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ABSTRACT 
[n this research the applicabi lity of clustering and classification techniques of data mining on CRM 
th e case of COMA telephone service of ETC have been explored within the framework of CR[SP­
OM model. The COMA COR data along with billing information and the customers' profiles are 
co llected, cleansed, transformed and integrated for experimenting with the clustering models. The 
final dataset consists of [0,090 records on which different clustering models at K values of 6, S, 
and 4 with differen t seed val ues have been experimented and evaluated against their performances. 
Hence, the cluster model at K value of 6 has shown a better performance. Consequently, its output 
is used as an input for the dec ision tree and ANN c lass ifi cation models. 

First the different c lassificat ion models with J48 decision tree algorithm are experimen ted with the 
IO-fo[d cross-va lidat ion, and splitting the dataset into 80 % training and 20 % testing, techniques 
by setting the cluster index formed by the c luster model as dependent vari able and the rest as 
independent variab les. Among these models a model that showed a classi fication accuracy of 
98.97% is selected . Similarly, different classification models of multilayerperceptron ANN 
algorithm are carried out by changing its hidden layer number of nodes and learn ing rate 
parameters ' value. A model with a classification accuracy of 98.62 % is chosen. Finally a 
comparison of dec ision tree and ANN models in terms of the overall classifi cati on accuracy, 
accuracy In classifying high value customers, and accuracy in class ifying low value customers 
have been undertaken. Hence, the decision tree model has excelled in these evaluation parameters 
and therefore selected as the best classifier for CRM applications. 

The resu lt of this research is really encouragi ng as very hi gh class ificat ion accuracy has been 
obtai ned. Besides, hi gh precision and recall in class ifyi ng high and low va lue customers correc tl y 
have been achieved. 

XI 



CHAPTER ONE 

INTRODUCTION 

1.1. Background 

Informati on is the key resource, in parallel with land, human , and capi tal, to the success of any 

organization. It has become an inval uab le input to any sound and acceptab le strategic deci sion-

making processes in the twenty-firs t century. Many indi vid uals, government, business 

organi zations, managers and, generall y, indi viduals invo lved in decision-making responsibilities, 

increasingly depend on inform ation to successfu lly accompli sh and discharge their duties and 

responsibiliti es. Inform ati on has been tightly integrated with thc day-to-day life of almost all 

indi vidua ls. For example, hum an bein gs are uncertain of what they are doing wit hout the right 

information. It enab les, parti cu larl y business organizati ons, to take proactive measures in dealing 

wit h uncertainties of the future. Generall y, information becon{es an integral part of every walks of 

human li fe . 

Nevertheless, not all indi vidual s and organi zation s in the world are uSll1g information in an 

equitab le way. Based on the usage of information, the worl d nowadays is divided into agrarian, 

industrial , and information societies. Among them, information soc ieties use information 

intensively in their day-to-day activities. The majority of these societies are engaged in the 

co ll ection, process ing, storage, and disseminati on of information . 

In fo rm ati on, however, entail s substantial amount of money fo r its production. It has sources that 

pass through several different processes. Capturin g the relevant data for further processing is a 
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cost ly step. Besides, processi ng information embraces application of sophi sticated and very 

ex pensive Information Techno logies (IT). Due to these and other costs, the information is buried 

deep ly under a massive data. Here, it has to be no ticed that data is the ul timate source of 

inform at ion. 

According ly, the question, "From where do organi zations gather data?" calls for the van ous 

sources of data. Today, in many business areas, detai led customer interaction data is abundant. 

Organi zations uphold data about customer purchasing behavior, returns, complai nts, wishes, CDR 

(i n the case of telecommuni cations) and more. Particularly, Telecommunicati ons gather data from 

various sources such as the customer CDR, the billing history of customers, the network fault 

alarms, and the network status reports generated automaticall y fro m the variou s interconnected 

switches. A lthough these voluminous data are kept in business organi zations' legacy and current 

databases, it has been quite difficult to analyze them manuall y; thereby it is difficult to understand 

wha t information and/or know ledge are deeply hidden in them. The reason fo r thi s is that the 

tech no logy for generat ing, captu ring, and stori ng data has far outpaced than the hum an capacit y to 

understand, analyze, and exp loit it for maximum impact. 

1.1.1. CRM Overview 

T he foc us of many service-providing industries has been toward s customer orientation. While 

competition is increasing, there is a need to better understand customers, and to quickly respond to 

their indi vidual needs and wants. Thus, the objecti ve of the customer-centered industry becomes 

increas ingly the share of wa llet for each individual customer and costs by focusing on more 

targeted promotions. 
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Customers are the life blood of any success ful venture in the face of today's fi erce competition 

both from the local and international markets, Accordingly, organi zations, particularl y service­

oriented ones, have shifted towards a long- lasting customer relationshi p to ga in a competiti ve 

advantage over their rivalri es, These orga ni za tions exert their maximum effort to retain their 

ex isting customers as well as attracting new potential ones, 

Thus, Customer Relationship Managemen t (CRM ) is the onl y way for businesses to create a 

prolonged tie wi th their customers, CRM , according to Bigus [4], is a process that manages the 

interaction between a company and its customers, The purpose of CRM ini tiati ves is to allow 

customers to be treated indi viduall y during the marketing process, This differentiated marketing 

improves marketing results by making each marketing touch more appropriate and effective than is 

poss ible under any one-size-fits-a ll marketin g scheme, To thi s end, the products and services of the 

organi zation are tailored to the needs and wants of individual s, The idea here is that an 

organi zation cannot go after th e whole market with the same strategy, rather identi fy a niche in it to 

effect ively and e ffi cientl y add ress the products and services it intends to offer. Thi s change in 

focus from broad market segments to ind ividual customer requires chan ges through the enterprise, 

but nowhere more than in CRM, marketing, and sales [4] , 

CRM is an integration of techn ologies and business processes used to satisfy the needs of a 

customer during any given interac ti on, More spec ifi call y, it in volves acqu isiti on, an alysis and use 

of knowledge about customers in order to sell more goods or services and to do it more effi ciently 

15 ], To this end, the customers' data alone do not have any implication to the business unl ess it is 

backed by the appropriate tool s and technologies, T hese tools and IT are in tegrated to uncover 

relevant knowledge from the sheer volume of customers' data, 
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According to Srivastava [40] , CRM functions include marketing automation (e.g., campai gn 

managemenl, cross- and up-sell , customer segmentation, customer retention), sales force 

automation (e.g., contact management, lead generation , sales analytics, generation of quotes, 

product confi guration), and contact center management (e.g., call management, integration of 

multiple contact channels, problem escalat ion and resolution , metrics and monitoring, loggi ng 

in teractions and auditing), among others . 

On the other hand, Kotler [301 states that, CRM principally revo lves around marketing and begins 

with a dee p analysis of customer behavior. It uses IT to gather data, which can then be used to 

develop information required to create a more personal interacti on with customer. As stated in the 

aforementioned di scussion, the focus of the business nowadays shi fted towards individual 

customer service usage behav iors and trends. Particularly, industries like telecommunications 

whose acti vities mainly engage in the hi ghl y sensiti ve and customer-centric business should pay 

considerable attention to their ex isting and prospecti ve customers. Thi s in turn, calls for a strategy 

amenable to indi vidual needs and wants. 

Marketing is the process of pl anning and execu ting the concept ion, pri cing, promotion and 

di stribu tion o f ideas, goods and services to create exchanges that satisfy ind ivid ual and 

organi zati onal objective (s). Nowadays, customers that have real value to a company are the center 

of marketing strategies. Accordingly, businesses have found it essenti al to acquire new customers 

as well as to retain those th at have hi gh value . Hence, one of the major focuses in marketing is 

customer segmentation [381. 

Customer segmentation refers to an attempt to categorize customers into several homogeneous 

groups for the purpose of des ignin g and executing a certain business strategy . Customers belonging 

to the group share similar characteri stics. Thi s in turn helps marketers to design similar promotion 
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campaIgns for customers that fall in a specific segment. However, segmentati on requires the 

coll ection , organization and analysis of customer data [6] [38]. Customer segmentati on also makes 

the customer management easy. 

The teleco mmunication industry in particular, should deal with individual level market segments in 

o rd er to increase sales of its various services and gain insight into th e indi vidual needs and wants. 

To this end, the telecom operator cannot go after the whole market for its various services with a 

single generic strategy. Yet, customer segmentation is at the heart of its effective and efficient 

marketing. 

Edelstein [15], outlined the following as CRM phases . 

• Acquiring customers 

• Increas ing the va lue of the customer 

• Retaining good customers 

In all of the three phases, data minin g pl ays an important role. For example, a certain 

te lecommunication company can analyze its customers' database to identify their patterns and 

trends so as to target its panicular service to a certain market group (s). It has become ev ident that 

data mining has a lot to contribute from the acquisit ion to retention of customers to business 

o rgan izati ons achie veme nt. 

1.1.2. Data Mining Overview 

Telecommuni cation companies maintain a great deal of data about their cuS{Qmers. In addition to the 

general customer data that most bus inesses coll ect, telecommunication companies also store CDR, which 

precisely describe the calling behavior of each customer. Thi s information can be used to profil e the 

customers and these profiles can then be used for marketing and/or forecasti ng purposes [471. From this, it 
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is easy to infer that data mining has a great role to play, particularl y in telecommunicati on industries, to 

uncover knowledge that is deepl y buried under these massive data. 

The foregoing di scussion has clearly depicted that organi zations collect data from d iffe rent 

sources. Mainly in their interactions with their customers to exchange goods and services, values, 

and many others have led to the sheer volume of informa: ion to be retained in the organi zation 

legacy and operational databases. For example, customers profile, their order for products or 

services, andlor an y interact ion with the business are among the major sources of data. This in turn 

has created informati on overl oad in the sides of organizati ons. It is impossible to manu ally trace 

and see into the relati onships within vari ous data without an automated andlor semi automated 

tools. Especiall y, in the telecommunication industry where th ere are milli ons and billions of data 

avail ab le about: 

I. Call detail data, which describes the call s that traverse the telecommunicati on networks, 

11 . Network data, which describes the state of the hard ware and software co mponents in the 

network , and 

111 . Customer data , which describes detail s of telecommunicati on customers. 

These data are hourl y generated and kept in di fferent heterogeneous database and fl at files out o f 

whi ch finding relevant patterns and knowledge manuall y is unthinkable. The amoun t of data is so 

large that manual analys is of the data is di ffi cult , if not imposs ible [47]. However, recent 

breakthrough, especially, in the area of data mining and artificial intelli ge nce, are very promising 

in handling and ext racting valuable informati on fo r effective planning and dec ision making 

pu rpose [48]. 

Hence, dat a mining techn ology, whi ch focuses on identifying interesting pattern s and developing 

predi cti ve models from data, has the greatest potenti al enabling business to control data resources 
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Marketing and Customer Support Division performs marketing fun ctions to the Fixed Line SBU. It 

identifies and repon s to problems that had been observed in sales; reports summari zed daily, 

weekl y, monthl y, quarterly, semiannually and annuall y fi xed and CDM A services sales; it 

translates and executes the marketing strategies art icul ated and devised by the CMO, whi ch is 

under the direct supervision of DC EO Operations, and performs other marketing related function s 

as required. 

1.1.3.2. CDMA Telephone Service 

CDMA is a form of spread-spectru m, a fami ly of di gital communication techniques that has been 

used in military applications for many years. The core principle of spread spectrum is the use of 

noise- like carrier waves, and, as the name implies, bandwidth is much wider than that required for 

s imple po int-to-poi nt communication at the same data rate. Originall y, there were two motivations: 

to res ist enemy efforts to jam the communications (anti -jam, or Al), and to hide the fac t that 

communication was even taking place, sometimes called low probability of intercept (LPI ) [43] . 

C DMA is a recent Wireless telephone technology that has been adopted by different telecom 

companies. Commercially introduced in 1995, CDMA quickly became one o f the world's fastes t-

growing wireless techn ologies. In 1999, the Internation al Telecommunications Uni on selected 

CDMA as the industry standard for new "third -generati on" (3G) wireless systems. Man y lead ing 

wi re less carriers are now bui lding or upgrading to 3G CDMA networks in order to provide more 

capacity for voice traffic, along with high-speed data capabilities [43]. 

As per the interviews and discussions with the senior management of ETC, the CDMA telephone 

service has been introd uced by ETC in 2004 with 50, 000 exchange capacit y. It was ini ti all y 

plant ed in thc EAAZ of the corporation. The corporation has introd uced with the intention that it 

coul d be used as a subst itute for the old copper wire fixed telephone network. As per the di scuss ion 

14 



1.3. Justification of the study 

CRM is at the heart of keeping ex isting customers of an organi zation satisfied while attracting and 

retaining new customers. Particularly, organizations that provide different type of servi ces should 

identify the niche market for its various services thereby flouri sh a good CRM in order to get a 

compet iti ve ad vantage over the competitors; Vi s-a- vi s ETC should do the same. But segmentation 

of customers requires a thorough analysis of customers' databases in order to identify valu able 

information that has deeply hidden in these massive databases. Thus, the theme of [he research is to 

investigate the applicability oj data mining to customers' segmentation and classification. The 

result is use ful to create an effect ive CRM in ETC. 

On the other hand, ETC has already finished expanding the COMA exchange capacity from 50, 

000 to 2.4 million. However, to market thi s much capacity requires the identification and 

understanding of the pervious customers who have subscribed the sa me. Vi s-a-vi s this, data mining 

is useful to di scover trends and patterns of customers from the customers' databases. 

Consequently , the information mined can be useful for strategic market formulation and decision 

making, and enables to flouri sh sound CRM at ETC. Again the same information enabl es the 

corporation to understand the behavior of customers thereby increase its sales while maximizing its 

profit margin . 

Fekadu [211 has done simil ar research on the post-paid mobile CRM. He used the K-means 

clustering algorithm for clustering and dec ision tree algori thm for class ifi cati on. He found a 94.78 

% accuracy of prediction. He stated that similar researches cou ld be conducted on the different 

servi ces of the corporation. He further recommended that the app lication of artificial neural 

network may give better acc uracy res ult. 

2 1 



Simil arl y, Denekew [14J has undertaken a research on CRM in Ethiopian Airli nes. He used K­

means and dec ision tree algorithms for clu stering and class ification respectively. He reco mmended 

that clustering and classification funct ions of data mining are appli cable to CRM. Denekew further 

pin pointed th at the appli cation of art ificial neural network may result in better classificati on 

accuracy. 

Th is research compl ements with the research work mentioned above. But it differs in the area of 

appli cation , vari ab les used for model building, the theme it contai ns, and data mining methods. 

1.4. Objectives of the Study 

1.4.1. General objective 

T he general objecti ve of thi s research is to support CRM acti vities at ETC by employing 

appropri ate data mining techniques (c lustering and classificati on) on the customers' database to 

uncover patterns/knowledge so as to identify different segments of them. Thi s objective is pursued 

to test whether data minin g techniqu es can be appli ed in the behav ioral customers segmentatio n in 

the contex t of ETC. On the other hand the res ult of success full y achi ev ing thi s object ive enables 

the corporati on to identify, create, and maintain a good relationshi p with customers. In addition to 

these, thi s study can be a source of methodological approach for future researches. 

1.4.2. Specific Objectives 

The specific objecti ves of the study are the follo wing: 

• Identify the type of customers ' data residing in the customers database ("USHACOM"). 

• Co llec t relevant data for the research from the"US HACOM" database. 
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• Select the data mining clustering and classification algorithms to be used based on the type 

of data and objecti ves of the present study. 

• Prepare the data for model building through cleaning, extracting and transforming the data 

into a format required for the clustering and classification algorithms. 

• App ly clustering algorithm to test behavioral segmentation on the COMA subscribers. 

• Apply th e classification algorithms to build and train the classification models that class ify 

new instances of customer into one of the c lass labe ls identified by the clustering algorithm . 

• Test and comp are the resu lting performances of the clustering and class ifi cation models and 

recommend the overall best results of the clustering and class ification mode ls. 

• Suggest further research areas in the future 

1.5. Research Methodology 

Methodology defines the steps and procedures one follows to achi eve the objectives and research 

questions of a certain research. It is a road-map that shows the direction a research follows to attain 

the end. To this end, in order to achieve the objectives of the present research, the researcher has 

adopted the CRISP-OM model. This is because the model has been widely applied for data mining 

studi es . Besides, it is open-source and industry stand ard data mining processes model. 

Accordingly, the present study has followed the following methodologies in order to develop good 

customer segmentation and classification models. 

1.5.1. Review of related literature 

Thorough rev iew of literatures in the area of data mining and KOO has been conducted. 

Particularly, clustering and classification tasks of data mining, and their application in the area of 

CRM are deeply analyzed and assessed. Various books, journals, magazines, articles, and papers 

from the World Wide Web have been consulted in order to get clear insight into the concepts and 
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techniques of data mining. KOO. and customers' segmentation in the framework of CRM. These 

sources ha ve given finn theoreti cal and practical background to the current undertaking. 

1.5.2. Fact Finding 

To clearl y identify, understand, and analyze the business problems, the primary (observation and 

interview), and secondary (database anal ysis) data collection methods are employed. Intervi ew is 

employed to define marketing concepts and features selection with the domain experts while 

observation is conducted to understand som~ complex business processes . Further. databases such 

as COR along with billing information and customers' profiles are consulted to gather the pertinenl 

data for the present research. 

Thus. the researcher has been conducting a thorough survey (using an in-depth interviews and 

observations) at different offices of ETC to get a thorough understanding of the businessldomain. 

The researcher has been conducting the survey in the fo llowing offices of the corporation. 

• CCB: This office manages the COR and customer profiles data in the "USHACOM" 

database. The data for thi s researcher has been collected from thi s parti cular office . 

• CCSO: This division manages the corporate customers as stated in section 1.1.2.1. 

• The fix ed Line SBU. which is located in the CAAZ. is one business unit per se and 

manages the fixed and COMA te lephone se rvices of the corporation. 

• COMA telephone administration office. which is located in EAAZ of the corporation. This 

office is entrusted to manage. control. maintain . and run the COMA telephone service of 

the corporation. And 

• The Marketing Oivision of the corporation: is responsible to undertake activities related to 

marketing. Al l the market strategies are designed by thi s particular office. 
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1.5.3. Data Identification, collection, and preparation 

The COMA CDR al ong with the billing data, and the customers ' profiles data are the primary data 
used for analys is in thi s research work . Thi s data has been collected from the corporati on database, 
"US HACOM ." The target popul ations are all customers of COMA service of ETC. 

After all relevant attributes are derived from the COMA CDR, the total number of indi vidual call 
records are summari zed into 23, 172 records that describe the calling behavior of each customer. 
This figure represents the total population of COMA customers. However the stratifi ed sampling 
technique has been appli ed to reduce the data size almost by half. Hence, the fin al dataset used for 
model building consisted of 10,090 records. 

The data has been cleansed, edited, integrated, and normalized before any model building 
commencement. Accordingly, it has been prepared in such a way th at it becomes appropriate for 
the clusterin g and cl assifi cation algorithms. 

1.5.4. Training, Model Building and Testing 

The K-means clusterin g algori thm has been experimented to segment the customers' data. The 
clusters at K values of 6, 5, and 4 have been carried out. The model s of the segments at these 
different values of K have been evaluated together with the domain ex perts and finall y the best 
cluster model , which is at K value of 6, is selected as an input fo r the J48 decis ion tree and 
multil ayerperceptron ANN algorithms mode ls building. 

Next , different class ificati on models of th e J48 decision tree have been ex perimented through 
chan ging some of its parameters . First, the algorithm is trai ned and validated with the I O-fold cross 
validation learning technique, a technique that uses 90 % of the data set fo r training and the 
remaining 10 % for the mode l for testing. In addition to this, other models have been 
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experimented wi th 80 % (8072 records) of the dataset for trai ning and the rest 20 % (20 18 records) 

for testi ng. The overall best model of J48 decision tree algorithm is selected. 

Sim il arl y models of the multilayerperceptron ANN algorithm have been built through changing 

some of its parameters such as learning rate, and number of hidden nodes. Here also the best 

perfo rmed model is selected. Fi nall y, the best mod el of this algorithm has been compared with th at 

of the decision tree model. 

1.5.5. Tools 

In th is research, SQL Server 2000 , Oracle 9i, and MS-Access 2003 RDBMSs, and MS-Excel 2003 

are intensively used for the data preparation and preprocessing. For clustering and class ification 

experimentations of the present research, weka 3.5.8 has been used. It is selected mainl y due to the 

fo ll owing reasons: 

• It im plements all algorithm s, K- means for clusteri ng, and J48 algorithm of dccis ion tree 

and Feed forward back propagation algorithm of ANN for classifi cation, whi ch are 

required fo r the present research. 

• It has an easy interface to work with 

• It is open source software and is freely avai lable 

• Man y data mining researches and projects have been implemented with it 

1.6. Scope and Limitation of the Research 

T he scope of thi s research is limi ted to development of clustering and class ification models 

build ing of ETC's COMA te lephone customers. The research has been tried to ex plore the 

appli cability of the clusteri ng and classifi cati on funct ion of dat a minin g to behavioral customer 

segmentati on, wh ich is the main Function of CRM . The clustering is empl oyed to identify class 
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labels, while classificat ion has been used to predict the class label of new instances of the data. 

Besides, the best model for each of the clustering and class ifi cation techniques is chosen. 

Although there are other servi ces of the corporation such as fixed telephone line, mobile (postpaid 

and prepaid), Internet (broadband and dialup) and other value added services, the research limits 

itself to COMA service due to the availabili ty of CDR , which is not readily available fo r some of 

these services. 

The class ification model prototype could not be implemented mainl y due to time constraints. 

1.7. Application of the Results 

The result of this research can be used by ETC to identify trends and pattern s of COMA customers 

thereby tailoring its promotion and sales strategy based on the part icular cluster of customers that 

will be identified in the course of the study. It al so helps the CCSO that is so lely established to 

identify, maintain good relationships, and deli ver all the necessary faci lities and spec ial services to 

both the ex isting and prospective corporate customers, to easily undertake its duties and 

responsibilities . Besides, it will initi ate other researchers to further undertake research on similar 

problem dom ain . 

