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Abstract

Data clustering is an essential part of data mining and has attracted
much attention recently. Data clustering is very important for several
applications. Clustering methods and/or algorithms partition a set of
objects into clusters such that objects in the same cluster are more similar
to each other than those objects in different clusters according to some
defined criteria. Most of the available algorithms that handle the

clustering of categorical data are frequency-based.

This thesis proposes a technique that uses the principles of metric
space isometry to extend the domain of clustering algorithms that deal
with numerical datasets to cover also categorical datasets. This is done by
developing a method called metric space isometry based conversion
(MSIC). The MSIC method is used with the fuzzy-C-means (FCM)
algorithm and compared to the traditional Fuzzy-K-Prototypes algorithm.
The comparative computational results show the usefulness of this

method over the Fuzzy-K-Prototypes algorithm.

A genetic algorithm (GA) for mixed numerical and categorical data
Is chosen, analyzed and discussed. A cost function for evaluating the
fitness of clusters against datasets was presented. All genetic operators
mainly, selection, mutation and crossover were applied to reach an
optimal clustering solution. Five different datasets with different patterns
and distributions were operated to test the capability of the algorithm. The
genetic algorithm is modified by means of a newly proposed mutation
operator and chromosome presentation. The modified algorithm

successfully combines all the genetic operators, selection, mutation and



crossover, as well as MSIC. Moreover, the mutation and crossover
probabilities are studied based on the proposed modifications. The
computations show the effectiveness of the proposed modifications over

the traditional GA algorithm.

Moreover, the proposed method is used to extend the domain of
coverage of a chosen ant colony optimization (ACO) algorithm. The
ACO algorithm and its embedded MSCI were analyzed, discussed and
implemented. The algorithm was operated on the five different datasets
each with two, three, four and five clusters respectively. The effect of the
different algorithm parameters is profoundly studied to computationally
find the parameters that provide optimal results both in terms of running

time and better clustering performance.

It is concluded that the GA generally performs better than the
ACO. The bio-inspired models such as genetic algorithms and ant colony
optimization are promising methods to handle the fuzzy-clustering

problem.

Keywords

Clustering Algorithms, Fuzzy Clustering, Genetic Algorithms, Ant

Colony Optimization and Performance Analysis



b Saire University,
%ulty of Scieﬂ“"o’

TO WHOM IT MAY CONCERN

This is to certify that: Ahmed Hassan Ali Hassan El tawil
Has attended and passed successfully the following Postgraduate
Courses as a Partial Fulfillment of the requirements of the degree of
Master of Science:

1- Number Theory and Coding Theory
2- Theory of Computability

3- Parallel Processing

4- Theory of computational Complexity
5- German Language

This Certificate is issued at his own request.

Date of birth: 24/9/1976
Place of birth: Dokki — Giza

Controller Dean




Acknowledgment

I wish to dedicate this thesis to the blessed soul of my advisor Prof.
Dr. Ahmed Badr Eldin Khalil, Professor of Mathematics, Mathematics
Department Faculty of Science, Cairo University. | owe my deepest
gratitude to him for his motivation, enthusiasm and for giving me the
space and understanding to work on this thesis, God's mercy be upon

him.

Foremost, | would like to express my sincere gratitude to my
advisor Prof. Dr. Mohamed Nour Professor of Computers and former
head of the Informatics Research Department, the Electronics Research
Institute for his continuous support throughout this research, his patience,
careful revision and immense knowledge. His guidance and suggestions

helped me during the research and the writing of this thesis.

I have been blessed with a great supervisor Prof. Dr. Laila Fahmy,
Professor of Mathematics, Mathematics Department, Faculty of Science,
Cairo University, who has encouraged me and gave me all the needed

support to finalize this thesis.

Last but not least, | would like to thank Mathematics Department
for providing the facilities. For everyone else that supported me in any
respect during the completion of the thesis, I offer my regards and

blessings.



1.1

1.2

2.

