPT
is worse than all other methods and performance does not improve even when
the number of samples is increased. Although EST-OPT may perform well in
certain scenarios as claimed in (Kumar and Raj, 2018), it performs poorly in the
scenario present in Fig. 1 and Fig. 2. The fundamental issue with EST-OPT is
that subsequent allocations depend heavily on initial estimate of the variance. As
explained earlier, if the initial estimates are wrong, they do not get corrected in
subsequent iterations, resulting in significant bias. Fig 3.a and Fig 4.a illustrate
this issue when the number of samples allocated initially remains same (10 per
strata) and the total number of samples increase but we see no decrease in error.

Performance of Equal and Proportional Allocation can depend heavily on
the stratification. As discussed in Section 5, they can deviate from Optimal
Allocation. In Fig. 1 and Fig. 2, we can see that CLF-OPT outperforms Equal
and Proportional in all cases.

CLF-OPT address issues of Equal Allocation, Proportional Allocation and
EST-OPT. In Fig. 1, CLF-OPT has MAE reduction of up to 23% and 19%
compared to Proportional and Equal Allocation respectively.In Fig. 2, CLF-
OPT performs similarly to Equal but has MAE reduction of up to 9% compared
to Proportional. In all cases, CLF-OPT outperforms EST-OPT. Fig. 1(b) and
Fig. 2(b) shows that the results are consistent even when number of strata is
varied. This implies, CLF-OPT is the most consistent allocation scheme.

6.2 Evaluation of FAR and FRR

In Fig. 3, we use extension of CLF-OPT to evaluate FAR and FRR of classifiers.
Since it was established by the experiments in Fig. 1 and Fig. 2 that CLF-OPT
is the most consistent allocation scheme and results remain consistent even when
number of strata is varied, in Fig. 3, we only compare CLF-OPT with Random
Sampling for the two datasets.

(a) rcv1, n = 200 (b) news20, K = 5

Fig. 3: Comparison of MAE for rcv1 Dataset
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In both Fig. 3(a) and Fig. 3(b) we see that using our allocation scheme
reduces MAE for both FAR and FRR simultaneously compared to Random
Sampling. We can see that in both cases, there is up to 20% reduction in MAE.

7 Conclusion and Future Work

In this paper we proposed a new online algorithm that can approximate Opti-
mal Allocation and outperform existing online methods by utilizing availability
of classifier scores. We have shown that this allocation scheme also outperforms
offline schemes such as Equal and Proportional Allocation. This algorithm can
be adapted to evaluate FAR and FRR of classifiers simultaneously. Existing on-
line algorithms do not address the issue of simultaneous evaluation of FAR and
FRR. Adaption of our proposed algorithm has been shown to perform signifi-
cantly better than Simple Random Sampling. In this paper, the algorithms are
restricted to evaluation of a single classifier in every case. In the future, we hope
to extend these algorithms for simultaneous evaluation of multiple classifiers.
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