1.8. Thesis organization 

This stud y is organized into fi ve chapters. The first chapter compri ses of the general background, 

overview of ETC, statements of the problem, objectives, scope, and application of the result of thi s 

research. The second chapter lays the foundation for other parts of this research. It thorou ghl y 

di scusses important literatures in the area of data mining and customer segmentation in the 

framework of CRM, and ex isti ng CRM pract ice in ETC. Thi s chapter also describes bot h the 

27 



conceptual and empiri ca l researches, whi ch are related to thi s research, in greater depth. T he data 

collection and preparation for the final experimentation/models building are di scussed with greater 

depth in chapter three. 

The research questions are answered and its objectives are achi eved in the experi mentation part , 

whi ch is chapter Four. Chapter five bu ilds up from the experimentation part of the researc h. It 

provides the conc lusion and reco mmendati ons based on the findings of the research. The 

co ncl usion section of this chapter summ ari zes the major points of the ex perimentation and 

conc ludes wi th the identification of problems, which are beyond the present research . The 

recommendations are forwarded for further research areas on the grou nd of the research res ults. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 DATA MINING CONCEPTS 

2.1.1 Overview 

As clearl y stated in the bac kground part of thi s research, inform ati on is the life-blood o f 

contemporary organi zations, particul arly those th at operate businesses in a global-basis. These 

organi zations use it to maximi ze the ir market share and gain a competitive-advantage. [n addi tion, 

today's fi erce co mpetition among business organi zations calls for information in the right time, at 

the ri ght place and to the right person. Information is the corner-stone of an y development and 

successful venture, particularly in the developed countries. Many renowned schol ars in the fi eld of 

information and comm vnications tec hnologies de fin ed the term information from different 

perspecti ves. [n th e nutshell , it has been de fined as power, energy, something use ful for dec is ion­

maki ng, the back-bone of th e developed countri es, in fo rm ati on soc ieti es', economy, and o th ers 

related to these. Witten, Bentl ey, and Dittman [50) define informati on as data that has been refined 

and organi zed by process ing and purposeful intelli gence. 

In formati on is bas icall y ex tracted from the huge size of data. Now-a-days, we are generat ing hu ge 

amoun t of data from different sources, whi ch in turn has mad e data processing as a costl y e ffort . 

Simil arly, Han & Kamber [231 have clearl y stated that our capabilities of both generatin g and 

co llecting dat a have been increasin g in the last several decades contributing factors include the 

wide spread use of bar codes for most commerc ia l produ cts, the computerization of many 

businesses, scientific and governmental transacti ons, and advances in data collection tools ranging 

29 



from scanned text and image platforms to satellite remote sensing systems. In addition, popular use 

of the World Wide Web as global information system has flooded us with a tremendous amount of 

data and in format ion. Th is explos ive growth in stored data has generated an urgent need for new 

techniques and automated tools that can assist us in transformi ng the vast amou nt of data into 

useful inform ation and knowledge. 

Han & Kamber [23], further ex pl ained that the fast-growing tremendous amount of data, collected 

and stored in large and numerous databases, has far exceeded our human abi lity for comprehension 

withoul powerful tools. Hence, to generate useful information and knowledge from a large store of 

databases , data mining tools and techniques playa pivotal role. Similarly Fayyad, Piatetsky­

Shapiro and Smyth [201 have exp lained that manual analysis and extraction of information and 

knowledge from toda y's unprecedented growing size or data is almost impossible and always 

ineffi cient. Thus, there is an urgent need of a new generation of computational theories and tools to 

assist humans in extracting useful information/knowledge from the rapidl y growing volumes of 

di gital data. It is in here that the data mining tool s and techniques come into play. 

On the other hand, databases' sizes have significantl y increased into terabytes bytes of data. Within 

these masses of data lies hidden information of strategic importance. To uncover these hidden 

information and knowledge data mining, which is being ll sed both to increase revenues and to 

reduce costs, is at the heart. The potential returns are enormous. Innovat ive organizations 

world wide are already using data mining to locate and appeal to hi gher-value customers, to 

reconfigure their product offerings to increase sal es, and to minimize losses due to error or fraud 

1451 

Sri vastava [401 has elucidated the contribution of data mining in identifying interest ing patterns. 

Data Mining has enjoyed great popularity in recent years, with advances in both research and 

commerciali zation . The firs t generation of data mining research and development has yielded 
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several commerciall y avai lable systems, both stand-alone and integrated with database systems; 

produced scalab le vers ions of algorithms for many classical data mining problems; and introduced 

novel pattern discovery problems. 

Man y renow ned scholars in the field have come up with numerous defini tion of data mlntng. 

Among them, those that are related to the research are menti oned and thoroughl y di scussed. 

The term data mining is the ex ploration and analys is of large quanti ties of data in order to di scover 

meaningful patterns and rules. The goal of data mining is to all ow the corporati on to improve its 

market ing, sa les, and customer support operations through a better understanding of its customers. 

This is customer re lati onship man agement oriented definition. In thc course of dealing with 

customers and their tests and preferences, a busi ness can unlock the potenti al of data mining to 

improve sales and revenu e while keep in g them sati sfied [3] . 

T he task of discoveri ng interesting patterns fro m large amoun ts of data where the data can be 

storcd in databases, data warehouses, or other informat ion repositories [231. T he data stored in 

legacy databases and data warehouses do not give the patterns and deepl y hidden knowledge in it 

per se. Rather it must be further analyzed to uncover and in vestigate relevant in formation with the 

help of data mining . 

Data mining is the ex traction of implicit, prev iously un known, and potentially useful in formati on 

from data [49]. Had the data stored in the databases revealed the interesting patterns per se, dat a 

min ing would not have been in vented. Data in themselves do not carry any meaning unl ess they 

are further manipul ated and analyzed fo r a certain pu rpose. Hence, data mining too ls and 

techni ques make the implicit and previous un known information ex pli cit and known. 
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2.1.2. Data Mining and Knowledge Discovery in databases 

T he phrase know ledge discovery in databases was coined at the first KDD workshop in 1989 

(Piatetsky-S hapiro (cited in Fayyad, Piatetsky-Shapiro and Smyth, 120]) to emphasize th at 

knowledge is the end product of a data-driven discovery. It has been popu larized in the AI and 

machine- learn ing fields. 

Different authors take data mining and KDD as one and the same . However, there is a signifi can t 

difference between the two. Data mining is one step in the overall knowledge discovery processes . 

Neverthe less Fayyad, Pi atetsky-S hapiro and Smyth 120] e lucidate KDD as the overall process of 

discovering useful knowledge from data, and data mining refers to a particul ar step in thi s process. 

The term data mining and KDD are used interchangeably in this research. This is because the KDD 

e lucidates the overall phases of pattern extracti on From large databases. Although data mining is 

one process in the course of KDD, it provides all the techniques and tools to investigate 

meaningful patterns and knowledge From the database. Besides, data mining requires a data that is 

cleansed, integ rated, and transformed beFore the mining process begins, which are included in the 

overall KD D processes. 

The data mining phases embraces defining business problem, building marketing database, 

explori ng the data, preparing data for modeling, bui lding model, evaluating model, and dep loying 

mode l result s [46]. However, CR ISP-DM defines the phases as busi ness understanding, data 

understanding, data preparation , modeling, evaluation, and deployment (see Figure 2.1.). 

The Cross- Industry Standard Process for Data Mining (CRISP- DM) was developed in 1996 by 

analysts representing DaimlerChrysler, SPSS, and NCR. CRISP provides a nonpropri etary and 
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freely avail able stand ard process for fi tting data mining into the general pro~l em-so lving strategy 

of a business or research unit [35]. 

~+--------­------------ ~ 
,J~-L~~, • 

"qh""'t,~ rlo~", 

• \ "', ,--,----, 

Figure 2. I : CRISP- OM process model. 
Note that the phase sequ ence is adaptive. That is, the next phase in the sequence otten depends on 

the outcomes assoc iated with the precedi ng phase. T he arrows indi cate the most signi ficant 

depende ncies between phases. Here under CRISP-OM phases are presented [35 1. 

2.1.2.1 Business understanding 

This initi al phase focuses on understanding the project objecti ves and requirements from a business 

perspective, then converting thi s knowledge in to a data mining problem definition and a 

prelimi nary plan designed to achieve the objecti ves. 
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2.1.2.2 Data understanding 

T he data understandi ng phase starts with an in iti al data coll ection and proceeds with ac ti vities in 

o rder to get ramili ar wi th the data, to identify data quali ty problems, to di scover first in sights into 

th e da ta or to detect interesting subsets to form hypotheses fo r hidden information. 

2.1.2.3 Data preparation 

The data preparati on phase covers all activities to construct the final dataset (data that will be fed 

in to the modeli ng too l(s)) from the initi al raw data. Data preparati on tasks are li ke ly to bc 

performed multi ple times and not in any prescribed order. Tas ks inc lude table, record and attributc 

sc lection as well as transformation and cleaning of data fo r modeling too ls . 

i. Data Cleaning 

Data cleaning is an attempt to fi ll in missing values, smooth out noise while identifyin g outliers, 

and correct inconsistencies in the data [23] (3). 

Miss ing Values : The case herc is tupl cs have no recorded va lues . Different meth ods to handl e 

mi ss ing va lues 123 1 [3] suc h as: 

• Ignore the tuple(usuall y done whcn the class label is mi ssing) 

• Fill in the mi ss ing value manuall y (time consuming and may not be feasibl e) 

• Use g lobal constant to fill in the miss ing values (Replace all mi ssi ng values by the same 

consta nt) 

• Use attribute mean to fill in the mi ssing va lues (especiall y fo r numeri c values) 

• Use the most probable va lue to fill in the mi ssing value 
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Detecting Noisy Data and Outliers: - Han & Kamber [23] describe noise as a random error or 

variance in a measured variable . Outli ers are unusual data values that are not consistent wi th most 

observati ons. Co mmonl y, outliers result from measurement errors, coding and recording errors, 

and , somet imes, are natural, abnormal values. Such non representati ve samples can seriously affect 

the model produ ced later". 

T here are two strategies for dea ling with outliers and noisy values : 

• Detect and eventuall y remove outliers as a part of the preprocess ing phase, or 

• Develop robust modeling methods that are insensiti ve to outliers . 

ii. Data Integration and Transformation 

Data mining often requi res data integrat ion- the mergin g of data from multiple data stores. The 

data may also need to be tran sformed into forms appropriate for mining [3 ) [23]. 

As Han & Kamber [23] clarified, data are transformed or consolidated in to forms appropriate for 

mining and in volves many activi ties such as Smooth ing (to remove noise from data), Aggregation 

(to appl y summari zation option), Generali zation (to replace low level data by higher-level 

concepts), Normali zation (to scale attributes such that they fall with in a specified ranges), Attri bute 

Construction (to constru ct new attri butes from features). 

iii. Data Reduction 

Data reduction techniques can be appli ed to obtain a reduced representation of the data set that is 

much smaller in vo lume, yet closely maintains the integrity of the ori ginal data. That is, minin g on 

the reduced data set should be more efficien t yet produce the same (or almost the same) analyt ic 

resul ts [23] 
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From many strateg ies ava ilable fo r data reducti on, Han & Kamber [23 ], presents the foll owin g: 

data cube aggregation(appl ying aggregation operati ons for data cube constructi on), dimension 

reducti on(detection and remova l of irreleva nt, weakl y relevant, or redund ant attributes or 

dimension), data co mpression(reduce datasets through co mpression mec hanisms), numeri sity 

reduction(replace data by altern ati ve smaller data representation), discre ti zati on and concept 

hierarchy generation (repl ace raw data values for attributes by ranges). 

2.1.2.4 Modeling 

A mode l is a hi gh-level, g lobal descripti on of a data sel. It takes a large sampl e perspecti ve. It may 

be descrip tive- summari zing the data in a convenien t and concise way- or it may be in fe renti al, 

al lowi ng one to make so me statement abou t the popUlation fro m which the data were drawn or 

about li kely future data values [24J. 

In thi s phase, vari ous modeling techniques such as cl usterin g, cl assificati on, associat ion, and the 

like are selected and applied and their parameters are calibrated to optimal values. T ypicall y, there 

are several techni ques fo r the same data mining prob lem type. Some techniques have specific 

requirements on the form of data . Therefore, stepping back to the data preparat ion phase is o ft en 

necessary. 

2.1.2.5 Evaluation 

Before proceeding to final deployme nt of th e model, it is important to more thoroughl y evaluate 

the model and review the steps exec uted to construct the model and to be certain that it properl y 

achi eves the business objecti ves. A key objec tive is to determine if there is some important 

bus iness issue th at has not been suffi ciently considered . At the end of thi s phase, a decision on the 

use of the data mi ning result s should be reached. 
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2.1.2.6 Deployment 

Creation of the model is generall y not the end of the research. Even if the purpose of the mode l is 

to increase knowledge of the data, the knowledge gained will need to be organi zed and presented in 

a way that the customer can use it. It often in volves appl ying ' li ve' models within an 

organi zation 's dec ision maki ng processes, for example in real-time personali zation of Web pages 

or repeated scoring of marketing databases. 

However, dependi ng on the requirements, the deployment phase can be as simple as generat ing a 

report or as complex as implementing a repeatable data mining process ac ross the enterpri se. In 

many cases it is the customer, not the data analys t, who carries out the deployment steps . However, 

even if the analyst will not carry out the depl oyment effort it is important for the customer to 

understand up front what actions need to be carried out in order to actuall y make use of the created 

mode ls . 

2.1.3 Data mining and related Fields 

2.1.3.1 Data Mining vs. Databases 

Data mining is applicable and feasibl e as long as there are huge data co llocated and stored in a 

certain formal. The informat ion/data repos itory includes relat ional databases, data warehouses, 

transact ional databases, advanced database systems, flat fil es and the World Wide Web. 

Particul arly the re lational databases are one of the most popu larl y avail able and rich in in format ion 

repositori es, and thu s they are at the heart of data mining processes [23]. Re lational databases 

store data in a structured table upon which mining can be perfo rmed. To thi s end the data minin g 

must be integrated with databases to iden tify interesti ng patterns and uncover hidde n knowledge 
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2.1.3.2 Data Warehousing vs. Data Mining 

A data warehouse is a repository of information co llected from multiple sources. stored unde r a 

unified schema, which usuall y resides under a single site. Data warehouse are constructed via 

process of data cleanin g, data transformation, and data integration, data loading and period ic data 

refreshing [23]. Place [33] defined it as a centrali zed data management and retrieval. These 

definitions clearly state that data warehouse integrates and consoli dates data from multiple sources 

thereby a ll owing enterprise to remember what it has noticed about its customers over the long 

period of time. 

According to Two Crows Corporation [46], data to be mined is first extracted from an enterpri se 

data warehouse into a data mining database. There is some real benefit if your data is already part 

of a dat a warehouse . Thi s is due to the fac t that the problems of cleansing data for a dat a 

warehouse and for data mining are very similar. If the data has already been cleansed for a data 

warehouse, then it most likel y wil l not need further cl eaning in order to be mined . Furthermore, 

yo u will have already addressed many of the problems of data consoli dation and put in place 

maintenance procedures. 

In the nutshell data warehouse pro vides the enterprise with a memory. But, memory is of li tt le use 

without intelligence . Hence, data mining provides differelll tool s and tec hniques that add 

int elli gence to the data warehouse 13 1. Neverthe less, data warehouse is not a prerequisite for dat a 

min ing since bui ld ing a data warehouse requires huge investment and long period of time, and the 

benefit of data mining projects should exceed the cost to be incurred [22]. Setting up a large data 

warehouse that consoli dates data from multiple sources, resolves data integrity problems, and loads 

the data into a query database can be an enormous task, sometimes taking years and costing 
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millions of doll ars. You could, however, mine data from one or more operati onal or transactional 

databases by simply ext racting it into a read-onl y database [46] . 

2.1 .3.3 OLAP VS. Data Mining 

One of the most common questions from data processing profess ionals is about the difference 

between data mining and OLAP (On-Line Analyti cal Processing). As di scussed in the follo wi ng 

manner, they are very different tools that can complement each other. 

According to Two Crows Corporation [46], OLAP is part of the spectrum of decision support 

tools. Traditional query and report tools describe what is in a database. OLAP goes further and can 

be used to answer why certain things are true. The user fo rms a hypothes is about a relationship and 

verifies it with a series of queries against the data. In other words, the OLAP analys t generates a 

series of hypothetical patterns and relationships and uses queries agai nst the database to verify 

them or di sprove them. OLAP ana lys is is essenti all y a deductive process. In OLAP, when the 

number of va riables being analyzed is in the dozens or even hundreds, it becomes much more 

difficult and time-consuming to fi nd a good hypothesis. 

Data mining is different from OLAP because rather than verify hypotheti cal patterns, it uses the 

data itself to uncover such patterns. It is essentially an inductive process than OLAP which is a 

deductive process . However, OLAP is complementary in the early stages of the knowledge 

di scovery process because it can help you exp lore your data, for instance by focusing attention on 

important variab les. 

2.1.3.4 Data Mining, Machine Learning and Statistics 

Data mining is a mu ltidisc iplinary fie ld. It draws works form different disciplines. According to 

Han and Kamber [231. it encompasses concepts from database technology, artificial intelligence, 

39 

I 
I 
I 

I 
J 

i 



machine l earning~ neural networks, statistics, pattern recognition, knowledge-based systems, 

knowledge acquisition, information retrieval, high-performance computing, and data visuali zation. 

According to Two Crows Corporation [46], data mining takes advantage of advances in the field s 

of artificia l intelligence (AI) and statistics. Both disciplines have been workin g on problems of 

pattern recognition and classification. Both communities have made great contributions to the 

understanding and application of neural nets and decision trees. 

Data mll1l11g does not replace traditional statistica l techniques. Rather, it is an extension of 

statistical methods that is in part the result of a major change in the statistics community. 

Accordingly, data mining is the application of AI and statistical techniques to common business 

problems in a fashion that makes these techniques available to the skill ed knowledge worker as 

well as the trained stati stics professional. Data mining is a tool for increasing the producti vity of 

people trying to build predictive models. 

2.1.4 Data Mining Tasks 

Data mining functionalities are used to specify the kind of patterns to be found in data mining 

tasks. In general data mining tasks ca n be classified into two categories: prediction and description. 

Prediction involves using some variables or fields in the database to predict unknown or future 

values of other variabl es of interest, and description focuses on finding human -interpretable 

patterns describing the data. Although the boundaries between prediction and description are not 

sharp (some of the predictive models can be descriptive, to the degree that they are understandable, 

and vice versa). The re lati ve importance of prediction and description for particular data-mining 

applications can vary considerably. The goals of prediction and description can be achieved using a 

variety of particular data-mining methods [20] 
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Literatures describe the data mining tasks/methods/functionalities in a slightl y different ways. For 

example, Fayyad, Piatetsky-Shapiro and Smyth [20] have put it as classification, regress ion, 

probabilit y de nsity estimat ion, summ ari zation, dependency modeling, and change and deviatio n 

and detect ion modeling. On the ot her hand , Han and Kamber [23] described the data min ing tasks 

as concept/Class description: characteri zation and description, associati on analysis, class ification 

and pred iction, cl uster anal ysis, outlier analysis, outlier analysis, and evaluation analysis. Berry 

and Linoff [3] summarize the mining tasks as classification , estimat ion, prediction , affini ty 

grouping, clustering, and description and profil ing. The data mining tasks as stated by [1 31 are data 

description and summari zation, segmentation, co ncept descriptions, classification, prediction, and 

dependency analysis. 

Despite the different views and summarizations of the data mining tasks as depicted in thc 

aforementioned discussions, the researcher prefers to describe it from CRISP perspect ive. This is 

due the fact that it is the industry standard process of the data mining project or research. The 

fo ll owing are the tasks of data mining [13]. 

2.1.4.1 Data description and summarization 

Data descripti on and summ ari zation aim at the conc ise description of characteri stics of the data, 

typically in elementary and aggregated form. Thi s g ives the user an overv iew of the st ructure of the 

data. Sometimes, data description and su mm ari zati on alone can be an objective of a data mining 

project. Thi s kind of problem would be at the lower end of the scale of data mining problems. 

However, in almost all data mining projects data description and summarization is a sub goal in the 

process, typicall y in earl y stages. It is advisable to carry out data description and summarization 

before any other data mining problem type is addressed. To this end, it can help to understand the 
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nature of the dat a and to find potential hypotheses for hidden information. Data descripti on and 

summari zation typ icall y occurs in combination with ot her data mining problem types. 

Summarization also plays an important role in the presentation of final results. The outcomes of the 

other data mining problem types may also be considered summarizations of data, but on a hi gher 

conceptual level. 

2.1.4.2 Segmentation 

The segmentation data mining task aims at the separation of the data into interesting and 

meaningful subgroups or classes. All members of a subgroup share comm on characteris tics. For 

in stance, in shopping basket analysis one could defin e segments o f baskets depending on the items 

they contai n. 

Segmentation can be performed manuall y or (semi -) automaticall y. The analyst can hypothes ize 

certain subgroups as relevant for the business question based on prior knowledge or based on the 

outcome of clata descripti on and summarization . Ilowever, there are also automatic ciuslering 

techniques th at can detect previously unsuspected and hidden structures in data that all ow 

segmentation . 

2.1.4.3 Concept descriptions 

Concept description aim s at an understandable description of concepts or classes. The purpose is 

not to develop complete models with high prediction accuracy, but to gai n insights. For instance, a 

company may be interested to learn more about their loyal and di sloyal customers. From a concept 

description of these concepts (loyal and dis loyal customers) the company mi ght infer what could 

be done to keep customers loyal or to transform di sloyal customers to loyal customers. 
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Concept desc ription has a close connection to both seg mentation and class ification . Segmentation 

may lead to an enumeration of objects belonging to a concept or class without any understa ndable 

description. Typicall y, there is segmentation before concept descripti on is performed. 

2,1.4.4 Classification 

Classificati on assumes that there is a set of objects - characterized by some attributes or features -

which belong to different classes. The class label is a di screte (symbolic) value and is known for 

each object. The objective is to build classification models (sometimes ca lled classifiers), which 

ass ign the correct class label to previously unseen and unlabeled objects. Class ification models are 

mostl y used for predicti ve modeling. 

The class label s can be given in advance, for instance defined by the user or derived from 

segmentati on. Class ification is one of the most important data mining prob lem types that occ ur in a 

wide range of various app lications. Classificat ion has connections to al most all other tasks of data 

mining. For example, in the course of building a good classification model, segmentation can 

either prov ide the class labe ls or restri ct the dataset. 