2.1

2.2

2.3

2.4

Table of Contents

INTRODUCTION AND SCOPE OF WORK .....eevev. 1
INTRODUGCTION ..ttt et e et e e e e e e e e e e e e e e e e e e e e e erenneeeeeeennnns 2
1010 =T =0 =AY @] =1 T 5
REVIEW OF DATA MINING LITERATURE................ 11
INTRODUGCTION 1. eeetteeeeeeeee e e ettt e e et et e e e st te s e e eeetaeeeseeseeeseesnnseesennnnns 12
WHAT IS DATA MINING? .ottt ettt e e e e n e e e rear e 14
0 R © ] T | o TSRS 14
2.2.2  DEIINITION. ..ot ettt e e e e e e e e e e e e 15
2. 2.3 T ASKS e et e e e e e e e e r e —————————. 17
2231 (O P21 07 1€ o] H T OO 18
2.2.3.2 R eT0 (=T (o] 4 SO SSSSP 18
2.2.3.3 (O3 U3 (=T T S 19
2234 SI0 T 0= T 4= L[] IR 20
2.2.35 Dependency MOAEliNG.......covooiieiiiires e 20
2.2.3.6 Change and Deviation DeteCtiON ..........c.eoiiireiieneise e 20
2.2.4 Data Mining TECANIQUES ........ccceeiiiieiieieeie e 20
2241 ASSOCIALION RUIES ..ot ettt et e ettt e e e e e e et eeeeeees e e eeeeeneannnes 20
2242 [ ST Lo A T I ==L TR RTUOPURRRRRRRN 22
2.2.4.2.(2)  REQIESSION TIEES .....eeuieiieteitirteste ettt sttt ettt b bt b e e et bt e bt eb e s b e e bt et e bt e bt ebe st e b nnan 23
2.2.4.2.(D)  ClasSIfICALION TIEES ... .cueeeieeieieete ettt sttt sttt ettt eebesbe e et e e eneereeaeenan 25
2243 GENELIC AIGOTTTNMS: ..o 25
2244 INEBUFAL NEEWOTKS ..ottt et ettt e et e e ettt e e e e e e st eeeeeeaseenneereeenanenne 27
2.2.5 Data Mining AlgOrithmS.........cccooiiiiieiiiccee e 31
2251 Yoo ] =3 100103 £ 0 o TP 32
2252 SEAICH IMEBLNOM ...ttt ettt e e e e e s ettt e e e e e e s et et e eeesssatraeeeeeeseaas 33
2253 Data Management TECANIGUE .......c.eieiieiiiee e e 33
DATA MINING APPLICATIONS .ttt ettt e e e e eeeeeeeeteseeasrsaseenaseeareenns 34
2.3.1 Data Mining for Customer Relationship Management..............cccccceevennnne 34
2.3.2 Data Mining in Information Technology and Banking Performance ...... 35
2.3.3 Data Mining and Human Resources Information Systems..............c........ 36
2.3.4 Data Mining in Biology and MediCINe..........ccccccevvererieneereiie e seeneeans 37
2.3.5 Data Mining and Legal ISSUES.........ccccveierieriiiie e 38
2.3.6 Data Mining for Music Classification............cccccvvveviieresiieniienesieseesesens 38
REVIEW OF LITERATURE ......u i iieeetee e ettt e e e eeeaeeeeeaaeessesansessesnneeesenns 39
2.4.1  ASSOCIation rule MINING. .....cooiiieiece e 39



A O 1111 =T o | Vo SRR 41

2.4.3  ClasSIfICAtION ......ccviiieie et 42
2.4.4 Mining Sequential Patterns.........cccooviieiieie e 43
2.4.5 Genetic AIgOrItRmMS .........oooiiee e 45

2.5 SUMMARY ..coiiiiiittiie ettt e e e st e e e e e st e e e e s et e e e e e s anreeeeeeennes 46
3. BASICS OF CLUSTERING ALGORITHMS ................. 49
3.1 INTRODUCTION ..ocitiiiiiiieeeeereereeeesesssesesssssssssssssssssssssssesssssssssssssmsssrer 50
3.2 DEFINITION OF THE CLUSTERING PROBLEM.......cccveeiiiiiiieeeeiiiiee e, 51
3.3 SCORE FUNCTION ..oiiiiiiiiie ettt e e e e e 54
3.3 L DALA TY P ittt 55
3.3.2  Distance and SIMIlarity.........cccccerviieiiieiesiesee s 56
3321 Distance Functions for Numerical Data TYPE ......ccoveveiieiieiie i 57

3.3.2.2 Distance Functions for Categorical Data TYPE ......cccccveiveierieiere e 59

3.4 CLASSIFICATION OF CLUSTERING ALGORITHMS .....cooiviiieeeiiiieeeeene, 60
3.4.1 Partition-Based CIUSLEIING .....cccueiuiiiriieiicie e 60
34.11 K-means as a Basic Algorithm for Partition-Based Clustering .........c.ccccoccvervvnennn 61