2.1.4,5 Prediction 

Pred iction is very simil ar 10 classifi cation. The on ly diffe rence is that in predicti on the target 

att ribute (c lass) is not a qualitati ve di screte att ribu te but a continuous one. The aim of pred iction is 

to find the num eri cal value of the target attribute for unseen objects. In th e li terature, thi s problem 

type is somet imes called regression. If predicti on deals with time seri es data then it is often called 

forecasti ng. Prediction is usuall y used to predict some missing values rather than class labels [23]. 
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2.1.4.6 Dependency analysis 

Dependency analysis co nsists of finding a model that describes significant dependencies (or 

associati ons) between data items or events. Dependencies can be used to predict the value of a data 

item given information on o ther data items. Although dependencies can be used for predicti ve 

modelin g, they are mostly used for understand ing. Dependencies can be strict or probabilisti c. 

Associations are a spec ial case of dependencies. Assoc iations describe affinities of data items (i.e., 

data items or events whi ch frequentl y occur toget her). A typical appli cat ion scenari o for 

associa ti ons is the analysis of shopping baskets. 

Dependency analysis has close connections to prediction and classification , where dependencies 

are impli citl y used for the formu lation of predictive models. There is also a connection to concept 

descripti ons, which often hi ghli ght dependencies. 

In appli ca ti ons, dependency analysis often co-occurs with segmentation. In large clatasets, 

dependencies are seldom significant because many influences overlay each other. In such cases it is 

adv isable to perform a dependency analysis on more homogeneous segments of the data. 

2.1.5 Application Areas of Data Mining 

The poten ti al areas of application of data mining techniques are practicall y wit hout limit. It is 

integrated and is appli cab le in different sectors. The key areas fo r the appli cation of data mining 

include bank ing and financial services, retail and packaging, direct marketing, quality and warrant y 

management, insurance, etc. [3] [1 2J [231. 
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2.1.5.1 Application of Data Mining in Telecommunications 

The telecommunications industry generates and stores a tremendous amount of data. These data 

include ca ll detail data, which describes the call s that traverse the telecommunicati on network s, 

network data, which descri bes the state of the hard ware and so ftware components in the network, 

and customer data, whi ch describes the telecommuni cation customers. The amount of data is so 

great that manual analys is of the data is difficult, if not impossible . To this end , the advent of data 

m1l11ng technology promised solutions to these problems and for thi s reason the 

te lecommunicati ons industry was an earl y adopter of data mining technology [471. 

It is criti ca l for teleco mm un ications operators to have a so lid understanding of their market, 

customers, and networks. Traditional expert sys te ms have drawbacks to ful fi ll thi s requiremen t in 

that they often depend on ex perts with obvious natural limitations. Data minin g could dynami cally 

determine various rules directl y from the data in databases . It has been widely appli ed in 

te lecommunicati on indu stry in recent years l4 1]. 

Accordi ng to Weiss [47], one of application of data mining in telecom inc ludes fraud data mini ng. 

Thi s can be used to identify telecommunicati on fraud, improve marketin g effecti veness, and 

identify network faults. 

Related Literature Review 

Different research works in the area of customer segmentation, which is the major task of CRM , 

have been done. T hey have tri ed to in vesti gate the appli cability of data mining in the different 

areas o f te lecommuni cations. Fekadu [2 1] has conducted hi s research on Customer Relati onship 

Management in case of the post-paid service of ETC. He has used the K-Means and dec ision tree 

algorithms for customer segmentati on and c lass ificati on. lember [271 has undert aken hi s research 
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on mobile fra ud detection , and Tamene [42] conducted a descriptive data mining research on 

telepho ne fa ult. 

However, the present study investigates the appli cability of data mining techniques, particularly 

clustering and class ification techniq ues, to the behavioral customer segmentat ion . It is differenl 

from the existing body of knowledge, researc h wo rks, in the following points: 

• T he research is conducted on CDMA data, which has not been done so far 

• The methods employed; the data sources and collection methods are different 

• The objectives of the research; one of the objective of this research is to compare, contrast 

and recommend the best classifi cation algorithm for behavioral customer segmentation 

• The tool s employed to build the clustering and class ifi cation model s 

• The attributes deri ved to describe the calling behavior of customers and the li ke. 

Telecommunication companies maintain a great deal of data about their customers. In add ition to 

the general customer data that most businesses coll ect, telecommuni cation companies also store 

call detail records, whi ch prec isely describe the calling behavior of each customer. It is often useful 

to profile customers based on their patterns of phone usage, wh ich can be extracted from their call 

detail data. These customer profiles can then be used for marketing purposes , or to better 

understand the customer, which in turn may lead to better forecas tin g models. In order to 

effective ly mine the call detail data, it must be summari zed to the customer level. Then, a classifier 

induction program can be applied to a set of labeled training examples in order to build a classifier 

[47]. 
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2.2 CRM AND SEGMENTATION CONCEPTS 

2.2.1 Customer Relationship Management 

2.2.1.1 Overview 

C ustomers are the hearl of any successfu l businesses, particu larl y large-scale and multinati onal 

ones. To th is end, man y forwa rd-look in g compani es are creatin g a long- lasting relationship with 

them. Many compan ies recentl y are adopting customer centric strategies programs, tools and 

tec hnol ogy for effici ent and effecti ve CRM. Building a business around a customer relati onsh ip is 

a revolut ionary change for most compani es. In every industry, forward-looking companies are 

moving toward the goal of understanding each customer individually and using that understanding 

to make it easier for the customer to do business with them rather than with competitors (3] 

CRM has become number one focus in today' s compet itive market. More than ever, the abi lity to 

understand and manage close relationship wi lh customers has become a prerequ isite to achi eve 

business goals. Past and present trends imply the relevance of customer informat ion and 

know ledge to bu ild stro ng relat ionship wi th their customers over long period of rime throu gh 

providing customers satisfaction, as the same time, earn business val ue (29]. 

CRM helps companies improve the profitabil ity of their interacti ons with customers while at the 

same time making the interactions appear friend lier through individuali zation. To succeed with 

CRM, co mpanies need to match products and campa igns to prospects and customers in order to 

inte lli gen tl y manage the customer life cycle ( 15].The key factors of successful CRM are interaction 

with and identi fica tion of the customer [8]. 

CRM is the broad catego ry of concepts, too ls, and processes that all ows an organi zation to 

underst and and serve everyone with whom it comes into co ntact. CRM is about ga thering 
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information that is used to serve customers- basic information, such as name, address, meeting 

and purchase hi story, and service and support contacts. In a suppli er relationship it might be 

procurement hi story, terms and conditions, or contac t info rmation. Thi s information is then used to 

better serve the c lients r I] . 

CRM is a multifaceted process, mediated by a set o f information technologies that focuses on 

creatin g two-way exchanges with customers so that firms have an intimate knowledge of their 

needs, wan ts, and buying patterns [51] . 

Kalakota & Robinson (ci ted in Chen Ruey-S hun , Wu and. Chen J. Y [10]) defines CRM as the 

strategy integrating sales, marketing and scrvice, which unites operating procedures and 

tcchnology to better understand customers from different perspecti ves. Kandell (cited in Che n 

Ruey-Shun, Wu and. C hen J . Y [10]) views CRM as a customer centric initi ative that regards 

customer lifecycle as an important business asset and aims to re tain customers and enhance 

customer satisfaction . According to Caldwell (cited in Chen Ruey-Shun , Wu and. Chen J . Y [10]), 

CRM is not a new concept. Many businesses have practiced it for a long time, for instance, by 

memori zing customer's background and spending habits and introduc in g promotions targeting 

certain customers based o n the information obtained. 

Mckinsey & Company [3 1J sees CRM as the target application of customers' data to critical 

business problems. It in turn provides 10 to 20 percent performance improvements to man y 

bus inesses in less than a year. 

Srivastava [40] exp lains CRM emerged in the last decade to reflect the central role of the customer 

for the strategic positioning of a compan y. CRM takes a holi stic view over customers. It 

encompasses a ll measures for undcrstanding the customers and for exploiting thi s knowledge to 
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des ign and implement marketing acti vities, align production and coordinate the supply-chai n. 

CRM puts emphas is on the coordination o f such meas ures, also impl ying the integration of 

customer-related data, meta-data and knowledge and the centralized pl anning and evaluati on of 

meas ures to increase customer lifetime value. CRM gains in importance for compani es that serve 

mul tipl e groups of custo mers and ex ploit different interacti on channels for them. This is due to the 

fac t that information about the customers, whi ch can be acquired fo r each group and across any 

channel, should be integrated with ex isting knowledge and exploited in a coordinated fa shi on. 

CRM is a broadl y used term , and covers a wide variety of functi ons, not all of which require data 

mining. These functions include markeTing aUTomarion (e .g., campaign management, cross- and 

up-sell , customer segmentation, customer retention), sales force automarion (e.g ., contact 

manageme nt, lead generati on, sales analytics, generation of quotes, product confi guration), and 

contact cenTer managemenT (e.g., ca ll management, integrat ion of multipl e contact chan ne ls, 

problem escalati on and resolution , metrics and monitoring, logging interactions and auditing), 

among othe rs [40]. 

Edelstein [1 51 states that CRM is about managing all customers ' interactions. However, effecti ve 

interac ti ons require in fo rmati on about customers and prospects in all stages of the customers' li fe 

cyc le. 

,/ Acquiring customers 

,/ Increas ing the value of customers 

,/ Reta in ing good customcrs 

The purpose of CRM is to improve marketing productivity, whi ch is measured in term s of 

efficiency, effec ti veness and econo my. This can be achi eved through creatin g cooperati ve and 

co ll aborati ve process that help reduce transaction costs, increase revenue, and finall y create value 

to busi ness duri ng the li fetime of a customer. It is an integrated effort to identify, maintain and 

49 



build up a network for the mutual benefit of both sides through interacti ve, individuali zed and 

value added contacts over a long period of time. In such cases, CRM is regarded as a 

dominant/core paradigm of marketing. It is regarded as a shift of marketing ro le from manipul ating 

the customer to genuine in volvement with customer through appropriate communication and 

sharing of knowledge [34J. 

CRM is regarded as business strategy aimed at gaining a long-term competitive advantage of 

optionally deli vering customer value and extract ing business value simultaneously. For the vast 

majority of business, the ability to acquire, reta in and en hance customer relationship is the las t 

place le ft to find as advantage [9]. 

As it has clearl y been described above, CRM is the core of any customer-centric organization. The 

aforementioned different definitions give a solid unders tandi ng, concepts, and issues of CRM. 

More or less, all of the defi niti ons state that CRM is the integration of information and 

com munication technOlogies in every busi ness interaction with customers to understand their 

preferences and contribution to the business thereby tailoring the services and products 

accordin gly. 

2.2.1.2 Reasons for adopting CRM 

According to SPARTAN INFORTEC H [39], CRM helps: 

• De velops better comm unication chan nels 

• Co llects vital data such as customer detail s and order history 

• Creates detailed profiles such as customer preferences 

• Delivers in stant access to customer history 

• idelll ifies new sales opportuni ties 

• Simplifies market ing and sales processes by understa ndin g customer nceds. 
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The principa l benefits of CRM Gray and Byun (cited in SPARTAN IN FORTEC H [39] are to 

• 

• 

Improve the organi zation' s ability to retain and acquire customers 

Max imize the lifetime val ue of each customer (s hare of wallet) 

• improve service without increasing cost of service. CMG (c ited III SPARTAN 

INFORTECH,2008) 

2.2.1.3 Effective CRM 

Effective CRM consists of the fo ll owing three components Gray, Byun (c ited in SPARTAN 

LNFORTECH [39]): 

• Customer: The customer is the on ly source of the company 's present profit and future 

growth. 

• Relationship: The relationship between a company and its customers in volves continuous 

bi -d irec tional communicati on and interacti on. The relationship can be short-term or long­

term, continuous or di screte, and repeatin g or one-time. 

• Management: CRM is not an activity on ly within a marketing department. Rather it 

in volves continu ous corporate change in culture and processes. The customer information 

coll ected is transformed into corporate knowledge that leads to acti vities th at take 

advantage of the information and of market opportun iti es. 

Th us, an effecti ve CRM puts together these co mponent s, equipped with too ls, to put together a 

long term beneficial stra tegy of growth for the organization. 

2.2.2 Customer Segmentation 

Kelly [28] explains the importance of customer segmentation; increasingly companies reali ze that 

cons umers differ in the ir needs, preferences, sensiti vi ties, opinions and beha viors. The transition 

from mass market ing to target marketing that is currently in progress creates demands for more 
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sophisti cated customer segmentat ion techniques. The key enab ler of any segmentati on strategy is 

customer data. 

Customer data are the raw material that must be captured, integrated and effectively analyzed in 

order to achi eve the goa l of profili ng customers. Effecti ve segmentation requires both static 

customer profi le data (e .g. demographic, lifestyle, preferences) and customer behavior data (e.g. 

usage, loyalty, pro fitability). Once these data are in tegrated they can be interrogated to discover 

groups of customers sharing the same characteri stics and needs. 

The foc us of many industries has changed towards a more clearl y customer-orientation. While 

competition is increasing, there is a need to better understand customers, and to quickl y respond to 

their individual needs and wants. Thus, the objecti ve is to increase the share of wa llet for each 

individ ual customer and save costs by focusing on more targeted promoti ons [36] . 

All customers are not equall y important to a business. Some of thelll Illay be big spenders, others 

average/med ium spenders, and the rest low income generators to the organi zations. Accordingly, 

segmentati on enables to iden ti fy different group of customers. 

Segmentation and customer profi ling are two of the most well -known applicati on of CRM [6]. 

They fu rther defined segmentation as a term used to describe the process of di viding customers 

into homogeneous groups on the basis of shared or common attributes (habit , test etc.). However, 

customer profiling is descri bing customers by their attributes, such as age, income. and life style . 

This is done by bu il ding a customer' s behavior model and estim atin g its parameters. Customer 

profili ng is a way of applying ex terna l data to a population of poss ible customers. Depend ing on 

the data avail able, they can be used to prospect new customers or to "drop o ut" ex isting bad 

customers. The goal is to pred ict behav iors based on th e inform ation we have in eac h customer 

52 



Them·ling (c ited In Bounsaythip and Rinta-Runsala [6]). Profiling is performed after customer 

segmentati on. 

Market segmentation is the process of partitioning the heterogeneous market into separate and 

di st inct homogeneous segments. A segment consists of a group of consumers who react in a simil ar 

way to a given set of marketing sti muli [28]. 

According to Bounsaythip and Rinta-Runsala [6], customer segmentation is a way to have more 

targeted co mmunication with the customers. The process of segmentation describes the 

characteristi cs of the customer groups (called segments or clusters) within the data. Segmenting 

means putting the population in to segments according to their affinity or similar characteristics. 

Customer segmentation is the preparation step for classifying each customer accordin g to the 

cluster groups that have been de fined. 

Segmcntation is a way to have more targeted communication with the customers. The process of 

segmentat ion describes the characteri stics of the customer groups (called segments or clusters) 

within the data . Segmenting means putting the population into segment s accordin g to their affinity 

or simil ar c haracteri stics. Customer segmentation is a preparation step for classifying each 

customer accordin g to the customer groups that have been defined . Segmentation is essential to 

cope with today's dynamicall y fragmenting consumer marketplace. By using segmentation, 

marketers are more e ffective in channeling resources ancl di scovering opportunities . 

The construction of user segmentations is not an easy task. Difficulties in making good 

segmentation are the following Verhoef et al. (c ited in Jansen [26]): 
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Relevance and quality of data are essential to develop meaningful segments. If the company has 

insufficient customer data, the meaning of customer segmentation is unreliable and almost 

worthl ess . Alternatively, too much data can lead to complex and time-consuming analysis. Poorly 

organi ze dala (d ifferent formats , different sou rce systems) makes it also diffi cult to extract 

interesting information . Furthe rmore, the resu lting segmentation can be too complicated for the 

organi zation to implement effec ti vely. In particul ar, the use of too many segmentation variables 

can be confusing and result in segments which are unfit for management dec ision making. On the 

other hand , apparentl y effective variab les may not be identifiable. Many of these problems are due 

to an inadequate customer database. 

Intuition : Although data can be high ly in fo rmative, data analysts need to be continuously 

deve loping segmentati on hypotheses in order to identify the ' ri ght ' data for analysis. 

Continuous process: Segmentation demands continuous development and updating as new 

customer data is acqu ired. In addition , etlective segmentation strategies will influence the behav ior 

of the customers affected by them; thereby necess itat ing revision and reclassification of customers. 

Moreover, in an e-commerce environment where feedback is almost immediate, segmentation 

wou ld require almost a daily upd ate. 

Over-segmentation: A segment can become too small and/or insuffi cientl y di stinct to justify 

treatment as separate seg ments. One so lution to construct segments can be provided by data mining 

methods th at belong to th e category of clustering algorithms. 

2.2.2.1 Bases of Segmentation 

Man y segmentation approaches have been devised and each of these has merits and demerits. 

Experience suggests that most enterpri ses use a combination of approaches 10 deli ver maximum 
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benefit. The ability to deliver sophisticated segmentation techniques to the business en hances the 

ability of the enterprise to deliver more tailored marketing programs, to identi fy segments th at are 

more important to the business, to identify segments that have been neglected and to become more 

attenti ve to previously unrecogni zed consumer needs [28J. 

According to Kelly [28] customer segmentation can be achieved two ways-a priori approach and 

cluster segmentation. A pri ori approach to seg mentation defines, in advance, a framework or 

system that describes characteristics of customers or prospects based on in formation that is known 

about those indi vidual s. Some co mmon a priori approaches to looking at segments include loyalty, 

profitability, sensiti vity, usage, demographics, psyc hographi cs and att itude. 

In addition to the a priori approach , data-mining techniques make possible a different approach to 

segmentation- namely, cl uster segmentation. The cluster segmentation approach, in direct 

contrast to the a priori method, seeks to discover naturally occurring clusters of customers who 

share common characteri st ics or behave in the same way. Regardless of the segmentation 

techniquc used, the starting point is the collection of the data that provide the vari ables to construct 

the segments. 

Berry and Linoff [3] state that the purpose of segmentation is to tai lor products, serv ices, and 

marketing message to each segment. Customer segments have traditi onally been based on market 

research and demographics. The problem with thi s segments based on market research is that it is 

hard to know how to apply them to all of the customers who were not part of the survey. The 

problem with the customer segments based on demographics is that not all of the customers 

actuall y have the test and product affinities ascribed to their segment. Consequently, undirected 

(c lusterin g) data mining tec hnique can be used for behaviora l segmentation, which is the divi sion 
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of a market in to groups based on consumer knowledge, attitude, use of or response to a product. 

Behavioral data fo r thi s segmentation is summari zed from transactions and billing hi stories . 

2.2.3 Customer Segmentation at ETC 

Customer segmentation is at the heart of CRM applications. Therefore, ETC has class ified 

customers into big business, ETC employee, ETC service, government, internati onal organization, 

payphone, rese ll er, publi c organi zations, small business, and residential. Bes ides, the CCSD has 

tri ed to class ify customers into corporate and non-corporate customers. CCSD considers the 

following li st of customers as corporate customers th at are to be provided with special support 

[ 18]. 

I. Pri vate enterpri ses 

2. Public enterpri ses 

3. Financ ial Institu tions 

4. Major Governmental Offi ces, 

• Mini stries, Commissions, authori ties, agencies, Federal Offi ces and their branches, 

Government Uni versities and hospitals, 

• Regional government offices 

• Benefi c iaries of schoo l net, agri net, woreda net, etc. via broadband 

5. A ll embassies, intern ati onal organi zations (UN, EU, AU, etc.), intern ation al and loca l non· 

governmenta l organi zati ons (NGOs), religious institutions and assoc iati ons. 

T hese co rporate customers are ex pected to fulfill at least one of the requirements li sted below in 

order to be benefi ciaries of the spec ial support rendered by the corporation. 

1. T hose th at use broadband data and Internet services of 128KB per second and above 

2. A ll embass ies, international organi zations (UN, AU, EU, etc.) and Intern ati onal NGOs 
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3. Those organ izations that have more than two braches under their head office 

4 . Those customers that rank with in the fi rst fifty in their monthly average payment in all 

services in the respec ti ve zonal or regional offices of the corporati on. 

Leaving this as it is, as a result of the nature of their work, exporters (coffee, flo wer, leather and 

hides, etc.), investors, embassies, and international organi zati ons such as UN, EU, AU and 

International NGOs are corporate customers of the corporation. 

The foregoing discussion has elucidated that there is the concept of customer segmentation in the 

corporat ion side although it is not based on the service usage pattern s of customers. Besides, thi s 

kind of segmenta ti on does not provide a basis to understand customers and manage relat ionships 

with them for the purpose of creatin g va lue to the business. It is the behavioral segmentation th at 

provi des useful in fo rmation on usage patterns of customers to design and implement sound 

marketing strategies and programs. 

2.3. DATA MINING IN CRM AND CUSTOMER SEGMENTATION 

Edelstein r 15] e lucidates the difference between operat ional and analytical CRM in that the 

operati onal CRM was limited to capturing, storing, and retriev ing custo mers profile withou t telling 

what hidden information it entail s. However, data mining has enabled a business to turn its 

customers-base into a useful knowledge through discovering non-tri vial and interesting patterns. 

Similarly, Berry and Linoff [3] note that, data mining is an intelligent approach that comb through 

the enterprise customers data warehouse, whi ch all ows an enterpri se to remember what it has 

noticed about its customers. 

Data mining is being app li ed to he lp manage all phases of a customer Iifecyc le, including acq uirin g 

new customers, increas ing revenue from ex ist ing customers, and retaining good customers [45]. 
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Hence, data mll1ll1g enables to differentiate, create long-las ting relati onships with customers 

through tailoring services and products, incenti ves, promotions, and other spec ial services. 

Data mining is a process that appli es the techniques of artificial intelligence to the task of 

di scovering useful patlerns in data, and is proving particul arl y powerful in the identifi cation of 

customers sharing the same characteri stics. This segmentati on of customers into affinit y clusters 

presents new poss ibili ties for customer segmentation [28]. 

Han and Kamber [23] believe that data mi ning is being adopted in different business sectors to help 

them provide more customized, personal service to their customers in lieu of mass marketing. By 

stud ying the browsing and purchasing patterns, companies can learn more about individual 

customers or customer groups. 

2.4 DATA MINING METHODS FOR CUSTOMER SEGMENTATION 

2.4.1 Overview 

The data mining techniques mostl y used fo r customer segmentation are clustering and 

classi fi cat ion. Saarenvirta [37] elucidate that customer clustering and classifi cation are two of the 

mos t important data mi ning methodologies used in marketing and CRM . Furthermore, Saarenvirta 

beliefs that the business can use the data to divide customers into segments based on such variabl es 

as current customer profitability, a measure of the life time value of a customer, and the retention 

probabilit y, which highli ghts visible marketing opportunity. 

2.4.2 Clustering Techniques 

In thi s resea rch, supervised (deci sion tree and Artificial Neural Network) and unsupervised 

(c lustering) data mining tas ks are ex perimented. The unsupervised clustering task is carri ed out to 

investigate th e behav iora l and optimal segments of customers. Clustering is a widely used 
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technique in data mining appli cations for discovering patterns in underl ying data. According to 

Ke ll y [28) customer segmen tation ca n be achieved into ways-a priori approach and c lu ster 

segmentation . In marketing clusters formed for a business purpose are usuall y ca lled "segments," 

and customer segmentati on is the popular application of cl ustering [3). Segmentation and customer 

profiling are two of the most well -known app li cation of CRM (Bounsaythip and Rinta-Runsala [6]. 

C lustering is an attempt to identify natural cl usters of records that share similar characteri sti cs. In 

earl y days market segmentat ions were done not based on customers ' product or service usages , but 

nowaday clusteri ng technique of data mining is at the heart of identifying the natural customer 

segmentation. 

Han and Kamber (23) define the clustering as the process of grouping a set of physical or abstract 

objects into classes of simi lar objects. A cluster is a collection of data objects that are similar to one 

another withi n the same cluster and diss imilar to the objects in another cluster. 

Cl ustering technique considers data tuples as objects. They partition the objects ill to groups or 

cl uster, so that objects wi thin a cluster are "similar" to one another and "dissimil ar" to objects in 

other clusters. Simil arity is commonly defined in terms of how "close" the objects are in space, 

based on di stance function. The quality of the cluster may be represented by its diameter, the 

maximum di stance between any two objects in the cluster. Centroid distance is an alternative 

meas ure of cluster quality and is defined as the average di stance of each cluster object from cluster 

centriod [23]. 

There are many different algorithms to do the clustering task of data mining. Han and Kamber 1'23) 

categorize them into part it ioni ng, hierarchal, Density-based, Grid-based, and mode l-based 

methods. Despite the avail ability o f these different methods , the most widely used one is K-means 

algorithm, whi ch is the part ition ing me thod (6) (23) [28 '1. Different researchers have successfull y 
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been usi ng the K-means algori thm to customers' segmentation [14] [2 1] [251 [36]. The present 

st udy also uses the K-means algorithm to undertake the clusterin g task. 

Why K-means? 

I . The K-Means algorithm is th e best know n and eas iest algori thm . Customer segmentation is 

best achi eved using clustering algorithms- the best-known and most commonly utili sed is 

the k-nearest nei ghbour techni que. Thi s approach is also known as k-Means, case-based 

learni ng or automatic cluster detecti on [28] [6] . 

2. The K-Means algorithm is relatively scalab le and effi cient 111 processing large data sets 

because the computationa l complex ity of the algori thm is O(nkt), where n IS the total 

number of objects, k is the number of clusters, and t is the number of iterations. Normally, 

k« n and t« n [23]. 

3. Han and Kamber [23] further explai ns that the K-means algorithm is applicable if it IS 

possibl e to determine the mean of the cluster. Us uall y it works well if the dataset IS 

numeric . Hence in thi s research almost all attributes are numeric except category, which 

was normali zed into binary form, the K-means was fo und the natural choice of the 

c lustering task carri ed ouI. 

4. T he researcher had al so tried to study the other clustering algorithms, particu larl y the EM 

(Expectati on Maximization). As Han and Kamber [23] clearly explained, EM extends from 

the K-means paradigm. It is recommended when there are large amount of mi ss ing data. 

5. Finally, K-means algorithm is implemented in the WEKA data mining tool , which has been 

applied in this research. Besides, the researcher fo und it easy to interpret the clustering 

resu lts obtained from the K-means algorithm. 
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2.4.2.1 The K·Means Method 

The K-means algorithm divides a data set into a predefined number of 'K' clusters . ' K' in the K­

means refers to the number of segments to partition the dataset, while 'means ' refers to the average 

location of all of members (which are records from a database) of a particular cluster. The K-means 

algorithm "self-organizes" to create clusters. 

The K-means algorithm basically has three steps to do the clustering task [3]. The first step, the 

algorithm random ly selects K data points to be the seeds. Each of the seeds is an embryonic cluster 

with only one element. The second step assigns each record to the closest seed . One way to do thi s 

is by findin g the boundaries between two clusters. The boundaries between two clusters are the 

points that are equall y close to each cluster. Finally, the third step is to calcu late the centroid of the 

clusters; these now do a better job of characteri zing the clusters than the initial seeds finding the 

centroid is simpl y a matter of taking the average value of each dimension for all the records in the 

c luster. The centroids become the seeds for the next iteration of the algorithm (K-means). 

Step 2 is repeated , and each point is ass igned to the cluster with the closest centroid. The process of 

assigning points to a cluster and then recalculating centroids continues until the cluster boundaries 

stop changing. [n practice, the K-means algorithm usually finds a set of stable clusters after a few 

iterations. 

In order to form cl usters, each record from a database is mapped as a point in ' record space. ' The 

number of dimensions contained in the space corresponds to the number of fields in the records. 

The value of each field can be geometrically interpreted as a distance from the origin along the 

corresponding axis of the space. In addition, to ensure the usefulness of this interpretation , the 

fields must all be converted into numbers and the numbers must be normali zed so that a change in 

one dimension is comparable to a change in another. 
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According to Bounsaythip and Rinta-Runsala [6] , K-means is based on a concept of di stance, 

whi ch req uires a metric to determine di stances. Euclidean di stance can be used for continuous 

attr ibutes, while for categorical variables; one has to find a suitabl e way to calculate the di stance 

between attributes in the data ; in which case a business ex pert is needed to help determine a good 

metric. 

The ori ginal choice of a value for K determines the number of clusters that is to be found. In 

addition , if thi s number does not match the natural stru cture of the dat a, the techn ique will not 

obtain good results. Unless the dat a miner suspec ts the ex istence of a certain number of clusters, 

the ex perimenter will have to ex periment with different values for K. 

Berry and Linof!, [3] el ucidate that , in general, the best set of clusters is the one that does the best 

job of keeping the di stance between members of the same cluster small and the di stance between 

members of adjacent clusters large. They further state that the best set of clusters in the descriptive 

data mining may be the one showing unexpected pattern in the data. 

2.4.3 Decision Trees 

Once the clusters have been created using clustering algorithms, they need to be interpreted. 

Though th ere are several approaches to perform thi s, one of th e approaches widely used for 

understanding clusters is building a decision tree with the cluster label as the target variab le and 

usin g it to drive rules explaining how to ass ign new records to the correct cluster [3]. 

Accordin g to Two Crows Corporation [45], decision trees are a way of representing a series of 

rul es that lead to a class or value. There are two types of deci sion trees , namel y classification and 

regress ion trees. Class ificati on trces label records and assign them to the appropriate class . 

Classification trees can also provide the confidence th at the classifi cation is correct. In such cases 
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the classification tree reports the class probability, whi ch is the confidence th at a record belongs to 

a given class. Regression trees estimate the value of a target variable th at takes on numeri c values. 

T rees can grow in any forms. They could be binary trees of non-uniform depth , that is, each node 

has two children and the di stance of a leaf to the root varies. In Figure 2.2., each node represents a 

'yes' or ' no' qu est ion, the answer to which determines through which of the two paths a record 

proceeds to the next level of the tree . 

Accordin g to Bounsaythip and Rinta-Runsala [6] decision tree learning, is a method for 

approximating di screte-valued target functi ons, in which the learned function is represented by a 

deci sion tree. Dec ision trees perform many tests and then try to arri ve at the best sequence for 

predi cting the target. Eac h test creates branch lhat leads to more tests, unt il testing term inates in a 

lea f node (Figure 2.2). The path from the root to the target leaf is the rul e th at classifies the target. 

The rul es are ex pressed in if- then form. 

According to Han and Kamber l23] a dec ision tree is a now-chart-li ke tree structure, where each 

interna l node denotes a test on an attribute, each branch represents an outcome of the test, the leaf 

nodes represent class or class di stributions (see Figure 2.2). In order to classify an unknown 

sample, the attribute values of the sample are tested against the dec ision tree. A path is traced from 

th e root to a leaf node th at holds the class predicti on fo r that samp le. Dec ision trees can easi ly be 

converted to classification rules. 
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Figure 2. 2: A Scenario that shows how decis ion tree is constructed 

2.4.3.1 Tree Induction 

o 

The training process that creates the dec ision tree is called inducti on and requires a small number 

of passes through the trainin g set. Most decision tree algorithms go through two phases: a tree 

growing (splitting) phase fo ll owed by a pruning phase [6] . 

Splitting: The tree growing phase is an iterative process which involves spli tt ing the data into 

progress ively smaller subsets. The first iterati on considers the root node that contains all the data. 

Subsequent iterati ons work on deri vati ve nodes th at will contain subset of the data. at each split. 94 . 

e variables are analyzed and the best split is chosen. One important characteri stics of splitting is 

th at it is greedy, whi ch means that the algori thm does not look forward in the tree to see if another 

dec ision would produce a better overall result. 

Stopping Criteria: Tree-building algorithms usuall y have several stopping rules. These rul es are 

usuall y based on several factors including max imum tree depth , minimum number of elements in a 

node cons idered for splitting, or its near equi valent, the minimum number of e lements that must be 
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in a new node. In most implementati ons the user can alter the parameters associated with these 

rul es. Somc algorithm s, in ract. begin by building tree to th eir maximum dept h. While such a tree 

can precise ly predi ct a ll the instances in the training set (except conflictin g records), the problem 

with such a tree is that, more than likely, it overfits the data. 

Pruning: After a tree is grown, one can explore the model to find out nodes or subtrees that are 

undesirab le because of overfilling, or rules that are judged inappropri ate. Pruning removes splits 

and the subtrees created by them. Pruning is a common technique used to make a tree more 

general. Al gorithms that build trees to max imum depth wi ll automaticall y invoke pruning. 

However, users have also the abili ty to prune the tree intcractively. 

2.4.3.2 Different Decision algorithms 

Decision tree algorithms commonl y implemented include Chi-sq uared Automati c Interaction 

Detcction (CHAlD) , Class ification and Regress ion Trees (CA RT), C4.5 and C5 .0. All are well 

suited fo r classification ; some are also adaptable for regression . The di stin gui shing features 

between tree algorithms include [6): 

Target variables: Most tree algorithms require th e target (dependent) variable be categorical. Such 

algorithms require that continuous vari abl es are binncd (grouped ) for use with regress ion. 

Splits: Many al gorithm s support onl y the binary splits , that is, each parent node can split into at 

most two child nodes. Others generate more th an two splits and produce a branch for each va lue of 

categorica l vari ab les. 

Split Measures: he lp select whi ch vari ables to use to split at a particul ar node. Common split 

measures include criteri a based on ga in , ga in ratio, GIN I, chi-squared and entropy. 
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Rule genera tion : algorithms such as C4.S and CS .O include methods to generali ze rules associated 

with a tree; this removes redundancies. Other algorithms simpl y accumul ate all the tests between 

th e root node and the lea f node to produce the rules. 

Why Decision Tree? 

The decis ion class ificat ion algorithm was selected due to the fo ll owing reasons: 

• Decision trees are easy to understand 

Dec ision trees are easil y converted to a set of production rules 

Decision trees can class ify both categorical and numeri cal data, but the output attribute 

must be categori cal 

There are no a pri ori assu mptions about the nature of the data. 

As stated in the li terature review under section 2.4.3.2, different decision tree algorithms were 

di scussed and C4. S. is among one of the algorithms th at includes methods to generalize rul es 

assoc iated with a tree; thi s removes redundanc ies. J48 algorithm is the weka 's implementati on o f 

the C4.S (Witten and Frank, 2000). In fact, J48 implements a later and sli ghtl y improved version of 

which is known as C4 .S Rev ision 8, whi ch was the last publi c version of thi s famil y version of 

algorithms before CS .O (new version of C4.S); a commercial implementati on was released [48]. 

The process of the J48 algorithm to build a decision tree: 

I . Choose an attribute that best di fferenti ates the output attribute values. 

2. Create a separate tree branch fo r each va lue of the chosen attribute. 

3. Di vide the instances into subgroups so as to refl ect the attribute values of the chosen node. 

4. For each subgroup , terminate the attribute selection process if: 
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a. All members of a subgroup have the same value for the output attribute, terminate 

the attribute selection process for the CUlTent path and label the branch on the 

cun'ent path with the specified value. 

b. The subgroup contains a sin gle node or no further distinguishing attributes can be 

determined. As in (a), label the branch with the output va lue seen by the majority of 

remaining instances. 

5. For each subgroup created in (3) that has not been labeled as terminal, repeat the above 

process. 

The algorithm is applied to the training data. The created decision tree is tested on a test data set, if 

available. If test data is not avai lab le, 148 performs a cross-vali dation using the training data itself. 

2.4.4 Artificial Neural Networks (ANNs) 

ANN has been initiall y designed to let machines think and reason out as human beings do [6]. It 

mimi cs the natural human being's neuron system. According to Edelstein [15], neural networks 

offer a means of mode ling large and complex problems in whi ch there may be hundreds of 

pred ictor variab les that have many interaction s. Neural nets are used in class ificat ion problems. 

ANNs have also successfull y been used in many classification and prediction tasks of data minin g 

such as fraudulent call prediction, customer profiling, financial predictions, etc. [3) . 

Neural netwo rks are best di stinguished from other intelligent techniques in that they are non-rule-

based and can additionall y be made stoc hast ic so that the same action does not necessarily take 

place each time for the same input. A stochastic behaviour allows a neural network to explore it s 

environment more fully and potentially to arri ve at a better soluti on than linear meth ods might 

allow [II]. 
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As depicted in Figure 2.3, a neural net starts with an input layer, where each node conesponds to 

a predictor variable. These input nodes are connected to a number of nodes in a hidden layer. The 

nodes in the hidden layer may be connected to nodes in another hidden layer, or to an output layer. 

The output layer co nsists of one or more response variable. 

After the input layer, each node takes in a set of inputs, multiplies them by a connection weight , 

adds them together, applies a function (called the activation or sq uash ing function) to them, and 

passes the output to the node(s) in the next layer. 

The goal of training is defined as the process of iterating through the training set to adjust the 

weights. Each iterati on is sometimes called generation , the neural net is to estimate the connection 

we ights so that the output of the neural net accurately predicts the tes t value for a given input set of 

va lues. The most common training method is back propagation [3 J [23]. Each training meth od has a 

set of parameters that co ntrol various aspects of training such as avoiding local optima or adjusti ng 

the speed of conversion. 

In neural networks, data of any quality can be used to provide reasonable predictions and they will 

s ift through it to fi nd the truth. However, neura l nets require very carefu l data cleansi ng, selection , 

preparation, and pre·processing. 

In Figure 2,3" a training sample, X = (x I ; x2; ::; xi), is fed to the input layer. Weighted 

connections exist between each layer, where wij denotes the weight from a uni t j in one layer to 

unit i in the prev ious layer. 

Neural network is a set of connected input/output units where eac h connection has a weight 

associated wit h it. During the learning phase, the network learns by adjusting the weights so as to 
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be able to predi ct the correct cl ass label of the input sampl es. Neural network learning is also 

refe rred to as connecti oni st learnin g due to the connections between units. 

.Y J 

.Y i 

input 

layer 

hidden 

layer 

Figure 2. 3: A multilayer feed-forward neural network [23J. 

output 

layer 

Ad va ntages of neural networks, however, include the ir hi gh tolerance to noisy data as well as their 

abili ty to c lass ify pallern s on whi ch they have not been trained. In addition, several al gorithms 

have recentl y been developed for the extraction o f rul es from traineci neural networks. These 

factors contribute toward s the usefulness of neural networks for cl assification in data mining. 

2.4.4.1 A multilayer feed-forward neural network 

One of the common types of neural network is the feed-forward backpropagation network [46]. 

According to Han and Kamber [23], the back propagation a lgorithm performs learni ng on a 

mul til ayer feed-forward neural network . An example of such a network is shown in Figure 2.3 . 

The inputs corres pond to the attribu tes meas ured for each training sampl e. The inputs are fed 

simultaneous ly into a layer of uni ts mak ing up the in put layer. The weighted outputs of these units 

are, in turn, fed simult aneously to a second layer of "neuron-like" uni ts, known as a hidden laye r. 

T he hidden layer's weighted outputs can be input to another hidden layer, and so on . The number 

69 

J 



of hidden layers is arbitrary, although in practice, usuall y on ly one is used. The we ighted outputs 

of the last hidden layer are input to units making up the output layer, which emits the network's 

prediction for given samples. 

The uni ts in the hidden layers and output layer are sometimes referred to as neurodes, due to their 

symbo lic biological basi s, or as output units. The multil ayer neural network shown in Figure 2.3 

has two layers of output units. Therefore, we say that it is a two-layer neural network. Simi larl y. a 

network containing two hidden layers is called a three-layer neural network. and so on. 

Multilayer feed -forward networks of linear threshold functions , given enough hidden units. can 

closely approximate any fun ction [231.The network is feed-forward in that none of the weights 

cycle back 10 an input unit or to an output unit of a previous layer. It is fully connected in that each 

unit provides input to each uni t in the nex t fo rw ard layer [6]. 

The feed forward network has two common types of architectures. Accord ing to Two Crows 

Corporation (2005), these are Multilayer perceptrons (MLPs) and Radial Bases Function (RBF). 

The on ly fundamental difference is the way in which hi dden units combine values co ming from 

preceding layers in the network-MLPs use inner products, while RBFs use Euclidean di stance 

2.4.4.2 Defining a network topology 

The architecture (or topo logy) of the neural network is the number of nodes and hidden layers, and 

how they are connected. In design ing the network either the user or the software must choose the 

number of hidden nodes and hidden laye rs, the activation function, and the limit on the weight 

[46]. Sim il arly, Han and Kamber [23] state that before training can begin , the user must decide on 

the network topology by specifying the number of units in the input layer, the number of hidden 

layers (if more than one), the number of units in each hidden layer, and the number of units in the 

output layer. 
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Normali zing the input va lues for each attribute measured in the training sa mples will help speed up 

the learning phase. Typicall y, input values are normali zed so as to fall between 0.0 and 1.0. 

Di screte-valued attributes may be encoded such that there is one input unit per domain value. One 

ou tput unit may be used to represent two classes (w here the va lue I represents one class and the 

va lue 0 represents th e other). If there are more th an two classes, then I output uni t per class is used 

[23]. 

Han and Kamber [23] , states that there are no clear rules as to the "best" number of hidden layer 

units. Network design is a tri al by error process and may affect the accuracy of the resulting trai ned 

network. The initial values of the weights may also affect the resultin g acc uracy. Once a network 

has been trained and its accuracy is not considered acceptable, then it is common to repeat the 

training process with a different network topology or a different set of initial weights. Besides, 

Berry and Linoff lTI elucidate that a neural network can ha ve an y number 01' hidden layers, but in 

general , one hidden layer is sufficient. The wider the layer (that is, the more uni ts it con tains) the 

greater the capacity of the network to recogni ze pattern s. This greater capacity has a drawback, 

although, because the neural network can memorize patters-of-one in the training exampl es. We 

want the network to generali ze on the training set, not to memorize it. To achieve this, the hidden 

layer should no t be too wide; in other words the number of hidden layer nodes should be kept 

small. 

2.4.4.3 Backpropagation 

Han and Kamber 123] ex plain that Backpropagat ion learns by iterati vely processing a set of 

training sampl es, comparing the network 's prediction for each sa mple with the actual known class 

label. For each training sample, the weights are modifi ed so as to minimi ze the mean squared error 

between the network's prediction and the actu al c lass . These modi ficati ons are made in the 
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"backward" direction , i.e., From the output layer, through each hi dden layer down to the First 

hidden layer. Alth ough it is not guaranteed, in general the we ights will eventuall y converge, and 

the learnin g process stops. 

Backpropagation fo ll ows the Fo ll owing three steps [3] [23]: 

I. initiali ze the weights in the network to small random numbers 

2. The network gets a training example and, using the ex isting wei ghts In the network, it 

calcul ates the output and outputs. 

3. Back propagation then co mputes the error by tak ing the diFference between the calcul ated 

result and the ex pected one. 

4 . The error is Feed back through the network and the weights are adjusted to minimi ze the 

error. 

Initialize the weights : The weights in the network are initiali zed to small random numbers (e.g. , 

ranging From -1.0 to 1.0, or -0.5 to 0.5 ). Each unit has a bias assoc iated with it, as explained below. 

The biases arc similarl y initi ali zed to small random numbers. 

Each trainin g sampl e, X, is processed by the Followi ng steps. 

Propagate the inputs forward . [n thi s step, the net input and output of eac h unit in the hidden and 

output layers are computed. First, the training sample is fed to the input layer of the network . The 

net inpu t to each unit in the hidden and output layers is then computed as a linear combin ation of 

its inpu ts. To help illustrate thi s, a hidden layer or output layer unit is shown in Figure 2.4. The 

inputs to the unit are, in fact , the outputs of the units connected to it in the previous layer. To 

compute the net input to the unit, each input connected to the un it is multiplied by its 

corresponding weight, and thi s is summed. Given a unit j in a hidden or outpu t layer, the net input , 

Ij, to unit j is: 

(2. 1 ) 
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Where Wij is the weight o f the connection from unit i in the previous layer to unit j ; O i is the o utput 

o f unit i from the previous layer; and 9j is the bias o f the unit. The bi as acts as a threshold in that it 

serves to vary the activ ity of the unit. 

Each unit in the hidden and output layers takes its net input , and then applies an ac ti va tio n fun ction 

to it , as illu strated in Figure 2.4. The fun c tion sy mbo li zes the activation of the neuron represented 

by the unit. The logi stic or sigmoid fun ctio n is used. 