342 FUZZY CIUSTEIING ..ottt et 63
3421 Fuzzy C-means Clustering AIQOrithm ..o 64

3.4.3 Hierarchical CIUSIEIING ........c.cccviiiiieie et 66
3431 Single-Linkage CIUSTEIING........cooiiii i 66

3.4.4 Probabilistic Model-Based CIUStEFING........cccvvevveieiieiece e 67
34.4.1 MIXEUIE OF GAUSSIANS ...ecvviicvieiiie ettt ettt ettt sre et be e e ar e e st e e e ebe e e ebeeeebeeenbeeebeesnras 69

3.5 SUMMERY ..oiiiiitiiiiitieeeeeeteeesstesesesssessssesssssssssssssssssssrssseersrssrrrresrrr.. 71

4. A CLUSTERING-BASED GENETIC ALGORITHM
FOR MIXED NUMERIC AND CATEGORICAL

VA LUES oo e et 75
4.1 INTRODUGCTION .oouuniiieetteeeeeeseeseeeeetaeeeseesaseeesesesseesestanseesessnseeeeernneeees 76
4.2 THE GENETIC ALGORITHM’S COMPONENTS ...uutiiieetiiieereeriireeerersneees 78
421 Data Set FOrMUIALION ......oeeeee e 78
4.2.2  DIStANCE TUNCHION ...ttt e e e e e e e e eeeeeans 78
A.2.3  COSETUNCHION .ot e et e e e e e e e e e e eeaeeas 79
424 FINESS TUNCHION. ...ttt e e e e eeees 80
T =1 oo o |1 o SR PSSPRRO 80



4.2.6  GENELIC OPEIALOIS ...cvveveeceeeie ettt ettt e et e e re e ae e ra e te e e e sneens 81

426.1 =] (103 £ o] o RN 81

4.2.6.2 (040110 V=] SR OPUPUPRRRN 81

4.2.6.3 1Y/ U 7= L Lo 81

426.4 (1= Vo 1T 0 82

4.3 THE CHOSEN GENETIC ALGORITHM ..coovviiieeiiiiie e eeeeieeeeeeeeeeeeerennnaeens 82
44 EXPERIMENT AL RESULT S ittt ettt e e e e e e e e aennns 84
4.4.1 A Detailed Example for one generation............ccccocvvveevveresieseesesieesnenn 84
4411 L QTLAE L2 L[] 84

4412 RS 1=Y [T Lo o 85

4413 (O 015710 1Y 86

4414 1Y [ = U Lo o TR TUOPURRRPRTTR 86

4415 Applying the gradient OPErator ...........ccoviriiiirieice s 87

4.4.2 Simulation Work and Implementation............ccoccoeveiininenenie e 87
4421 Three Normal DIStriDULIONS L .......eeeeeeeee oottt e e e e e et e e e e e e e ereeeas 88