Berry and Linoff [3] describe the acti va ti on fun ction as hav ing two parts. The firs t part is the 

combinati on function that merges a ll the input into a single value. Each input to the unit has its 

own weight. The most commo n fun c tio n is the weighted sum, where each input is multipli ed by its 

weight and these products are added together as indicated in equation (2. 1). Other combin ation 

fun cti ons are sometimes useful and include the maximum of the wei ghted input, the minimum. and 

the log ical AND and OR of the values . Alth ough there is a lot of fl ex ibility in the choice o f 

combinati o n fun ction , the s tandard weighted sum wo rk well in many situati ons. 

lllpur 

vector X 

weight5 

H' 0 

H' n 

weighted 

sum 

acttvation 

fUllc tioll 

output 

Figure 2. 4 A hidden or outl)ut layer unit: The inputs arc multiplied by their corresponding weights in order to 

form a weighted sum, which is added to the bins associated with the unit. A nonlinear activation function is 

a pptied to the net input [231 
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The second part of the act ivation fu nction is the transfer fu nction, whi ch gets its name from the fact 

that it transfers the value of the co mbination fun ction to the output of the unit. Three typical 

transfer fun ctions: sigmoid (logistic), linear, and hyperbolic tangent functions. 

Feed-forward neural network consisting on ly of units w ith linear transfer functi ons and weighted 

sum combination function is really j ust doing a linear regression. Sigmoid funct ions are S-shaped 

function s of whi ch the two most common for neural networks are the logic and the hyperbo lic 

tangen t. T he major d ifference between them is the range of their outputs, between 0 and I for the 

logist ic and between - I and I for the hyperbolic tangent. 

The logistic and hyperboli c tangent transfer functions behave in a similar way . When the weighted 

sum of all the inputs is near 0, then these functions are a close approximation of a li near function. 

As the magnitude of the weighted sum gets larger, these transfer functions graduall y satura te (to 0 

and I in the case of the logistic; to - I and I in the case of hyperbolic tangent). This behavior 

corresponds to a gradual movement fo rm a linear model of the input to a non-linear mode l. In 

short, neural networks have the ability to do a good job of modeling on three types of problems: 

Linear problems, near-linear problems, and non linear problems. 

Given the net input Ij to unit j , then OJ, the ou tpu t of unit j , is computed as: 

(2.2) 

This funct ion is also referred to as a squashing function, since it maps a large input domain onto 

the smal ler range of 0 to I. The logistic function is nonlinear and differenti ab le, a ll owin g the 

backpropagation algorithm to model classification problems th at are linearly inseparable. 
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Backpropagate The E rror T he error is propagated backwards by updating the weights and biases 

to re nect the error of the network 's pred icti on. For a unit j in the output layer, the en or En) is 

computed by: 

Where OJ is the actu al outpu t of unit j, and Tj is the true output, based on the known class label of 

the given trai ning sample. Note that 0 / I -OJ) is the deri vative of the logistic function. 

To compu te the error of a hidden laye r unit j , the weighted sum of the errors of the un its con nec ted 

to un it j in the nex t layer is co nsidered. T he error of a hidden layer unit j is: 

/:"" j = ()i ( J - OJ) L: /"""" w,,,, (2.4) 
(. 

Where Wj' is the weight of the connection fro m unit j to a uni t k in the nex t higher layer, and Err, is 

the error of unit k. 

T he weights and biases are updated to renect the propagated e rrors. Weights are updated by 

Equ ations (2.5) and (2.6) below, where 6w;j is the change in we ight w;j-

..">,I/' i; = (I)J-: ,r, (), (2.5) 

If'jj = /l" i) + ~ U'i .i (2.6) 

The vari abl e I in Equation 2.5 is the learning rate, a constant typica ll y hav ing a value between 0.0 

and 1.0. Backpropagatio n learn s using a method of gradient descent to search fo r a set of weight s 

which can model the given class ification problem so as to minimi ze the mean squ ared di stance 

between the network's c lass predi ction s and the ac tual class labe l of the sampl es. The learnin g rate 

helps to avoid getting stuck at a local minimum in decision space (i. e ., where the weights appear to 

converge, but are not the optimum so lution ), and encourages finding the global minimum . If the 
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learning rate is too small , then learning will occur at a very slow pace . If the learn ing rate is too 

large, then oscillation between inadequ ate solutions may occur. A ru le of th umb is to set the 

learnin g rate to lit, where t is the number of iterations through the training set so far. 

Biases are updated by Equ ations (2.7) and (2.8) below, where L'.j is the change in bias 9j . 

:-:'0i = (1 )/o·"'·j (2.7) 

lI.i = nJ + :-:'0j (2.8) 

Note that here we are updating the weights and biases after the presentati on of each sampl e. Thi s is 

referred to as case updatin g. Altern ati vel y, the weight and bias increments could be accumulated in 

vari ables, so that the weights and bi ases are updated afte r all of the samples in the training set have 

been presented . Thi s laller strategy is called epoch updating, where one iterati on through th e 

traini ng set is an epoch. In theory, the math ematica l deri vation of backpropagation employs epoch 

upd ating, yet in practi ce, case updating is more common since it tends to yield more accurate 

res ul ts. 

Terminating condition: Training stops when 

I. all L'.w;j in the prev ious epoch were so small as to be below some specified threshold , or 

2. the percentage of samples misclass ified in the previous epoch is below some threshold , or 

3. a prespecified number of epochs has ex pired . 

In pract ice, several hundreds of thousands of epochs may be required before the weights will 

converge. 
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3.1. Overview 

CHAPTER THREE 

DATA PREPARATION 

T his chapter thorough ly di sc usses about the data preparation or preprocessing tas ks of the data 

mining. Thi s embraces detail description of the database from whi ch the research data has been 

coll ected. The data cleaning, transforma tion, and integrati on acti viti es are explained in this chapter. 

The forthco min g di scussio ns present issues of data in consistent with the CR ISP-OM . 

3.2. Data understanding 

Data is at the heart of data mini ng tas ks, methods and too ls. In the best of all possible worlds, the 

req uired data would already be resident in a corporate data warehouse, cleansed, avail able, 

hi storica ll y accurate, and frequently updated [3]. 

As stated in the section 1.1.2.3 01' chapter one, ETC stores the CDR along with the billing 

inform ati on and Customers' profile in a single database (" US HACOM"). The " USHACOM" 

database has been in operation since 2004. The back·end (database) is implemented with orac le 9i 

and the fro nt·end (interface) is designed with Java computer programmin g language. As it has been 

stated in the aforementioned di scuss ions, " US HACOM" is a giant database that hosts bil li ons of 

records For all telephone services ' CDR along with the billing inFormation and customers ' proFile 

since its introd uction. Despite its scalabili ty for large size records, the corporation has limited 

online storage capacity. Accordi ngly, the CDR 01' all services for the year 2004 and 2005 were 

moved to oFnine storage as the records exceeded the ETC's storage capacity. 

The research er ini tiall y plan ned to take a ll COMA telephones' CDR starti ng form the year the 

service has been introduced (i.e. 2004). Neverth eless. the CDR is ava il ab le onli ne on ly for the year 
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2006 to 2008. In additi on, the database administrators of the corporation advised and 

recommended the researcher th at it was unmanageabl e to process fi ve years C DR that contains 

more than 200 million rows. 

Hence, for the present research three months (April , May, and June, 2008) CDR has bee n 

considered. These three months data account s fo r more than 8 million record sizes. Th is data is 

partitioned into 18 tables when it was imported into MS-Access 2003 database. Finally, the data 

was ex ported to SQL Server 2000 for preprocess ing the data (both the CDR and Customers' 

profile). This is because the three tables' records could be merged in one table in SQL Server 2000, 

which is imposs ible in access. [n addition to this, merging the table in one table made the data 

preprocess ing easy and efficient. 

The researcher employed purpos ive sampling in se lec ting th e three months (A pril , May, June, 

2008) C DR due to the fo ll owing reasons: 

• The database did not contain all CUR data due to the abovementi oned reasons 

• The Servers computers have been busy in tabulating and calcul ating the monthl y services 

bill of customers at the time of coll ecting the research CDR 

• MS-Access 2003 could not handle large size of data. Here it should be clear th at the data 

was directl y im ported in to MS-Access from the ETC's database, oracle 9i, as the 

corporation is not using SQL Server database. And 

• The database admini strators recommended that re lati vely these three months CDR is cl ean 

and contains rel ati vely less outliers and missing values, and 

The researcher discussions and surv,ey of the data with the domain experts and database 

admini strators whil e selecting the data were constructi ve and made th e data analysis manageabl e. 

The purposive sampling, which is di scussed above, is also chosen due to th e database 
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ad mi nistrators and domain experts' ad vices and recom mendati ons. The purposive sampling 

techn ique revealed quality data , one th at has less outliers and mi ss ing values. 

3.3. Data processing 

T he data preprocess in g task is one of the chall engin g parts of thi s research. Its pre paration has 

taken much of the research tim e and effort. As described by Han and Kamber [23] the data 

preprocess ing task of dat a mining includes data cleaning, data in tegration , data transformation, and 

data red ucti on. Each of these tasks has been perfo rm ed by the researcher in the course of preparing 

the data for model building. 

3.3.1. Data Cleaning 

T he data m ining algorithms perform qual ity mining as long as there is a cleansed data, which is 

free from outliers, noise, and with no mi ss ing va lues fo r an attribute (s). Many of the attributes 

used in this research are derived from the base attributes. For example, Tota l Nu mber of Calls was 

deri ved through the SQL COUNT aggregate fun ction. Simil ar SQL aggregate func ti ons were 

e mp loyed wh il e deri vi ng attri butes direct ly used for model building. However the researcher tried 

to do the data cleani ng such as handling miss ing attributes va lues, and no ise removal before 

deri ving the attributes that are used to bu il d the cl ustering and classification models. Accordingly, 

there are onl y two attributes that had mi ss ing va lues. The 'termination Location' column from the 

C DR and ' Rent ' field from the custo mers' profile contained many mi ss ing values. The fOllowing 

point s bri e fl y desc ribe the methods empl oyed in handling mi ssing and outli er data. 

• After the thorough look at the CD R data, the researcher identifi ed many values are mi ssing 

in termination location attri bute, which is pract ically di ffi cult to fill in . Hence, it has been 

deleted from further cons iderat ions. 
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• The rent column again also has some missing values . However, the researcher has learnt 

from the database admini strators th at those miss ing va lues depict a zero rent. Hence, the 

miss ing values of the ren t attribute are fill ed with zero. 

• 373 ETC's COMA Service and I payphone telephone record s, a to tal of 374 records, were 

deleted from the datasets. Thi s was because the domain experts stated that these te lephones 

were not meant for profit rather used for the dail y normal operati ons of the business. 

There fore, th ere was no meaning to include them in the investigati on of natural 

segment ati on of customers based on their usage behavior. 

• 392 ETC Empl oyees' CDR records are also de leted from the dataset because the domain 

ex perts advised th at these telephone numbers are not meant for profit rather they are given 

to so me employees of the corporation as one of the fac il ities. As these empl oyees are given 

certain range o f free call s, their CDR stati sti cs may create outli ers, or dominate the total 

call s vari able, as there may be more total call s than the other categories of custo mers. 

• The residential customers category field comprises of 18,476 records out of 22,406 dataset. 

Thi s may dominate/influence the quest for natural and best segmentation of custo mers. Vi s­

a-v is thi s, the researcher in coll aboration with the domain experts red uced its size to 6,000 

by using strat ified sampling technique. For the present stud y, every third ( 18,476/6,000) 

res idential customers' records has been chosen for inclusion to the dataset. 

3.3.2. Data Integration and Data Transformation 

Data minin g often requires data integration (merging of data) from mul tiple data stores. The data 

may al so need to be transformed into forms appropri ate for mining [23]. 

T he datasets, which are used for the subsequ ent model building, are prepared and deri ved from the 

two integrated data sources, the CDR along with the billing in fo rmation and the customers ' pro fil e. 
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However, the merging of these databases are been done after all relevant att ributes have been 

deri ved from the CDR . The service numbers, whi ch represent each customer telephone number, is 

used as key in the merging processes. To ease the data man ipulation using MS-Access 2003, the 

COMA CDR is partition into 18 tables. All of the 18 tables have been imported in SQL Server 

2000 and they are finall y co nsolidated into one table using the SQL insert command. It is to be 

noted th at the COMA CDR that is taken to thi s research contains onl y loca l calls. Thi s is due to the 

fact that ETC has banned almost all customers from internati onal call s as it had been suffering 

from uncoll ected billing for thi s service (COM A). Accord ingly th e CDR for internati onal call s 

could not be used. 

After all re levant attri butes are deri ved fro m the COM A CDR, the to tal number of indi vidual call 

records are summarized into 23, 172 records that describe the calling behavior of each customer. 

T hi s fi gure represent s the to tal popUl ati on o f COMA customers. However the stratified sampli ng 

has reduced the data size by half. Hence, the Fin al dataset used for mode l building consisted of 

10,090 records. 

The data transformation task includes smoothing, aggregati on, generali zati on, normalization and 

attributes selection [23]. The dataset that has been used for modeling building are smoothe ned and 

normali zed . For instance, all at tributes values have been mapped to in the range [- I, II while 

experi mentin g with the AN N's models. 

3.3.3. Data Reduction Methods 

Some attribu tes which are assumed not re levant, as judged by the domain ex perts together with the 

researcher, to the prese nt research have been el iminated through the applicati on of select SQL 

command on the orac le 9 i DBMS. Many values are missing in termin ati on location attribute, which 
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is practically difficult to fi ll in. Hence, it has been deleted from further considerations. Other 

attributes, which describe the switches code, are eliminated as they do not carry any information 

about customers calling behavior. These attributes have been eliminated at the time of data 

coll ection and in the preprocessing steps. 

In all the data preprocess ing tasks, Oracle 9i, SQL Server 2000, MS-Access 2000, and MS-Excel 

software have been intensive ly employed and used. 
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CHAPTER FOUR 

EXPERIMENTATION 

4.1. Overview 

This chapter presents steps and procedures fo ll owed during experimentati ons. Besides, description 

and eva luati on of the performances of the clustering and classifi cation models developed are 

presen ted. It applies the methods, techniques and al gorithms of data mining that are thoroughly 

di sc ussed in the research methodo logy under secti on 1.5 of chapter one to accomplish the 

objectives of the research. All processes of the experimentation are described inline with the 

CRISP-DM references guide. 

· Obscrvalio . 
nand 

· Interview . 
· Document 

Oal,l "" Data "" Mode ling '" Evaluation \ 

Uod",,,,,,d;og / L P_'_CP_',oc,e_ss_;o_g-"/L __ ~~J/ L ___ JI 
n 

Data Selection . Data Cleaning 
Processes . Data 
Description of integration :..--1/~~'\.r"-_---; 
Data Collected and 

transformatio 

Model "\ 
Deployme", / 

Reviews 
. D~;;~on I ANN I . 

'---rr-----./ '------.-,..------' '----r-r--.J , ............................ .... .............. ... . . 

· High Value . CDR with Bill · Handling Miss ing Values 

Customers information · Noisy data re moval 

· Med ium . Custo mers · Outlier data detection and removal 
Value profile · Integration of attributes from CDR and Customers profile tabl es 

Custo mers · Drive atlribuics 

· Low V alue · Best aHribu lcs selection 

Customers 

Figure 4 . 1. The experimentations now diagram 
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4.2. Business Understanding 

As stated in chapter one section 1.5 , the research er has applied different techniques to understand 

the business/domain of this research. With the help of these methods, the researcher has tri ed to 

thoroughl y in vestigate and understand the business. The corporati on rate the value of customers 

dependin g on their usage, vis-a-v is revenue generated. 

Customers that generate hi gh revenue to the corporation with little use of the network resources are 

considered as hi gh value (corporate customers). Little use of the network resources refers to 

minimum number of tel ephone call s, short durat ion per call and very short overall call durations. 

T hi s category of customers creates little network congestion but generate substanti al amount of 

revenue. However custo mers who congest and create high network traffic but generate high 

revenue to the corporation are still treated as hi gh value customers next to the prev ious corporate 

customers. 

Customers that highl y congest or create hi gh telephone network traffic with least revenue are taken 

as very low value customers. In addition, those customers that do not create the network traffi c and 

co ntribute very low revenue to the corporation are still under the li st of low value customers. The 

intermediate between hi gh and low value customers are medium value customers. These customers 

reasonabl y use the corporation telephone networks' resources with reasonabl e revenu e contribution 

to the business. 

In addition to the identification and understanding of the different types of customers th at 

constitute the business, ETC's CCSD considers all Internat ional and local NGOs, embassies, 

governmen tal organizations, big business customers as corporate customers. It offers special 

services to thi s segment of custo mers. However, these customers are not identified and segmented 
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based on their usage behavior, rather it is solely based on the pre mi ses that they would potent iall y 

generate high revenue to the corporation as they are big in size or have international base. 

Thus, the theme of thi s research is to thoroughl y see into the customers' transacti onal data, CDR 

along with the bill information and their profi le, to investigate whether high , medium, and low 

revenue generatin g customers can be differentiated based on their te lephone usage behaviors. In 

add iti on, the relevance of identifying them is two fo ld. In one hand , it enables corporation to tailor, 

design and offer different marketing strategies for different segments. Thi s in turn enables the 

corporation to focus on the existing high value customers while attracti ng new one with littl e cost. 

On the other hand, the corporation can create a positive relationship with its high spending 

customers wh ile maintaining them satisfied with the services it offers. 

4.3. Data Understanding 

As stated in the methodology (chapter one section 1.5), different methods have been employed to 

understand the co ntent and the structure of the data available. All data, wh ich were judged re levant 

by the researcher together with domain experts, are coll ected and further analyzed inline with the 

objectives of the research at hand. T he data understanding task has been accomp li shed through data 

selection processes, description of data collected, data ex ploration and data quality verification. 

The following sections thoroughl y describe them. 

4.3.1. Data Selection Processes 

The researcher has faced reall y challen ging situations at the in itial collecti on of the data , whi ch are 

re levant to the research. The data coll ec tion is really one of the biggest challe nges of the research. 

It took the researcher almost two months to get the permission of accessing the CDR and 

Customers profi le data. This is, as justified by top management of the ETC, due to customers' 
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privacy reasons. Hence, the researcher must have devised a mechan ism to access the pertinent data 

in a way that could not revea l the ca ll ers'/customers' service/te lephone number and persuade the 

lOp management. 

Accordingly, the researcher reco mmended the top management that it could be poss ible to replace 

or map caller telephone numbers to some other intentionall y generated numbers. Finall y, they 

were convinced with this idea and permitted access to the pertinent data. A ll caller te lephone 

num bers are mapped into numbers in the range 20000 1 to 232682 with the first caller telephone 

number being 20000 1. As stated in the data preprocessing, attributes both from the COMA and 

Customers services tables have been selected wi th the he lp of domain experts. On the top of thi s, 

the research objectives have guided the selection of these att ributes. The data size and selection 

methods are thoroughl y described in the data preprocess ing chapter. 

4,3.2. Description of data collected 

The pertinent data to carry out the research have been collected from two different tables of the 

oracle 9 i database. These sources are COMA COR and the customers' services tables as depicted 

in Table 4.1. and Table 4.2. respectively. The tables depict onl y th e initial set of attributes that are 

bas icall y used to deri ve many o ther attr ibutes alo ng with their data types and descript ions. 

4.4. Data preprocessing 

The methods used for data preparation/preprocess ing invol ves data cleaning, data integration, and 

c lean ing as described below. 

4.4.1. Data cleaning 

T he researcher has tried to do the data cl ean in g such as hand ling mi ss ing attr ibu tes values, and 

noi se remova l before deri ving the attributes that are used to bui ld the c lustering and cl ass ificatio n 
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models. Accordingly, there are onl y two attributes that have mi ssing values. The termination 

Locati on column from the CDR and Rent fi eld from the customers' profil e contained many 

miss ing va lues. 

A ttribu tes Data type Description 

SERYIC ENO Number The customers telephone number. Thi s attribute initiall y 

was sting data type. Because of the customers' pn vacy 

reason , it must ha ve been mapped into other arbi trary 

numbers in the range 200001 to 232682. 

CATEGORY String The class ifi cation code/name ass igned to each customer by 

ETC. It compri ses of the valu es BigBusiness, 

ETCEmployee, ETC Service, Governm ent, 

Internati onalOrgani zation/Religious, PayPhone, 

Publi cOrgani zation, Reseller, Residential, Small Business· 

RENT Number The monthl y service subscripti on fee of customers 

Table 4. I.Customcrs Services Table 

• After a thorough look at CDR data, the researcher identified many of the va lues m; 'S in g in 

termi nati on locati on attribute. The researcher then deleted the whole column as it is 

di ffi cul t to appl y ot her methods such as repl ac ing it with the most common va lues as 

s ignifi cant portion of it contained null va lues (see Appcndix 1, A ). 

• The rent column again has some mi ssing values. However, the researcher has learn t from 

the dat abase admini strators that those mi ss in g values depict a zero rent. Hence, the mi ss ing 

val ues of the rent attribute have been fill ed with zero (see also Appendix I, B) 

• 373 ETC' s COM A Service and 1 payphone te lephone records, a total of 374 records, are 

deleted from the datasets. Thi s is because the domain ex perts stated that these telephones 
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Attributes Data type Description 

SERVICENO Number The ca ller telephone numbers, which are 

replaced/mapped to other numeric va lues 111 

range 200001 to 232682. Each Caller's 

te lephone number in the CDR has been repl aced 

by matching the SERVICENO in the Customers 

table (see Table 4.1.). 

CALLEDNO St ring T he ca lled part ies telephone numbers 

CALLDAT E DateiTime The cuslOmers call date 

CALLTIM E Stri ng The time at which a cuslOmer has placed the 

telephone call. II is expressed 111 the form 

HH:MM:SS, where HH refers to ca ll hour, MM 

indicates the minutes of the ca ll , and SS 

connotes the seconds of the call had been made 

CALLDURATION Number The length/duration of cuslOmers call. II is the 

call duration in terms of seconds. 

BILLABLEAMOUNT Number The revenue generated per each indi vidual call 

CALLTYPECD Stri ng The Call Type Code. The assumes di fferent 

values such as WLWZN (Wire Line Within 

Zones or Addis Ababa), whi ch refers to the 

customer call made to fixed telephone line 

within Addi s Ababa, WZN (Wireless/Mobile 

Within Zones), which indicates the call made 10 

Mobile cell phone withi n Addis Ababa, etc. 

TERMINAT INGLOCA String The Pl ace of the exchange machine in whi ch the 

TION 
call has terminated. 

Table 4. 2. CDMA CDR Table 

are not meant for profit rathe r used for the da il y norm al o pe rat io ns o f the business. Therefore, 

Ihe re is no meanin g to include them in the in ves tigati on o f natura l segmentati on of customers 

based o n the ir usage behavio r. 

• The re a re a lso 1756 du pli ca te records in the customer service tabl e. They have been 

e liminated by lIs ing the de lete SQ L comm and in MS-Access 2 003. 
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TNCFixedAA Number Total number of each customer call to fixed telephone 

within Addis Ababa 

T NC Mobile Number Total number of each customer call to mobil e telephones 

DCMOM Number Durati on of each customer call during the middl e of the 

th ree months, which includes the days in the range II to 

20 

DCFixedAA Number Duration of ca ll s made by each customer to fi xed 

telephone within Addis Ababa 

TNSCali Number Total Number of call s made by each customer during the 

weekend , Sunday 

T NCWLOC Nu mber Total Number of call s made by each customer to fi xed 

telephone line within Addi s Ababa and within the same 

exchange machine or area 

T NCFixedReg Num ber Total Number of call s made by each customer to fi xed 

telephone line from Addi s Ababa to different Regions 

TNCMOM Number Total Number of call s made by each customer durin g the 

mi ddle of the months, which includes the days in the 

range I I to 20 

TNCWeekday Nu mber Total Num ber of Call s made by each customer during the 

week days, whi ch embrace Monday to Saturday 

Trevenue Number Total Revenue earned from each customer 

RperCa li Number Revenue per each custo mer Call 

RperDurati on Number Revenue generated Per Duration 

DperCa l1 Num ber Duration per each Indi vidu al Call 

A vgCali PerThreeMonth Number Average Call made by each customer Per Three Months 

AvgRperThreeM onth Number Average Revenue generated from each customer per 

three months 

AvgDPerThreeMonth Number Average Duration call s by each customer Per Three 

Months Period 

Tdurati on Number Total Durati on of ca ll s by each customer 

TNCEOM Num ber TOlal Number of Ca ll s made by each customer at end of 

the three months, whi ch incl udes the days in the range 2 1 

to 3 1 

T NN ightCa li Num ber Total Number of call s made by each customer durin g the 

night time, which includes times in the range 

18:00:0 I PM to 23: 59:59 PM and 00:00:00 AM 10 

05:59:59 AM 

DCFixedReg Number Durati on of call s made by each customer to fi xed 

telephone from Addi s Ababa to regions 

DCWeekd ay Nu mber Durati on of Ca ll s made by each customer duri ng the 

week days, whi ch embrace Monday to Satu rday 
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DCSCali Number Duration of call s made by each customer during the 

weekend,Sunday 

TNDayCali Number Total Number of call s made by each customer during the 

day time, which includes times in the range 06:00:00 

AM to 18:00:00 PM 

DCBOM Number Duration of each customer ca ll during the beginning of 

the three months, which includes the days in the range 01 

to 10 

DdayCa li Number The duration of each customer call during the Day time, 

which includes times in the range 06:00:00 AM to 

18:00:00 PM 

RENT Number The Service Rent a customer is required to pay at every 

another month 

Table 4. 3. List of all attributes together with their type and descr iptions 

After importing al l tabl es, the next task is to combine all tables into one table based on which the 

researcher deri ve relevant attributes, as li sted in Table 4.3. For each deri ved attribute, a tab le must 

have been created to contain the deri ved values with the create SQL statement. The insert into table 

SQL command has been used to insert the deri ved attributes' values into the table. Figure 4.3. 

shows the creation of a tab le TNCali to hold the Total Number of Call s of indi vidual customers 

along with its derivation and insert SQL statement. Thi s process is carried out repeated ly to al l 

ot her attributes derivation. 

Finally as part of data integration, indi viduall y derived attributes, which have been stored in 

different tables , must have been brought together to form the final dataset for the clusterin g, 

decision tree, and Neural network mode ls building. Figure 4.4. ex hibits the SQL Se lect command 

used to bring the attributes together. 
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lnsert into cdma_processed serviceno I TNumberofcall I NBOH , DNightCall , DNEOM , DVZN , 

SELECT 

TCVLWZN , VZN DMEaH , DVLVZN , NSCall , VLLOC I 

VLAZN I NHOK I NVeekday , TRevenue I NEOK , 

NightCall I DWLAZN , NDijeekday I NDSCal1 I DayCall 

DBEaH I DDayCall " 

dbo . tblTotalCall . serviceno , dbo . tblTotslCall .Tnumber , dbo . tblNBOK . NBOK , 

dbo . tblDNightCall . DNightCall , dbo . tblDNEOM . DNEOH , dbo . tblD VZN, DWZN, 

dbo . tblTCWLVZN , TCVL~ZN , dbo . tbI VZN. VZN , dbo . tblDHEOK. DKEOK , 

dbo . tblDWLVZN . DVLVZN , dbo . tbISCall . NSCall , dbo . tbIVLLOC . VLLOC , 

dbo . tblWLAZN . WLAZN , dbo .tblNKOM, NHOH , dbo . tbIVeekday .NVeekday , 

dbo tblTRevenue . TRevenue , dbo . tbINEOH .NEOM, 

dbo . tbINightCall .NightCall , dbo . tbIDVLAZN . DVLAZN , 

dbo tblDWeekday . NDVeekday , dbo , tblDSCall .NDSCall , dbo . tblDayCal l DayCall , 

dbo . tbIDBEOH. DBEOH , dbo tblDDayCall . DDayCall 

fROM elbo tblDayCall ['EfT ,)UH:'F Jl'll: 

dbo . tblTotalCall 00 dbo tblDayCall . serviceno '" dbo . tblTotalCall. s erviceno LEfT ':{TEP T''";1 

elbo tblDBEOH ON dbo . tblTotalCall . serviceno '" dbo . tblDBEOK , serviceno LEfT (!lITH ·] ':1:1 

dbo tblDDayCall ON dbo . tblTotalCall .serviceno " dbo . ~blDDayCall . serviceno LEfT 'Th 

dbo tblD HEOPI ON elbo . tblTotst"Call . serviceno :. elbo . tblDKEOH. serviceno LEfT ;.)UiEF c;' .. ::.I:-i 

dbo tblDNEOH 00 dbo . tblTotalCall . serv i ce no - elbo . tblDNEOH. serv iceno LEfT l)!jTEP .1~~T!! 

elbo tblDNightCall 01''' elbo . tbl TotaICa!!. serviceno ~ dbo . tblDNightCall . serviceno LEfT >lJTEF .'. 1: 

dbo tblDSCall ON dbo . tbITotalCall . serviceno " cibo . tbIDSCall . serviceno LUT OUTEP ~lGW 

dbo tblDVeekday ON dbo . tblTotalCall.serviceno " dbo . tblDWeekday . serviceno LEFT (I!;TE? ,1tY:~' 

elbo . tblDVLAZN ON dbo . tblTotaICall .serviceno " dbo , tbIDVL,l.ZN . se rviceno LEFT 0UTEP .j·:'IH 

dbo tblDVLVZN ON dbo . tblTotalCall . serviceno " elbo , tbIDVLWZN . serviceno LEfT ('UH? XIN 

dbo . tblDWZN ON dbo . tblTotalCall . serviceno dbo . tbID\1ZN . serviceno LEfT (!UTE:F c1l):;r.; 

dbo . thiNBOH ON dbo . tblTotaICall . serviceno - dbo . tblNBOH .serviceno LEft ·T'7f.P cl~~H( 

dbo . tblNEOH 00 dbo . tblTotalCall.serviceno " dbo . tblNrOH .serviceno LEfT '··;'H J('I1! 

dbo tblNightCall ON dbo . tbl TotalCal'l . serviceno " dbo . tblNightCall serviceno LEfT .'-1,' iEl< r :!: 

dbo tblNKOH ON dbo . tblTotalCall . serviceno dbo . tbINMOH . serviceno LEfT ":-Er '-. I;: 

dbo tblSCall ON dbo . tblTotalCall . serviceno = dbo . tblSCal!.serviceno LEFT '·!:~H. -I ~r; 

dbo tblTCWLWZN ON dbo . tblTotalCall . serviceno " dbo . tblTCilLVZN . serVlceno u:n ".;'!':,:. .:! 

dbo tblTRevenue ON dbo . tblTotaICall . serviceno '" dbo . tblTRevenue . serviceno LEfT J::-::; ,';) ::~ 

dbo . tbl We ekday ON dbo . tb 1 TotalCall . serviceno .,.. dbo . tbl Veekday . serviceno LEfT ():!'~E~ "(,It; 

dbo . tblWLAZN ON dbo . tblTotalCall serviceno '" dbo . tbl\1LAZN . serviceno LEfT ;,""!'fF' ":,t.J 

dbo . tbl WLLOC ON dbo . tblTotalCall serviceno '" dbo . tbl \1L LOC serviceno LEfT :.':-:::F :~'L 

f'tIflAAU)37219\ccmajhesis (8 MElAKIJ}372191,Ac1rrnstrat« (! cdffiil_db 0:00:00 0 rows Ln 11 Col 

Figure 4. 4. The SQL command to bring derived attributes und er one table 

describin g the pro fit ability of customers. Sample va lues of the fin al dataset are depicted 111 

Appendix 1, C. 

4.5. Modeling 

The task of customer segmentat ion is done with the K-means algorithm. The challengin g tas k in 

the K-means algori thm is determinin g the value of K, whi ch determines the optimal c lu stering 
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model that creates di ssimilar segments of customers. The optimal number of cluster size, i.e. the 

value o f K, is obtained through tri al of different models [3] [23]. This is because K is user-defined 

number. Saarenvirta [40] advises that the number of clusters chosen shou ld be dri ven by how many 

clusters the business ca n manage. Accordin gly, the business ex perts have been consulted in setting 

the optimal value for the same. They have sugges ted the K va lues to be in the range 4-6. Vi s-a-vis 

thi s four cluste r models are ex perimented and evaluated against their performance in creating 

di ssimilar clusters/segments. The classification model s have been ex perimented wit h the J48 

dec ision tree learner and the back propagation neural network algorithms. 

4,5.1. Cluster Modeling 

After the preparation of the dataset, the next step is to build the clustering model using the selected 

tool, weka vers ion 3.5.8. The basic parameter in weka 3.5.8 exp lorer for simple K-means clustering 

embraces: 

• The numher of clusters: the number of clusters (K in K-means) that need to be created. Thi s 

value was specifi ed by the user manuall y. 

• Seed size: The random number seed to be used. Thi s defi nes the number of data tuples the 

cluster must start with . 

• The vari ables to be used for building the clusters 

Once th e necessary parameters are set, ex periments are undert aken in a step wise manner. 

4.5.1.1. Experiment 1 

All the attributes are input to the first cluster run except the SERVICENO. This is due to the fact 

th at it does not prov ide any useful information but it may reduce the accuracy of the al gorithm. In 

addition to this, it is meant to be used as a primary key to manipulate, deri ve and aggregate 

attr ibutes values fo r indi vidual cus tomer. The weka 3.5.8 ex plorer's remove fa cilit y is used to 
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avoid the SERV ICENO attribute from the cluster run. Table 4.4. depicts the list of input for the 

first cluster run . 

Cluster Run Variables Number of records Number of 

Clusters 

l SI All attributes li sted under Table 22798 6 

4.3. Except SERVICENO 

Table 4. 4. Summary of Input parameters for the first cluster run 

The weka 3.5.8 ex plorer window, as dep icted in Appendix 2, li sts all attribut es ready for the first 

cluster ru n. In addition , it is poss ible to know the minimum, max imu m, mean, stand ard deviat ion, 

data type, number of mi ssi ng values, number of di stinct values, and number of unique values of 

each cUlTently selected attribute. One can see these values for all other attributes by selecting each 

of them one-by-one . These va lues in turn enable the researcher together with domain ex perts to 

determine the threshold values of each variable for the analys is of the resul t. 

Table 4.5. ex hibi ts the result of the d uster run and the resultin g segments. The algorithm is 

in structed to segment the dataset into six clusters. However, the seco nd cluster has on ly 22 

in stances, i.e. almost 0% of the dataset. The researcher then suspected that there would be outli ers 

in the trainin g dataset, as the cluster two shares very few record s with the other clusters. The 

algorithm might have treated these outliers as records behaving differently from other clusters and 

put them in a separate cluster. 

Cluster Distribu tion 
Cluster I Cluster2 I Cluster3 I Cl uster4 I Cluster5 I Cluster6 

487 1 (48%) 22(0.000 1 %) 1 3 170(3 1%) I 716(7 %) I 743 (7 %) I 568 (6%) 

Table 4. 5. Training the First Cluster with the default seed (1 0) 
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Then the class ass igned dataset is assessed visuall y for th e presence of outli ers. And it is fo und that 

there are ex treme values on the TNumberofCall , Tduration, TRevenue. Accordi ngly, these out liers 

have been replaced with the mean values of their fie lds. 

After removing all outliers manu all y, the next task is to identify the most statistically significant 

attributes from the dataset and to use these attributes in model bu ilding process to increase the 

performance of the algori thm. Han and Kamber [23] state that the attributes that appear at the top 

of the decision tree provide more information to cl ass ify the in stances of the test dataset. 

Accordingly in this research, attribu tes are selected wi th the aid of the J48 decision tree algorithm . 

The dec is ion tree is built by selecting the cluster index as the dependent vari able and the rest as 

determinant or independent vari ables. Attributes that appear at the very top of the deci sion tree and 

those attributes upon whi ch many records are predicted into different class labels are taken for the 

next experiment. 

The attr ibu tes found stati sticall y relevant fo r the second experimentation are: 

• Category, DCall Mobi le, DPerCall, Rent, RperCall , Tduration, TNumberofCall, and 

TReven ue. 

4.5.1.2. Experimentation 2 

Aft er all the outli ers and attributes that are selected with the he lp of the J48 dec ision tree, as li sted 

above, the second experiment wi th the same number of K (6) and default seed (10) is conducted. 

Different values of the seed are experimented in the quest for effective and normall y distributed 

segment of c lusters. Table 4.6. su mmarizes the records distribution in segments of the second 

cluster run with K=6 and the default value of the seed ( 10). 
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Cluster Distribution 

Cluster I I Cluster2 I Cluster3 I Cluster4 Cl usterS I Cluster6 

4690 (46%) I 86 (I %) I 3 180 (32%) I 7 13 (7 %) 75 1 (7%) I 670 (7%) 

Table 4. 6. Cluster distribution with k=6 and the algorithm converged after 23 iteration with the default seed 

(10) 

In an attemp t to improve the data distribution of the segments, different seed va lues have been 

tried. But the seed va lue at 1000 gives a beller data distribution in the segments. When seed was set 

ten, c luster2 has onl y 86 ( 1%) instances as shown in Table 4.6., whereas with the value 1000, its 

s ize has drastically changed to 4 16 (4%) as exh ibi ted in Table 4.7. The optimal seed va lue has 

been obtained after a number of experimentations. Similarl y, many values of the seed have been 

attempted for the other K values (4, 5). However, the default seed value, i.e. 10, has somewhat 

uniformly di stribu ted the data in these segments. 

Cluster Distribution 

Cl uster l I Cluster2 I Cluster3 I Cluster4 I ClusterS I Cl uster6 

746 (7 %) I 4 16(4 %) 1 487 1 (48%) I 7 16 (7 %) I 2769 (27%) I 572 (6%) 

Table 4. 7. Cluster distri bution with k=6 and the iteration with the seed (1000) 

As indicated above three cluster models are bui lt for K (6, 5, and 4). Besides, different seed sizes 

are tested on each of thi s cluster fo rmat ion to see whether the distribution of the segments could be 

improved or normall y distributed. Yet, only the cluster with K=6 has showed significant difference 

on the segments data dist ribution. It fairl y di stributed the data tup les in eac h cl uster when the value 

of the seed was set to 1000. The other c luster models with K (4 and 5) performed well wi th the 

default seed va lue. 

T he next task of the research is to set threshold value for each numeric att ri butes used to bui ld the 

clustering model. The threshold value for each attribute has been determined with the marketin g 

ex perts and with the aid of the weka's minimum, max imum, and mean values di splay for each 

attribu te. The need fo r determ ini ng the threshold va lues is sole ly to determine what patterns are 
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discovered for eac h subsequ ent c lu ster models with K (6, 5 and 4) and the best c luster seed . Table 

4.8. depic ts the threshold values fo r each variabl e suggested by the domain ex perts. 

TnumberofCaU 
DCaliMobile (OCM) Trevenue (TR) RperCaU (RPC) 

DperCaU Tduration 

(TC) (OPC) (TO) 

TC<=300 Very DCM<=4500 Very TR<= ISO very RPC<=0.50 very DPC<=90 TD<4.00 very 

low short Low low very short short 

300<TC<=800 4500<DCM<= 11000 150<TR<=250 0.50<RPC<=0.75 90<DPC<= 4.00<TD<=10 

low short Low Low 105 short short 
105<DPC< 

800<TC<=1200 I 1000<DCM=23000 250<TR<=550 0.75<RPC<= 1.00 =12 1 IO<TD<=16 

medium medium medium medium medium medium 

1200<TC<= 190 23500<DCM<=48500 550<TR<=63 I I.OO<RPC<= 1.50 12I<DPC< 16<TD<=39 

o High Long High high = 15 1 Long Long 

TC> I 900 very DCM>48500 very TR>631 very RPC> 1.50 very DPC>= 151 TD>=39 very 

hi gh Long hi gh high Very Long Long 

Table 4. 8. List of Range of conditions by which a cluster result is assessed 

In the fallo wing disc llssions the abbrev iation of terms as li s ted in Table 4.9. are lIsed in clusters 

models analysis and compari son. 

List of Abbrevhltcd Terms used in the List of Attributes of the dataset 

each cluster analysis 
AbbrcvialCd Descript ion Abbreviated A ttributes Description 

Words 
VH Very High ATNC Average Tolal Number 

of Call 

H High ADCM Average Duration of 

Call to Mobile 

M Medium ATR Average Total Revenue 

VL Very Low ARPC A veragc Revenue Per 

Call 

L Low ADPC A vcrage Duration Pcr 
Call 

VLG Very Long ATD Average Total Duration 

LG Long Category Most frequent category 
of customers 

S Short Rent Monthl y Service Rent 

VS Very Short 

Table 4. 9. List of abbreviated words and attributes of the dataset along with their description 

T he res ult o f the second cluster run is presented in Table 4.10. 
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First 
Scgmcntation 

(K=6, 
Sccd=1000) 

FI·c(). of 
records/(shure 

Cluster # in %} ATNC ADCM ATR ARPC ADI'C ATD Catel!'orv Rent 

1 746 (7%) 626.1398 45372.3862 637.1721 1.091 117.839 19.3 14 GoVenlffienl 17 

2 4 16 (4%) 1893.56 135521.353 1898.774 I. I 13 11 9 60.78 1 BigBus iness 17 

3 4871 (48%) 150.0597 4765.0386 78.3886 0.55 99.5569 4. 1686 Rcsidcnlinl 8 

4 7 16(7%) 11 0.3087 8378.3198 125.958 1.304 255.762 7.5 135 Rcsident ial 8 

5 2769 (27 %) 322.7625 19052.5574 275. 1076 0.933 11 6.603 9.6966 Bi l!. Business 17 

6 572 (6 %) 1629.963 33 123.0717 691.3307 0.426 97.7969 44.233 Residen ti al 8 

Tot.1I 10090 (100 %) 

FrC(I. of 
rccords/(slmre 

Cluster # in %} 

1 746 (7%) L LG YH H M LG 

2 416(4%) H VLG VH H M VLG 

3 487 1 (48%) VL S VL L S S 

4 7 16 (7%) VL S VL H VLG S 

5 2769 (27 %) L M M M LG M 

6 572 (6 %) H LG VH VL VS VLG 

Tolul 10090 (100 %) 

Table 4.1 0. Clustering Result of the second experiment 

The upper part of Table 4.10. ex hibits the attributes' average values for each segment ( 1-6) and 

bottom part shows the cOlTesponding mapping of Ihesc values into the discrele va lues. The 

mapping is performed to fac ilitate the compa ri son among the segmen ts gene rated from the 

clustering algorithm . 

After the average value of each attribute in each cluster has been repl aced with the cOlTespond ing 

discrete values, a description for each segment of cluster has been done as ex hibited in Table 4.11. 

The ranking is determined based on the profitabil ity or the amou nt of revenue of customers' in 

different segments. 
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C luster Description Possible 
Rank 

I Low number of calls, long duration of mobile calls, very high revenue, high rcvelllle per I 

call, medium duration per call , Long (otal duration, Government business category with high 

frequency, and monthl y rcn! of 17 birr. 

2 High number of call s, Very Long duration of mobile calls, very hi gh revenue, and Medium 2 

revenue per call , medium duration per call , very long tota l duration, Big business category, 

and monthly service rent of 17 birr. 

3 V ery low nu mber of calls, short duration of mobile call s, Very Low revenue, Low revenue 6 

per call , short duration per call, short tota l duration , residential business ca tegory, and 

monthl y service rent of 8 birr 

4 Very low number of call s, short duration of mobile call, very low revenue, hi gh revenue per 5 

call, very long dura tion per call , short total duration, residential business category, and a 

monthly service rent of 8 birr 

5 Low nu mber of caJl s, medium duration of mobile calls, mediulll revenue, medium revenue 4 

per call , Long duration per call , medium total duration , Big business ca tegory, a Illonthl y 

service rcnt of 17 birr 

6 High number of call s, Long duration of mobile calls, very high re venue, Very Low revenue 3 

per call , vcry short duration per call , very lon g (otal duration, residential business ca tcgory , 

a monthl y service rent of 8 birr 

Table 4. 11 . Cluster Sllmm ~lry for K:::;6 and seed:::; lOOO and the possible rank of clusters. 

As stated in the business understanding of the corporat ion, high value customers are those that 

generate hi gh revenue to the business with little use of the network resources such as low total 

number of call s and short duration of calls, of the corporation . Those customers with hi gh number 

of to tal calls and long duration of call but generate hi gh revellli e to the corporation are st ill 

cons idered to be hi gh va lue customers next to the formerl y described customers. 

By consideri ng the abovem enti oned facts of the business, each cluster has been assigned rank. As 

can be clearl y seen from Table 4.11., the first clu ster is ranked first. Thi s is due to the fact that 

customers in this cluster use little network resources, very low total number of cal ls, medium 

durati on per call , and reasonably long durati on of mobile call s, of the corporation while generat ing 

very hi gh revenue and hi gh reve nue per call. C luster one compri ses of Government category 

customers with a monthl y rent of birr 17. 