4422 Three Normal DiStrBULIONS 2 ......coeviiiiiieiie ettt 90

4.4.2.3 BENAEA SIFIPES L.ttt ettt s n e nee 91

4424 BENAEA SIFIPES 2.ttt bbb e b e e e nae 93

44.25 SPITAL ZONES ...ttt et et e et et s ae e be e e e et et srenrenreereas 94

4.4.3 Computational Complexity and CPU Time Performance............cc.ccccue.e.. 95

45 DISCUSSION OF RESULTS ..civvttiiiiietiieeeieesiinseesessieseessssissesssssnssessssnseens 96

5. ANEW TECHNIQUE FOR CLUSTERING
CATEGORICAL DATA .. 99

5.1 INTRODUGCTION 1tetttiieteeeee e et e e e e e eeee s e e e e e eaeseeasseesnsseennaseesnasessnneeees 100

5.2 BACKGROUND ON CATEGORICAL DATA CLUSTERING ALGORITHMS.... 102

5.2.1 The FCM Algorithm (for Numerical Data TYpe) .......cccceeeveveiieireiiesinne, 102
5.2.2 The K-Modes AlGOrithm .........cccooiiiiiiiiieie e 102
5.2.3 The Fuzzy K-Prototypes Algorithm ...........cccccoeiieii i 105
5.3 METRIC SPACE ISOMETRY-BASED CONVERSION (MSIC): A
PROPOSED TECHNIQUE.....iiiiiiiiiieetitiiieseeeeereeesstiiiessesesesssesssassnnsseseseses 106
5.3.1 A schema for the MSIC Proposed Technique: .........ccooveveiieneniieiiesiene 108
5.3.2  Numerical eXample ..........cocveieiiiiieie e 108
5.3.3 Implementation and comparative results. ..........c.ccccocevieeveeie i 109
5.4 MSIC As BASES FOR GENETIC ALGORITHMS (GA-MSIC) ................. 110
5.4.1 The Genetic Algorithm with Metric Space Isometry-Based Conversion
(TN YIS L) IO 112
5.4.2 The Modified Genetic Algorithm GA-MSIC.........cccoooiiiiiiiiie e 113
5.4.3 Results with previously used data Sets..........ccccorveeririrniineiie e 114



5431 Three Normal DiStriDULIONS L .....covviiiiiiee ettt s 114

5.4.3.2 Three Normal DiStribDULIONS 2 ........couoiiiiiiiic e 115
5.4.3.3 BENAEA SIFPES L.ttt ettt bbb 116
5434 BENAEA SIIIPES 2.t bbb bbb 117
5435 SPIFAL ZONES ...ttt bbb bbb 117
5.5 DISCUSSION OF RESULTS ...ccittiiirerereeeeererrreereerrrrrrereererssessrsssssrrermsme. 119

6. CLUSTERING BASED ON THE ANT COLONY

OPTIMIZATION TECHNIQUE .......cccvvvvvvivvvivireveeeeneee, 123
6.1 INTRODUCTION AND RELATED WORK .....eeeeieee e 124
6.2 THE SCOPE OF THE ANT COLONY OPTIMIZATION ..ouvievieriiiieeeeriineeeennns 126
6.2.1 The ACO General Algorithm StEPS.......ccovveieviieiiiie e 128

6.3 A CHOSEN ANT COLONY ALGORITHM FOR Fuzzy CLUSTERING BY

CENTROID POSITIONING ... ettt e ee ettt e e e et e e e eeeaeeseseennneeerenns 129

6.3.1 ACO-MSIC: The proposed Modification on the Chosen ACO Algorithm.. 131
6.3.2 The ACO Algorithm for Fuzzy Clustering byCentroid Positioning and

1] [ 0] 1Y/=1 5] o] o F USSR 132
6.3.3  Computational RESUILS..........ccveiiiiiiiirire e 134
6.3.3.1 The effect of the parameters values on the cost value of ants initialization............... 134

6.3.3.2 Results with the previously used data SetS.......c.cvvvververererienie e 136

6.3.3.2.1 Three Normal DiStriBULIONS L.......ccooiiiiiiiiiic e st 136

6.3.3.2.2 Three Normal DiStriDULIONS 2 ........c.coiiiiiiii e 137

6.3.3.2.3 BENUEA STHPES L. .oviiiiieieiecie ittt ettt st et et ra e renre b 137

6.3.3.2.4 BENUEA STHPES 2.ttt bbbttt 138

6.3.3.25 SPITAL ZONES ...t bbbt bbbt 139

6.3.3.3 Time complexity and CPU TIMe......coiiiiiiieiiee e 140

6.4 COMPARATIVE RESULTS ..uuttiiiiiiieeeeesiiiiitirnere s e e e e e s s s sinnsnneneeeee e e s s e snnnnens 141
6.5 DISCUSSION OF RESULTS ....cutiiiieiiiiiiieeesiitiree e e s eittee e e e s snnee e e e s enaneeaeeenns 142
7. CONCLUSION AND FUTURE WORK .......ccocvvvvvnnnnnnn, 145
7.1 CONCLUSION ...utttiiiieeee e e iiiitttte e e e e e e e e e s s e sab e e e eeee s s s e s sasrsarerreeeeesesesnnnnnens 146
7.2 FUTURE WORK ... .ciiiiiiiiiii ettt s ittt e et e e staan e e e s s nane e e e enns 150
APPENDICES.......... 148



A. MAaAXIMUM COST VALUE FOR THE FIVE DATASETS FOR THE GA

Y R cT0] =T I 1 = Y TR 148
B. MATLAB PROGRAM CODE FOR GA ALGORITHM ....uuvieiiiiiiieeeieiinenne 150
C. MATLAB CODE FOR THE GA-MSIC ALGORITHM ..coovvveeeeeeeeeeeennnn. 158
D. MATLAB CODE FOR ACO-MSIC ALGORITHM ...coveiieieeeeieeeeeeeeeeaene 163
REFERENGCES ...ttt ettt 169