The second cluster is ranked second as customers in thi s segment generate very hi gh reven ue and 

medium revenue per call but with high tota l number of ca ll s and very long durati on of mobil e call s . 
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This cluster consists of hi gh number of business category customers with a monthl y service rent of 

bin 17. 

Cluster 6 is similar to cluster 2 in T NumberofCall and Trevenue values, whi ch are hi gh number of 

ca ll s, and very hi gh revenues respecti vely. Again customers in this group generate very hi gh 

revenue but very low revenue per call . Hence, it has been ranked third. Residential customers 

constitute major portion of thi s segmen t. Customers in cluster 5 generate medium revenue, and 

medium revenue per call with low total number of call s, medium duration of mobile call s and 

medium total duration. There are large numbers of Big business category customers in thi s 

segment. The cluster is ranked fourth. 

Customers under cluster 3 and 4 are low value customers as they generate very low reven ue. 

However customers categorized under cluster four generate hi gh revenue per call , therefore, ranked 

fifth . The third cluster is ranked las t. Both cl uster 3 and 4 share signifi cant portion of residential 

customer category. 

Thi s ex perimentation wi th K=6 and seed= IOOO seem to have created di ssimilar clusters or 

segments o f customers. It has suffi cientl y differentiated am ong the hi gh, medium, and low value 

customers. In additi on to thi s, differen t categories of customers have been identifi ed in different 

segments. As depicted in Table 4.11. , clusters 1,2, and 6 embrace hi gh- va lue customers with first, 

second, and third rank respecti vely, whereas cluster 5 embraces medium -level customers, which 

are nex t to hi gh-value customers. Government customers constitute major portion of cluster I, 

whi le Big business category o f customers are contained in hi gher proportion in cluster 2. Cluster 6 

contains residential customers in hi gher proporti on. Clusters 3 and 4 contain low-value customers. 

Residenti a l customers constitute the major portion of both clusters. 
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A lthough it seems that the second experimentation resul ted in very dissimilar clusters, another 

c luste r run have been conducted with K=5 and seed= I 0 III the quest for a beller segmentation 

model. 

4.5.1.3. Experimentation 3 

The third clustering mode l experimen tat ion was conducted with K=5 and seed= I O. The result of 

the c luster run is depicted in Table 4.12. The description of the resul ting cluster model is 

interpreted and briefl y ex plained in Table 4.13. 

First 
Segmentat ion 

(K=5, 
Seed- tO) 

Frcq. of 
rcco l'ds!(sharc 

Cluster # in %) TNC DCM TR RPC DPe 'I'D ClIle"o,'Y Rent 

1 4872 (48%) 150. 195 1 4772.74 78.4773 0.55 99.5511 4. 171 Residential 8 

2 57 1 ( 6%) 1631.399 33107.0245 691.6472 0.425 97.843 44.282 Residential 8 

3 3 180(32%) 508.500 1 32828.0527 467.2263 0.953 116.746 15.599 Bj gBusincss 17 

4 716 ( 7%) 110.3087 8378.3198 125.958 1.304 255 .762 7.5 135 Residential 8 

5 751 ( 7%) 707.75 51382. 1666 720.6576 1. 103 118.553 22.554 Government 17 

Total 10090 (100 %) 

Frcq. of 
rccords/(sharc 

Cluster # in %) 

t 4872 (48%) VL S VL L S S 

2 571 ( 6%) H LG VH VL S VLG 

3 3 180 (32% ) L LG M M M M 

4 716 ( 7%) VL S VL H VLG S 

5 75 1 ( 7%) L VLG VH H M LG 

Total lO090 ( tOO % ) 

Table 4. 12. Clustering result of the third experimentation 

In the third experimentation fi ve clusters are formed. This experiment has res ulted in similar 

seg ment formation with the second experimentati on's result. The interpretati on of the result is 
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previo us cluster run with K=6, thi s cl uster run cou ld not differentiate between the hi gh value big 

business customers but the former does. 

4.5.1.4. Experimentation 4 

Best clu stering sche me is usually fou nd after a number of trial with differe nt segment sizes. 

Accordingly the researcher has tried the fo urth experimentation with K=4 and seed size of 10. 

Table 4.14. summarizes the resul t obtained for th e fo urth experimentation. T he detail description 

of each of the segments is presented in Table 4.15. 

Fi rst 
Segmentation 

(K:4, 
Seed- lO) 

Frcq. of 
rccords/(share 

Cluster # in % ) TNC DCM TR RPC DPe TD Catc20rv Rent 

1 4872 (48%) 150. 195 1 4772.74 78.4773 0.55 99.55 11 4. 17 1 Residen tial 8 

2 571 ( 6%) 163 1.399 33 107.0245 691.6472 0.425 97.843 44.282 Residential 8 

3 393 1 ( 39%) 546.5659 36372.7333 515.6432 0.982 117.091 16.928 Bi~Business 17 

4 7 16( 7%) 110.3087 8378.3 198 125.958 1.304 255 .762 7.5135 Residential 8 

Total 10090 (100 %) 

Frcq. of 
rccords/(share 

Cluster # ill % ) 

1 4872 (48%) VL S VL L S VS 

2 571 ( 6%) H LG VH VL S VLG 

3 393 1 ( 39%) L LG M M M LG 

4 7 16( 7%) VL S VL H VLG M 

Totu! 10090 (100% ) 

Table 4. 14. Clustering result of (he fourth experimentation 
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Cluster Description Possible 
Rank 

J Very Low number of calls, Short duration of mobile calls, Very Low revenue, Low 4 

revenue per ca ll , shari duration per call , very short total durat ion, residential business 

ca tegory, and monthl y service re nt of 8 birr 

2 High number of call, LOllg dura tion of mobile ca lls, very hi gh revenue, very low revenue J 

per call , short duration per call, very long total duration, resident ial business category, and 

mont hl y service ren l of 8 birr 

3 Low number of calls. Long duration of mobile ca lls, Medium revenue, Medium revenue per 2 

call , Medium duration per ca il , Long lotal duration, Big business category. and monthl y 

service rent of 17 birr. 

4 Very low number of ca lls, short duration of mobile call, very low revenue, high reve nue per 3 

cal l, very long duration per cal l, Medium total duration , residential business ca tegory, and a 

monthl y service rent of 8 birr 

Table 4. 15. Cluster summary for K=4 and seed= IO and the possible rank of clusters. 

C luster 2 customers generate very high revenue and very low revenue per call with hi gh number of 

ca ll , long durat ion of mobile call s, short duration per call , and very long lot al duration . Thi s 

segment constitutes residential customers. Cluster 3 constitutes medium revenue and medium 

revenue per call. Thi s cluster generally embraces medium -level profitable customers. Big business 

customers share large percentage of the total customer categories. However c luster I and 4 contain 

general ly least profitable customers. They differ in th at the later contains customers that generate 

hi gh revenues per ca ll while the fanne r embraces customers with low revenue per call. Residential 

customers' category constitutes the hi gher percentage as compared to other customers. However, 

thi s cluster mode l cou ld not identify government category of customers. Bes ides the segments 

fo rmed do not rea lly exhibit the customers with high revenue as cluster model of K=6 does. 

4,5.1.5. Choosing the best clustering model 

In the foregoing experimentations, four clusters model experi mentations have been co nducted in 

the quest for appropriate segmentation model. The experimentations are carried out wit h different 

va lues of K (6, 5, and 4) and seed. Despite experi mentation with different values of the seed size, 

onl y the seed s ize that resul ted in fair di stribution of segments is reported. In the first 

experiment ation very few inSlances of the dataset is assigned in cluster 2. The researcher then 
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suspected outliers in thi s cluster (c lu ster 2) . Hence outl iers are detected and replace wi th average 

attributes va lues . Besides , the pattern s di scovered are not meaningful and sati sfactory. 

The second ex perimentati on with the same number of K (6) bu t with repl aced outliers is conducted 

and di ss imilar clu sters are formed. All segments in thi s clus ter model have di fferent charac teri stics, 

whi ch is des irab le properl y in inter-cl uster relati onship. Although thi s ex periment seems to have 

created segregated segments, it is natural to try other cluster models, particularl y K=5 and K=4 are 

tried in thi s research. 

Fi nall y, the best cluster model has been chosen based on the fo ll owing parameters: 

• Number of iterati on the algorithm has undergone to converge. Thi s shows the algorithm has 

relocated all mi spl aced data items in their correct classes with in a few loopin g. The 

mi nimum va lue ex hibits K-Means algorithm has converged very soon. 

• Within cluster sum of squ ared en·O!·s. This is a meas ure of the "goodness" of the clu stering 

and te ll s how " tight" the c lustering is overall. Lower values are better. 

• The domain ex perts' judgment. 

Number of cluster (K value) Number of Iterations Within cluster sum of squared 

errors 

6 2 1 510.29 

5 27 549.30 

4 27 11 85.80 

Table 4.16 summary of the number of iterations and within cluster sum of squared errors 

As described in Table 4.16, cluster model at K=6 exhibits the least w ithin cluster sum of squared 

errors and number iterat ions as compared to clu ster mode ls at K values of 5 and 4 respecti vely. 

Thi s shows the cluster model formed al thi s va lue of K is a good model. Bes ides, the dom ain 
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experts judged th at thi s cluster model to be the best as compare to other models experimented in 

thi s research. Thi s is due to the fac t that it could able to create di ss imil ar segments of customers. 

4.5.2. Classification Modeling 

Clusterin g model cou ld identify segments of customers that share hi gh int!il-class simil arit y and 

low inter-c lass simil arity. Yet , it does not classify new instance of customers into a certain 

segment. Hence, class ification using the decision tree algorithm, particularl y 148, and the !\~N 

algorithm (Sack propagation algorithm) are further investigated. 

In thi s section the different decision tree and neural network models are built separately by 

changin g different parameters. The classification accuracy of each of these models is reported and 

their performance is co mpared in class ifying new instances of records. 

( HOWeVer, before embarkin¥ upon the classification models bu il ding, it is worthwhil e to discuss 

( about the default pa!:illlleter for the model training and test ing, whi ch is the 10-fold cross­

validat ion. In IO-fo ld cross-validat ion, the initial data are random ly partitioned in to 10 mutually 

excl usive subsets or "fo lds," 1,2, 3, ... , 10, each approxi mately equal we. Training and testing is 

performed 10 times . In the first iterati on, the first fold is reserved as a test set, and the remaining 9 

fold s are coll ect ive ly used to train the classifi er; the class ifier of the second iterati on is trained on 

\ fo lds I , 3,4, . .. , 10 and tested on the second fold : and so on. The accuracy es tim ate is the overa ll 

number of correct class ificat ions from the 10 iterations, divided by the total number of sam ples in 

the initial dataset £ll. A lthough th e use of suc h techniques to estimate classifier accuracy 

increases the overall computation time, yet it is useful for selecting among several class ifiers [23]. 
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4.5.2.1. Decision Trees Model Bui/ding 

In thi s research work for bui lding decision tree model J48 algori thm is used. All attributes, whi ch 

are selected fo r the cluster models bui lding, are fed as independent vari ab les and the cluster labels, 

which are ass igned by the clustering algorithm, as dependent variable for the algorithm. 

J48 algori thm contains some parameters that can be changed to further improve classification 

accuracy. Initi al ly the class ification model is built with the default parameter va lues of the J48 

a lgorithm . Table 4.17 summari zes the defaul t parameters' val ues for J48 deci sion tree algo rithm . 

Default 
Parameter Description 

Value 

confidenceFactor The confidence factor used for pruning (smaller 0.25 

values incur more pruning). 

minNumObj The minimum number of instances per leaf. 2 

Unpruned Whether pruning is performed. False 

10-fo lds cross-val idation 

Table 4. 17. Summary of some of the p~lrametcrs and their default va lues in weka's J48 algorithm 

Us ing the default values of the parameters the learning scheme has been conducted and resulted in 

a decision tree, containing 11 9 nodes and 65 leaves. The confusion matrix generated from thi s 

learnin g scheme is exhib ited in Table 4.18. 

Ac(ual Predicted To(al Sore 
Cluster I Cluster2 C1uster3 Cl uster4 Cluster5 Cluster6 (Accuracy 

Rate) 
Cluster I 734 4 0 0 8 0 746 98.39 % 
Cluste r2 5 398 0 0 13 0 416 95.67 % 
C1uste r3 0 0 4849 14 0 8 487 1 99.55 % 
Cluster4 0 0 19 697 0 0 7 16 97.35 % 
C1uster5 6 16 I 0 2746 0 2769 99. 17 % 
C luster6 0 0 9 I 0 562 572 98.25 % 
Total 745 418 4878 712 2767 570 10090 98.97 % 

Table 4. 18. Output from the .148 Decision tree Jcnrncr with default parameters' values 
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From the above di scuss ion, it is easy to infer th at class ification model built with the de fault 

parameters' values resulted in better classification accuracy although it has too lengthy tree to 

weed through and dri ve all use ful rules. 

Again as stated in the forego ing di scuss ions, the nex t task is to build a decision tree with SO % of 

dataset for model training and the remaining 20% for test set. Thi s experiment was carried out to 

see whether better cl ass ification accuracy could be achi eved than the first and second 

experimentati ons. First thi s experiment has run with default value of the parameters of the J4S 

dec ision tree learner algorithm. The result of this experiment is summari zed Table 4.20. 

Actual Predicted Total Sore 
Cluster I Cluster2 Cluster3 Cluster4 Cl usterS Cluster6 (Accuracy 

Rate) 
Clusterl 15 1 2 0 0 0 0 153 9S.69 % 
C luster2 0 77 0 0 3 0 SO 96.25 % 
Cluster3 0 0 945 6 0 I 952 99.26 % 
Cluster4 ·0 0 3 143 0 0 146 97.95 % 
ClusterS 3 6 0 0 SS S 0 567 98.4 1 % 
Cluster6 0 0 2 I 0 117 120 97.5 % 
Total 154 85 950 150 561 118 2018 98.66 % 

Table 4. 20. Summary of the confusion matrix with default parameters with 80 % for training and 20 % for 
testing dataset 

T hi s model is built with 80 % (8072 records) for training and 20 % (20 18 records) for 

va lidation/ testing of the tot al 10,090 dataset. Out of 20 18 (20 %) the dataset used fo r test ing, this 

algorithm has classified 98.66 % ( 1991) of it correct ly, while mi sclassifyi ng 1.34 %( 27) of the 

testing dataset. As co mpared wi th the decision tree model built in the first experiment with all 

default parameter values, this algorithm has relatively showed lesser accuracy, even in each 

individual c lass prediction accuracy. 

Another class ification mode l similar to the abo ve experimentation has been carri ed out by 

chang ing only the de faul t parameter value of the minNumObj from 2 to 20. Out o f the 20 18 (20 % 
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of the whole dataset) test set 98.02 % ( 1978) are correctly classified. In other words, 1.98 % (40) 

the test set is wrongly class ifi ed. However, the tree size has reduced into 37 with leaf nodes of 34. 

But still the overall accuracy could not be improved as compared to the first model of the decision 

tree constructed with default parameters of the weka 's J48 decision tree learner algorithm . 

In the nu tshell , the model built with default parameters ' values and 10-fold cross-validation has 

shown better c lass ifi cat ion acc uracy than splitting of 80 % and 20 % of the dataset for traini ng and 

tes ting of th e model respecti vely. Hence, among the different decision tree models built in the 

forego ing experi menta ti ons, the first model, with the default parameters ' valu es and 10-fold cross-

validation, has been chosen due to its better both overall and indi vidual cluster c lassification 

accuracy. A tree and ru les generated from thi s model are depicted in Appendix 5, A, and 

Appendix 5, B respectively. 

4.5.2.2. ANN Classification Model 

After experim ent in g with many J48 dec ision tree models, the best model that has shown bener 

overa ll c lassifi cat ion accuracy has been chosen. The next task is to normalize the data in the range 

[- I , I), whi ch is suitable for the neura l net algori thm. ANN model learn very fast as long as the 

a ttributes' va lues fall in the range [-I , I] [3) [23) . As stated in the literature and in the specifi c 

objecti ves part of this research, the researcher is opted to build an ANN model for categorical label 

c lasses', which are derived through th e applicati on of c lu ~ terin g, pred iction of unseen dataset. 12,. 

thi s end, the researcher has used the WEKA preprocess ing fac ilit ies to normali ze the anribu tes' --
va lues to fal l in the ran ge [- I, I]. 

Consequentl y, all numeric and categorica l attribu tes arc nonnali zed. Category, whi ch shows the 

codi ng scheme the corporation is using to differenti ate its customers, is the on ly categorica l 

attribute in the dataset. There are seven di stin ct values in thi s attr ibute and each of them is assigned 
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numeri c value 1-7 arbitraril y. After mapping these nominal values into these numeric values , the 

weka 's ex plorer norm ali ze preprocessing fac ilit y has been used to normali ze all values to fall in the 

range I- I , I] . 

T he same attributes th at are used to build the decision tree mode ls, are also used in the neural net 

modeling. With all preprocess ing takes in place, th e ex perimentation proceeded with the different 

neural network models by changing the hidd en layers and learning rate parameters. Table 4.21. 1 

shows so me of the neural net classifier algorithm parameters along with their default values . 

Parameter ( DescriptiiiiD Default Value - . 

hidden Layers Thi s defines th e hidden layers of the neural network . Thi s 'a' = (attributes 

IS a li st of positive whole numbers. I fo r each hidden + classes) /2 

layer. a= (8 (num ber 

of attributes 

+6)/2=7 

learnin gRate The amount the weights are updated. 0 .3 

I O-fold cross-validation 

Table 4. 21. Parameters and their initia l/default va lues of the neural network classifier 

Despite the diffe rent neural net models built based on the experiments by changing the parameters ' 

va lues, onl y the mode l that has showed the best result in c lass ifi cati on accuracy on the 10-fold 

cross-validation and 80-20 training and testin g model are desc ribed here. For fu ll li st of the neural 

networks' different models ex perimented in thi s research refer Appendix 4. 

The model with the learning rate and number of hidden layer nodes o f 0.5 and 8 respec ti vely and 

10-fold cross-va lidation, has resulted in a 98.62 % overall class ificati on accuracy. In other words, 

out of th e 10,090 dataset given, it has correctl y classifi ed 9951 of them. The rest 1.38 % ( 139) 

records are pl aced in wrong classes. For ex ample, out of 746 hi gh revenue generatin g custom ers, 

the mode l has correctl y class ified 725 (97. 18 %) in their correct cluster, i. e. cluster I, and wron gly 
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Consistent with the dom ain ex perts' parameters, the decision tree and neural net moclels are 

evaluated . Finally the best classifi cation model is chosen. The compari son is presented in term s of 

acc uracy in Table 4.22. 

Class ificati on Overall Accuracy High Va lue customers, Low Value customers, 

Mocle l (I O-fold (10,090 Records) Cluster I, accuracy Cluster 3, accuracy (487 1 

clasfificati on (746 records) records) 

mode l) Correctl y Wrongly Correctl y Wrongly . Correctl y Wrongly \ 

Classified Classified Classified Classified Classified Class ified 

Decision Tree 9986 104 734 12 4849 22 

Model (98.97 %) ( 1.03%) ('!.8.39 %) (1.61 %) (99.55 %) (0.45%) 
.~ -

Neural Net 995 1 139 725 2 1 3, 482 1 50 

Mode l (98 .62 %) (1.38%) (97. 18 %) (282 %) (98.97 %) (1.03 %) 
~ 

Table 4. 22. Summary of the accuracy leve l of the decision tree and neural net classification models 

As can be clearly shown in the tabl e above, th e overall performance level of the dec ision tree 

mode l (98.97 %) exceeds the accuracy level of the neural net model (98.62 %). T he decision tree ..... , 

wrongly class ifi ed onl y 104 ( 1.03 %) of the whole dataset, while the neural net misclassified 139 

( 1.38 %) of the dataset (10,090). Again with regard to cluster I, hi gh va lue customers, 

c lass ificati on accuracy, the decision tree model is better/accurate than the neural net. As can be 

seen from the Table 4.22., the accuracy level of cl ass ifyin g high value customers in their cluster 

label, c luster I, of the dec ision tree is 9~)9 %, whi ch is again far better than that o f the neural net 

mode l that has an accuracy of 9~.1 8 %. Wrongly class ified high-value customers are small 111 

decision tree model, whi ch is 1.61 %, th an the neural net model , which is 2j1 %. 

Furthermore, the 148 decis ion tree model is better in correctl y cl ass ifying low-value customers th an 

neural net algorithm. The dec ision tree mode l has an accuracy of ~55 % in correctl y classifying 

low-value customers in cluster 3; whereas the neural net model has onl y 9!,97 % accuracy. In 
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other words, the mi sclassification error of the fo rmer is 0.45 %, whi ch is less than the later model 

(103 %) 

The mi scl ass ifi cati ons of the model s may be the result of the substituti on of outli ers' data by their 

fi elds mean values in the course of clusters model building. Again this can be attributed to the fact 

th at some customers' categories ex tremely have very high values of attributes , which are used for 

the model building. Besides 6000 records, which accounts for more than 60 % of th e 10,090 

dataset, are res idential customers' category. Consequent ly, these values mi ght ha ve dominated 

other values. Th is could have contributed for the mi sclassifi cation errors . 

Based on the above compari sons, the 148 decision tree has shown better performance. Hence, it is 

reall y pl ausible to conclude that the decision tree model is the best class ifier model for CRM 

appli cati ons. 

4.5.4. Evaluation 

The core of any data minin g task is data. However, un fortu nately o ft en than not data required for 

e ffec ti ve milling is not readil y ava il able in a fo rmat that the data mining algorithm required it. , 

Besides, these data are usuall y stored in different format and heterogeneous databases. To make 

things worse some of the fi elds may contain outliers, missing values, inconsistent data types with 

in a single fi eld and many other possibl e anomalies. But thi s mu st be cleansed, integrated and 

trans formed in a format suitabl e for the data mining task to be undertaken. 

Accordingly the researcher has taken considerabl e time for the data preprocessing task. Data 

cleaning (handling miss ing values, and outlier detection and removal ), and data integrati on and 

trans formati on tasks are carri ed out in a fo rm at suit able for the cl ustering and classi fi cati on. The 

data preprocess ing phase culminated w ith the selection of the final att ribu tes o f dataset for cluster 

model building. 
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Next to the data preprocess ing follo wed the building of models. The model -building phase is 

divided into two. The first phase is compri sed of building a clustering model using the K-means 

algorith m. Th is task, whi ch is iterat ively cond ucted, resulted in vari ous clus ter mode ls th at 

segmented customers. Cluster mode ls that are formed with the K va lu es of 5 and 6 have show n 

better segmentation of customers. Particul arl y, the model with K=6 has differentiated the value of 

customers into high and medium even customers within the same category. For example, big 

busi ness customers are segmented into hi gh and medium revenue contri buting customers. 

Consequently, thi s cluster model is chosen by domain experts. 

The classi fi cation models are built with the weka ' s J48 deci sion tree and multil ayerperceptron 

neural net algorithm s. Fi rst different model s of the deci sion tree have been canied out with 10-fold 

cross-validat ion and splitting of the dataset into 80 % for model training and 20 % for testing or 

vali dation. Similarly in the second experimentation of the neural net, the input vari ables to 

multi layerperceptron algorithm, weka implementation of the feed forward back propagation 

algori thm, are normal ized within the range [-I, 11. After the preparation uf the dataset, different 

mode ls of the neura l nets have been developed and the best one is chosen. Finall y, the dec ision and 

neural net models are compared based on the three parameters, overall cl ass ification accuracy, 

acc uracy in class ifying hi gh va lue customers, and accuracy in classifying low va lue customers. The 

decision tree model scored better in all the parameters than the neural net model. Hence, it is 

selected as the best cl ass ification model for thi s research. Its overall class ification accuracy is 

98.97 %. The detail of the compari son among the model s of the neural network and deci sion tree is 

presented in section 4.5.3. 

However the class ifi cation acc uracy of the neura l network is very near to the decision tree model. 

Hence, one can eas il y guess that by changing some parameters of the algorithm with many trail s, 

11 8 

I 
I 

J 



the accuracy can significantly be improved and even may result in better accuracy than the deci sion 

tree algorithm . 

4.5.5. Model Deployment 

There is the concept of customer segmentation at ETC. As sta ted in secti on 2.2.3 of chapter two. 

the corporati on has already setu p a division. Corporate Customers Support Division (CCS D). 

which iden tifi es. manages. and deli vers special services to what they call "corporate customers". 

Basicall y these customers are identified on the premises that if they are big organ izations such as 

governmental offices. big business category customers, NGOs, International organizations and 

others. thcy may generate high revenue to the corporation. This is not based on the customers 

calli ng or servi ces usage behav ior. However, the result of this research proved that behaviora l 

segmentation is possible and is best to identify and create a long last ing relationship with 

customers. Hence. thi s model can be deployed with further mod i fication and evaluation to identify 

and provide special services to corporate customers. It can also enabl e to identify potential market 

place to COMA telephone service after analyzing fu rther the segments invest igated in thi s 

researc h. In addition to these. the model can have a paramount help in the marketing strategy 

form ul at ion. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATIONS 

5.1. Conclusion 

T hi s research allempted to study the application of data mining techniques, clustering and 

c lass ificati on techniqu es, to support CRM at ETC. It has bee n conducted particul arl y on the 

COM A telephone services of the corporat ion. The service has been in troduced in the cou ntry in 

2004. Ini tia ll y it was implemented with the 50, 000 exchange capacity for test ing the techno logy. 

Currently, the corporat ion has already expanded the exchange capacity to 2.4 mi llion. However, it 

has faced wi th the problem of marketing thi s service to customers as the mobile telephone has 

dominated the market. To this end the theme of th is research is two fo ld . In one hand, it is intended 

to thoroughl y anal yze the COMA's CDR along with the bill information and customers' profile 

data so as to in vestigate different segments of customers. Thi s in turn enables the corporation to 

see which type of customers intensi vely use the COMA telephone thereby find possible market for 

the same. O n the other hand, it is destined to in vesti gate high, medi um , low value customers based 

• 
on their calling behav ior and profitability (revenue). T he identificati on of these different types of 

customers enables the CCSO of ETC to create good cus tomer relationshi p management while 

de li vcring special services to high value customers, ca lled "corporate customers." 

Accordingly, to achieve the above menti oned goa ls and the spec ific objectives of thi s researc h, 

re lated literature rev iews in the area of data mi ni ng, CRM and customer segmentati on have been 

thoroughl y carried out. In addition to thi s, CRI SP-OM process model has stric tl y been fo ll owed 

while undertaking the experime ntat ion. CRI SP-OM process model embraces business 
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understanding, data understanding, Data preparation , modeling, evaluation, and deployment 

phases. 

The data, C DR and Customers' profiles, used in this research has been gathered from the 

corporation's database, "USHACOM". The processing to chan ge this data into a format suitable 

for the data mining tasks to be performed for thi s research has been carried out. This phase took 

considerable time of the research. 

Next to the data preparation and preprocessing, different clustering models are built using the K­

means algorithm with K values of 4, 5, and 6. These values of K are chosen and experimented after 

a thorough di scussion with domain experts . The variables/attributes are selected with the help of 

the J48 deci sion tree al gorithm and those that are judged relevant by domain experts. The 

cl ustering models built at 4,5, and 6 va lues of K are eval uated and interpreted. Among these three 

model s, a model at K value of 6 has showed overall better segmentation of customers. It cou ld able 

to create diss imilar clusters of hi gh, medium, and low value of customers. Tn addit ion to thi s, the 

model has appropriately segregated high and medium values of big business category customers. 

The model also identified government category customers as the highest value customers. This 

result complies with the corporation assumptions that Government organizations are by default 

corporate customers. Finally this model has been accepted and approved by the domain experts. 

The c lass ification model s are experimented with the J48 decision tree and multil ayerperceptron 

neural net algorithms. Different models for each of these algorithms are built. The best overall 

accurate class ifier models from the deci sion tree and neural net model s are selected. Finally, the 

overall class ification accuracy, accuracy in class ifying high value customers, and accuracy in 

c lassifyi ng low value customers with minimum enor parameters have been defined toget her with 

domain experts and used to compare the resu lts of the best model s from dec ision tree and neural 
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nets . Accordingly, the decision tree model has scored better performance in all these evalu at ion 

parameters. 

The result of thi s stud y is reall y encouraging as it could able to differentiate the hi gh, medi um, and 

low va lue cus tomers properl y. In addition to thi s, the classification model has showed best 

classification accuracy of 98.97 % with the decision tree model. Hence, it is the researcher belief 

th at the model built in thi s study will contribute a lot for better CRM and marketing strategy 

formulation, if it is go ing to be dep loyed by the corporation with further improvements and 

mod ificati ons. Thi s research has proven that data mining is applicable in the area of CRM. 

In the course of undertak ing thi s research, considerable time of the research has been spent on the 

data preparation as ETC does not have data warehouse. In add ition to thi s, a lot of time is also 

spen t to consult the domain experts on the appropriateness of the models, which are built for 

clu stering and classificati on tas ks of data mining. Again the ANN's mode ls are built by changing 

only the multil ayerperceptron algorithm 's number of hidden laytr nodes and learning ra tes. 

However, o ther parameters such as number of iteration or learning time of the al gorithm have not 

been tried. 
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5.2. Recommendations 

Based on the findin gs o f this stud y, the researcher makes the foll owin g recommendati ons. 

Develop Corporate Data Warehouse 

Data is at the heart of an y data mining task. The data mining al gorithms' performance and 

scalability in uncovering interesting patterns, whi ch are prev iously unknown knowledge, rest up on 

the quality of data. To thi s end, the data must be cl eansed, integrated and transform ed into a format 

sui table for the data mining task (s) to be undertaken. Nevertheless, the data 

preprocessing/preparatio n usuall y take much of the time for a data mining research or project. Thi s 

time can be shortened if the dat a warehouse has been established be fore hand. 

Un fortun ately, ETC does not have a data warehouse. Due to thi s reason, much of the research time 

has been spent on the data preprocessing/preparati on. The researcher strongly recommends ETC to 

develop customers' da ta warehouse, which may contain the CDR and the customers' profil es. 

Here, it should be noticed that the development of the data warehouse no t onl y useful fo r data 

mining purposes, but a lso fo r other stati s tical analysis such as OLAP and OLT P. 

Integration of Knowledge-Based Systems 

The result and relevance of an y data mining mode l is usuall y judged and evalu ated by the human 

domain ex perts. It is time consuming, labo rious, and tedi ous processes in consulting the hum an 

domain experts. Moreover, the chance of correctl y eva luating the model hi ghl y depends on a 

domain ex pert ' s level o f understanding, knowled ge and ex periences in the domain in whi ch the 

data mining tasks are carried out. 
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Considerable time of this study has been spent for intensively interacting with the domain experts 

to clarify the business understanding, and the models evaluat ion. It would have been easy and less 

time consuming task, if an expert system that automaticall y evaluates the worthiness of the mode ls 

gene rated were in place. Hence, there is a need to integrate the expert system with the data mining 

too ls. 

Model Performance Improvement 

Although this study resulted in better classification accuracy, 98.97 %, with the J48 decision tree 

algorithm, the neural network model has shown very near performance in class label predic tion 

accuracy, which is 98.62 %. in thi s study, onl y learning rate and hidden nodes of 

multilayerperceptron neural network algorithm 's parameters are tri ed at different values to improve 

th e classification accuracy of the resulting model. Despite the changing of these parameters in the 

quest for better neural network class ifi cation model, its overall accuracy could not exceed the 

dec ision tree model. Hence, the J48 deci sion tree mode l is chosen as better classifier for CRM area. 

Nevertheless thi s generalization and conclusion should be substantiated with furth er researches by 

changing other parameters such as momentum, number of iteration (training time), va lidation set 

size, and validation threshold parameters of multilayerperceptron of the neural network algorithm . 

To this end , experimenting with the different values of these parameters may result in better 

c lassification accuracy. 

Data mining requires large dataset both for training and testing. Hence, increasing the dataset size 

may yield a better clustering and segmentation models. In addition to this, further attributes that 

describe the service usage behavior of a customer can be derived to generate a better clustering and 

classification model s . Again other clustering algorithms such as hierarchical, density-based, grid-
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based, and model-based and classification models such as SVM (S upport Vector Machine) needs 

to be integrated to come up with a practical system. 

CRM and Data Mining Awareness 

CRM is customer-centric approach of managin g the interaction with customers. Indi viduals at 

different levels in the organizati on should be aware of the preconditi ons towards creating a long 

last ing relationship with customers. In add iti on to thi s, data mining is at the heart of CRM . Hence, 

it should be integrated in an attempt to identify, manage, and c reate relationship with profitable 

(big spenders) customers. To utili ze data mining capabilities, awareness on its merits should be 

created among employees of the corporat ion. On the top of thi s, knowledge of data mining 

techniques, customers' value, and the corporation 's business processes shou ld be integrated to 

successfull y imple ment CRM. 

Other Areas Amenable For Data Mining Research in ETC 

ETC generates and stores very large amount of data such as the network sw itches' alarms, which 

are automat ica lly generated and stored in the log fi les when network errors or dev ices failure 

occur. To thi s end, Data mining can potentiall y be appli ed to in vestigate meaningful patterns of the 

same. Thi s di scovered pattern or knowledge can in turn be used by the corporat ion to easi ly 

pinpoint, troubleshoot, and repair the network and different devices in it. 

The other important data maintained in the corporati on and is amenable for data mining research is 

the web log fil es. These Fi les are generated and stored in the logs when internet subscribers are 

connected to the World Wide Web. They maintain information about the web brows ing 

habit/behavior of customers . These fil es can be mined to identify the customers' web sites look­

and-feel preferences and web surfing habi ts. Thi s may be useful to tailor the webs ites design 
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according to the customers' needs and preferences. In addition to thi s, the knowledge is useful to 

determine where and when to expand internet infrastructure facil it ies. 

Other Organizations 

CRM encompasses many functions. Customer segmentation, customer churn analysis, cross-

selling, and the like are among the well known ones. In thi s research , on ly the customer 

seg mentation has been carried out. To this end , data mining appli cability on the rest functions of 

CRM can be further researched in ot her organizations, which hi ghl y interact with customers and 

havc strong competitors, such as Banking, Insurance, Retail , Hospitality, and the li ke industries. 
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Appendix 2. The Weka 3.5.8 Interface with the Dataset Opened to Start the First Clustering 
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Appendix 3. Sample of the Decision Tree Generated With to-Fold Cross-Validation 
Technique 

148 pruned tree 

RENT<= 8 
I TNumberofca l1 <= 9 11 

OperCall <= 167.59 1837 
I TRevenue <= 407.544 

I RperCall <= 1.272093: c1uster2 (447 1.011 .0) 
I RperCall > 1.272093 

I OperCal\ <= 159.06 
I RperCal\ <= 2. 11 3439: cluster2 ( 152 .0/ 1.0) 
I RperCal\ > 2. 11 3439 

I TNumberofcal1 <= 8: cluster2 (3.0) 
I TNumberofcal\ > 8: c1uster3 (5.0) 

OperCal1 > 159.06 
I RperCall <= 1.378073 

I OperCal\ <= 162.278 107: c1uster2 (3 .0) 
I OperCall > 162.278 107: c1uster3 (2.0) 
RperCal\ > 1.378073: cluster3 (20.0) 

TRevenue > 407.544 
I TNumberofca l1 <= 809 

I RperCal\ <= 1.99569 
I OCall Mubi le <= 52946: clustcr2 (54.011.0) 
I OCal\Mob ile> 52946 

1 TNumberofcall <= 644: c1uster2 (5 .0/ 1.0) 
1 TNumberofcall > 644: c1uster5 (6.011.0) 

RperCall > 1.99569: cluster3 (3 .0) 
TNumberofcall > 809: clusterS (1 3.0) 

OperCall > 167.591837 
I OperCall <= 198.620939 

RperCall <= 0.877009 
1 OperCall <= 182.876728: c1uster2 (1 13.0) 
I OperCall > 182.876728 
I I RperCal\ <= 0 .564071 

I OperCal\ <= 193.704403: c1 uster2 (40.0) 
OperCal\ > 193.704403 
I RperCall <= 0.308 105: cluster2 (4.0) 
1 RperCall > 0.308 105 
I I OCal\ Mobile <= 3994: c1uster3 (5.0) 
1 I OCal\ Mob iJe> 3994: cluster2 (3.0/ 1.0) 

RperCa ll > 0.564071 
I OperCal\ <= 186.894737 

I RperCall <= 0.7 10783 : cluster2 (6.0) 
I RperCall > 0.7 10783: c1 uster3 (8.0) 

" 
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Appendix 4. Summary of the ANN's multilayerperceptron algorithm classification models at 

different values of hidden layer nodes and learning rate 

Neura l 
Clusters 

Network 
Ucconls count in each Total 

Parallleters 
cluster Cluster l Clustcr2 C1 usterJ e lustcr4 Clus terS Clustcr6 

# Records in the cJ lL~ lc r 746 4 16 4871 7 16 2769 572 10090 

Lcaming Rate 
(A) 
# Records correc tl y 

=0.3 Class ified (B) 
695 395 4836 689 2747 562 9924 

1/ Nodes in [h e 

Hidden 
# Records Wrongly 

5 1 2 1 35 27 22 10 166 

L,\ycrs= 7 
Classi ll cd (C=( A-B)) 

I O-fold cross % Correct ly Class ifi ed 
93 .1 6 % 94.95 % 99.28 % 96.23 % 99.21 % 98.25 % 

98.35 

(acc uracy) (0 =(B/A )'100) % 
vali dat ion 

% of Wrongly Classified 
6.84 0/0 5.05 % 0.72 % 3.77 0/0 0.79 % 1.75 % 1.65 % 

in stances (E-(CJA)* J 00) 

# Rc.co rds in the cluster 746 4 16 487 1 7 16 2769 572 10090 

Learning Ra te 
(A) 

=0.4 
# Records co rrectly 

72 1 392 4808 694 2753 563 993 1 

# Nodes in the 
Classi fi ed (B) 

Hidden 
# Records Wrongly 25 24 63 22 16 9 159 

Layers= 7 
Class ill cd (C=(A-B)) 

IO-fold cross % Correctly Classified 
96.65 % 94.23 % 98.71 % 96.93 % 99.42 % 98.43 % 

98.42 

va lidation (accuracy) (O=(B/A)' I 00) % 

% of Wrongly Classi fied 
3.35 % 5.77 % 1.29 % 3.07 % 0.58 % 1.57 % 1.58 % 

instances (E-(C/A)'" I 00) 

# Records in the cl uster 746 4 16 487 1 7 16 2769 572 10090 

Leaming Ratc 
(A) 

=0.5 
# Records correc tl y 

725 399 4826 693 2737 563 9943 

It Nodes i ll the r-$I~ass j fied (B) 

Hidden 
# Records Wrongly 2 1 17 45 23 32 9 147 

Ulyers= 7 
Classill cd (C- (A-B)) 

% Con'cctl y Classi fi cd 
98.54 

I O· fo ld cross 97. 18 % 95.91 % 99.08 % 96.79 % 98.84 % 98.43 % 

va lidati on 
(acc uracy) (O- (BI A)' I 00) 

% 

% of Wrongly Classi fied 
2.82 % 4.09 % 0.92 % 3.21 % 1.16 % 1.57 % 1.46 % 

instances (E-(C/A)* IOO) 

# Record s in the cluster 746 41 6 487 1 7 16 2769 572 10090 
(A) 

Learni ng Rate # Records correc tly 728 394 4805 702 2747 557 9933 
=0.6 Class ified (B) 

# Nodes in the # Records Wrongly 
Hidden 18 22 66 14 22 15 157 

Classi ll cd (C-(A-B)) 
Layers= 7 

% Correc tly Class ifi ed 
10· fold cross 97.59 % 94.7 1% 98.65 % 98.04 % 99.2 1% 97.38 % 98.44% 

va lidation 
(acc uracy) (O=(BI A)' I 00) 

% of Wrongly Class ified 
2.4 1 % 5.29 % 1.35 % 1.96 % 0.79 % 2.62 % 1.56 % 

instances (E-(C/A)* I 00) 

# Records in the cluster 746 41 6 487 1 7 16 2769 572 10090 

(A) 
Lcaming Rate # Rcco rd s corrcc tl y 723 386 4823 682 2742 557 99 13 

=0.2 Class ificd (8 ) 
# Nodes in the # Records Wrongly 

Hiddcn 23 30 48 34 27 15 177 

Classill ed (C- (A-B)) 
Laycrs= 7 

% Correc tl y Class ifi ed 
98.25 

I O· fold cross 96.92 % 92.79 % 99.0 1 % 95.25 % 99.02 % 97.38 % 

validat ion (acc uracy) (O=(BI A)' I 00) 
% 

% of Wrongly Class ifi ed 
3.08 % 7.2 1 % 0.99 % 4.75 % 0.98 % 2.62 % 1.75 % 

instances (E-(C/A)* I 00) 

Learning Rale # Records in the cluster 746 4 16 487 1 716 2769 572 10090 

=0.5 (A) 
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# Nodes in the # Records correctly 725 399 482 1 701 2745 560 9951 

Hidden Classified (B) 

Layers= 8 # Records Wrongly 21 17 50 15 24 12 139 
IO-fold cross Classified (C-(A-B)) 

validation % Correctly Classified 99.13 % 97.9 % 
98.62 

97.18 % 95.91 % 98.97 % 97.91 % % 
(accuracy) (D (BIA)' 100) 

% of Wrongly Classified 
instances ~C/ A)* 1 00) 

2.82 % 4.09 % 1.03 % 2.09 % 0.87 % 2.1 % 1.38 % 

# Records in the cluster 746 4 16 487 1 7 16 2769 572 10090 
(A) 

Leaming Rate # Records correctly 733 386 4822 697 2743 563 9944 
=0.5 Classified (B) 

II Nodes in the 
# Record s Wrongly 49 19 26 9 146 

Hidden 13 30 

Laycrs= 9 
Classified (C (A-B)) 

98.55 

1 O-fold cross % Correctl y Classified 98.26 % 92.79 % 98.99 % 97.35 % 99.06 % 98.43 % 
% 

validation (accuracy) (D (SIA) ' IOO) 

% of Wrongly Classi fied 
1.74 % 7.2 1 % 1.01 % 2.65 % 0.94 % 1.57 % 1.45 % 

instances (E (ClA) * I 00) 
# Records in the cluster 145 8 1 990 134 55 1 11 7 2018 

Lcaming Rate (A) 

=0.5 II Records correc tly 138 74 977 134 536 11 7 1976 

II Nodes in the Classified (8 ) 
Hidden II Records Wrongly 7 7 13 0 15 0 42 

Layers= 8 Classified (C (A·B)) 
97.92 

80 % Training % Correctly Class ified 95. 17 % 91.36 % 98.69 % 100 % 97.28 % 100 % 
% 

and 20 % (accuracy)(D (BI A) ' I 00) 

Testing % of Wrongly Classified 4.83 % 8.64 % 1.3 1 % 0 % 2.72 % 0 % 2.08 % 

instances (E (C/A)*I OO) 

138 



Appendix S. The decision tree and the rules derived from the tree 

A. The Partial View of the J48 Decision Tree Model 
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B. Sample Rules to Pred ic t New Instances of Records Customers into Their Correspondin g 

C luster 

Rul e # I : If Rent <= 8 
Tnumberofcall less or equal to 9 I I 

DperCall is less th an or equal to 167.59 

TRevenu e <=407.544 and 

RperCall <= 1.27, then the customer is classified in cluster 3. 

Rul e # 2: If Rent <=8 
Tnumberofcall>9 I 1 and 

TRevenue>307.922, th en a customer is cl ass ified into cluster 6. 

Rule # 3: If Rent <=8 
9 I 1< Tnumberofcall <=976 and 

TRevenue <= 307.922 
DperCal1 <= 103.33, then a customer is classified into cluster 3. 

Rul e # 4: If Rent> 8 
DCallMobile <=8 1,064 and 

Category is "Government", then a customer belongs to cluster 1. 

Ru le # 5: If Rent > 8 
DCallMobile <=8 1,064 and 

Category is "Big Business", 
Tnumberofca ll > I 297, 

TRevenue <=675, then a customer be longs to cluster 5. 

Ru le # 6: If Rent> 8 
DCallMobile <=8 1, 064 and 

Category is "Big Business", 
Tnumberofcall <= I 297, 

TRevenue <= I 104.78, then a customer belongs to cluster 5. 

Rule # 7: If Rent> 8 
DCallMobile <=8 1,064 and 

Category is "Big Business", 

Tnumberofcall <= I 297, 
I I 04.78<TRevenue <= I 785. 19, then a customer belongs to cluster 4. 
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