SUMMARY OF THE ORIGINAL WORK IN ARABIC



Chapter 1

Introduction and Scope of Work



Introduction and Scope of Work

1.1 Introduction

Data mining is the analysis of (often large) observational data sets
to find unsuspected relationships and to summarize the data in novel
ways that are both understandable and useful to the data owner, [Kurt
Thearling, 2007]. The relationships and summaries derived through data
mining are often referred to as models or patterns. Examples include
linear equations, rules, clusters, graphs, trees, structures and recurrent
patterns in time series. Data mining typically deals with data that have
already been collected for some purpose other than the data mining
analysis. The objectives of data mining exercise play no role in the data
collection strategy, [David Hand, 2001]. Data mining is often referred to
as “secondary” data analysis. Data mining is the process of knowledge

discovery in databases, or KDD.

Other definition of data mining includes, Data mining is an
interdisciplinary field bringing together techniques from machine
learning, pattern recognition, statistics, databases, and visualization to
address the issue of information extraction from large data bases, [Daniel
T. Larose, 2005]. While the first definition emphasis the final goal of data

mining this one focuses on the roots and used techniques.

A data mining algorithm can be defined as a well-defined
procedure that takes data as input and produces output in the form of
models or patterns [James E. Gentle and Wolfgang Hardle, 2004].
Components of the algorithm are: (a) Score Function which is used to

judge the quality of a fitted models or patterns based on observed data




(e.g., misclassification error or squared error). (b) Search Method used to
search over parameters and structures, i.e., computational procedures and
algorithms used to find the maximum (or minimum) of the score function
for particular models or patterns. (c) The data management technique to
be used for storing, indexing, and retrieving data [David Hand, et.al,
2001].

The two primary goals of data mining are predictive and
descriptive. A predictive task produces the model of the system described
by the given data set, while a descriptive task produces new, nontrivial

information based on the available data set

There are important themes of data mining tasks. Classification
aims to discovery of a predictive learning function that classifies a data
item into one of several predefined classes [Michael J.A.
Berry and Gordon Linoff, 2000]. Regression is the discovery of a
predictive learning function, which maps a data item to a real-value
prediction variable. Summarization, is a descriptive task that involves
methods for finding a compact description for a set of data. Dependency
Modeling involves finding a local model that describes significant
dependencies between variables or between the values of a feature in a
data set or in a part of a data set. Change and Deviation Detection involve
discovering the most significant changes in the data set [Mehmed
Kantardzic, 2003]. Clustering refers to the grouping of records,
observations, or cases into classes of similar objects. A cluster is a
collection of records that are similar to one another and dissimilar to
records in other clusters. Clustering differs from classification in that
there is no target variable for clustering. The clustering task does not try
to classify, estimate, or predict the value of a target variable. Instead,

clustering algorithms seek to segment the entire data set into relatively




homogeneous subgroups or clusters, where the similarity of the records
within the cluster is maximized, and the similarity to records outside this

cluster is minimized [Daniel T. Larose, 2007].

This thesis focuses on clustering as one of the most important

descriptive tasks in data mining.

Clustering algorithms can be categorized into four main categories:
partition-based clustering, fuzzy clustering, hierarchical clustering and

probabilistic model-based clustering.

In the first case data are grouped in an exclusive way, so that if a certain
data point belongs to a definite cluster then it could not be included in
another cluster. Moreover, partitioning algorithms typically represent
clusters by a prototype. A well-known example of partition-based
clustering is the K-means algorithm. On the contrary the second type
allows overlapping, as it uses fuzzy sets to cluster data, so that each point
may belong to two or more clusters with different degrees of
membership. In this case, data will be associated to an appropriate
membership value [Matteo Matteucci, 2006]. An example of the fuzzy
clustering is Fuzzy C-means or FCM. Instead, a hierarchical clustering
algorithm is based on the union between the two nearest clusters. The
beginning condition is realized by setting every data point as a cluster.
After a few iterations it reaches the final clusters wanted. The hierarchical
clustering algorithms may be divisive (top-down) or agglomerative
(bottom-up), [Frank Klawonn and Frank Hoppner, 2003]. Finally, the last
kind of clustering uses a probabilistic approach, which consists of using
certain models for clusters and attempting to optimize the fit between the
data and the model. In practice, each cluster can be mathematically

represented by a parametric distribution, like a Gaussian (continuous) or a




