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ABSTRACT 

The value ol relevant and reliable inlormalion in Ihis glohalized. competilive and 

dynamic business environment is 100 high as it alloll's optimal decision making in all 

respects. Especially, in custorner-oriented businesses like in the lelecom indusliy, 

adequate in((ml1ation regarding CUSlomers is vilal so that appropriate cllstomer 

relationships fhatmaximize mutual benefit can be established. 

Behavioral based cuSlamer segmentation, ,rhich is aile of the core applications oj 

Customer Relationship I\!Janagement (CRM). provides IIsefiil insights for designing 

and implementing an appropriate CHM slrategies and programs that remit in 

sllccess. To this end. data mining has strong pOlential in exploring natural 

segmentation schemes Ihatlies within customers' dalO . 

This study is an al/empt to explore the cuslomers' da/({ to find underlying cuslomer 

segmenls Ihal may be use/ill Jar marketing decision making. The research followed 

the CRISP data mining process model. 

First Ihe business problem was analyzed and a corre.lponding da/{{ mining tool, 

techniques and algorithms were selecled. Besides, relevant daw was collected, 

analyzed and prepared. 

Then, an aUlomatic cluster detection models were buill to choose the besl allributes 

for the final segmentatiOn. Next, the final automatic ellister detection model was 

generated, analyzed and evalumed together lIlith domain experts with different 

parameters. Finally, a decision tree model, selling cluster index as dependent 

variable, \lias bllill. Corresponding rules to Ihe decision Iree were also generated. 

The results obtained were encolI{'((ging and can be fur ther reiined .for possible 

deploymel1l. 
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CHAPTER ONE 

INTRODUCTlON 

1.1 BACKGROUND 

Customer Relationship Management (CRM) has become one of the hot topics 

towards business success in the new millennium . Bose (2002) defines the terms as an 

integration of techno log ies and business processes used to sati s fy the needs of a 

customer during any given interacti on move, specifica lly, it involves acquisition, 

analys is and use of knowledge about customers in order to sel l more goods or 

se rvices and to do it more efficientl y. 

Such an appl ication of technology for the ultimate value creation to bus inesses has 

resulted in success both in the sho rt run and long ru n. Accord ing to McKinsey 

Marketing Solutions (2002), 10:20 percent pe rforma nce improve ment was achieved 

to many businesses in less than a year. However, more importantly, its long term . . 

strategic effect has been accepted by many companies in order to enable them capture 

and retain profitable customers. It is pointed out further that the traditional CRM was 

less favored becallse o f the following fOll r reasons. First. efforts often fa il to focus on 

the most impact full elements of the business. Ex ist ing data as well is often 

underestimated in creating new so lutions. Another reason is that functi ons beyond 

marketing and sal es are overlooked. Even results of the CRM plan are not properly 

tied to financial and budgeting process with targets and key matrices. 
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Fortunately. cu rren t technology has enabled businesses to reduce the impact of the 

above prob lems to a greater ex tent. Kotl er (1998) states that, CRM principally 

revolves around marketing and begins with a deep analysis of consumer behavior. It 

uses information technology to ga ther data . which can then be used to deve lop 

information req uired to create a more personal interaction with the customer. 

Marketing is the process of planning and executing the conception. pncll1g, 

promotion and di stribution of ideas, goods and services to create exchanges that 

satisfy individual and organizational objective. Nowadays . customers, that have real 

va lue to a company, are the center of marketing strategies. According ly, businesses 

have found it essential to acquire new customer as well as to retai n those that have 

high va lue. One of the major focuses in marketing is customer segmentation 

(Schi ffaman and Kanuk , 1991). 

/' 

Customer segmentation is the process of dividing customers into homogenous groups 

on the basis of common attributes and is at the heart of CRM. Segmentation describes 

the characteristics of customer groups (called segments Iclusters) wi th the data. By 

determining similar classes of customers, more targeted communication is possible 

and marketing return on investment can be enhanced since marketing messages are 

accurately reaching those customers most likely to respond. Further more, different 

marketing strategies can be developed that are more appealing to members of the 

specified group . .J7gmentation requires the col lect ion. organ izati on and analysis of 

customer data (Bounsaythip, 200 I ; Schiffaman et aI. , 1991 ). 

I Database marketing techniques have been used to identify customer groups with high 

revenue potential. se lect criteria for mailing li st and improve customer retention rate. 
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The knowledge derived from these segments will enable one to focus on more 

targe ted promotion. Furthermore. knowing customer needs bette r and treating them 

accordi ngly can increase their lifetime value. 

One of the major component/input for market analysis is the need for customer data. 

Such data/database should contai n relevant attributes (fie lds) about vi rtually each 

customer. Witten and Frank (200 I) write ho w such data has become extremely 

va luable onl y recentl y. Surprisingly, gathering raw data useful for marketing for the 

purpose of 'se lling' it to marketers is becoming a recent business. Even government 

bodies (in U .S) are also real izing to sell personal data of cit izens to these vendors to 

supplement their budget expenditure. E-mail serv ice providers as well provide/give 

access to their customer database and even sto re messages in the elec tronic boxes that 

target individual based/direct marketing (Forcht & Cochran, 1999). 

f'or many reasons, business database has grown dramat ically but not by same rate 

with technolog ies to analyze and extract information from these vo luminous data. 

However, recent break through, espec ially in the area of data mining and artificial 

intelligence, are very promising in hand ling and extracting valuable information for 

effective planning and decision-making purpose (Witte n et aI. , 200 I). 

( Data mining is defined by Two Crows Company (2003) as information ex tracting 

activity whose goal is to di scover hidden facts contained in data bases llsing a 

combination of machine learning, statist ica l analysis, mode li ng techniques and 

database technology in the areas such as decision support , predication, forecasting 

and est imating. It is a process of uncovering of hidden information from the data that 

is useful. 
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The application 01' data min ing tcchnologies has becn growing especially in CRM and 

particula rl y in the fi eld of market ing. Gene rall y. it is ve ry useful to plan and 

implement effecti ve customer relat ionship strategies, wh ich basically are targeted for 

the maximization of the value of the business in the long run. 

To effecti ve ly expl oit the potenti al of data mi ning. databases (random data in some 

cases) should be first orga nized so as to further the mining process. This is one of the 

compelling factors to implement data warehousi ng strategies and application of 

supporting technologies so that a competitive business advantage could be 

safeguarded using the mining process. Hence. it is easy to infer that data warehousing 

and data mining are to be considered together (Forcht et aI. , 1999). 

Saarenvirta (2002) descri bes that several data mining techniques are applied to 

@ support CRM. The most used methods for targeted marketing (market segmentation) 

are clustering and classification. They are used to segment the market into meaningful 

se ts (classes) upon which specific marketing strategies are planned and implemented. 

Class ification techniques /rules are used to partition the database into predefined 

classes. Before the grouping process, class descri ptions are done together with users 

(as per their decision making problem). ft is a kind of supervised /directed learning by 

whi ch each member/ case of the database is pred icted to a class where it can fu lfill 

class deti nitions. This is done using different kind of rules set for the purpose of 

classifying to appropr iate classes (DSS Research, 2001). 

Clustering is similar to class ification but classes are not predefined. The model 

/system take into consideration the similarity between members and form clusters 

according to some matri x. The underlying principle of clustering is that members of a 

4 



cluster should be simil ar to each other and. as th e same time. each cluster must be 

d i ffe rent from the other (Saa renv irta , 2002). 

] ,2 STATEMENT OF THE PROBLEJl!J 

Data mining technologies have proved themselves to be of high val ue in extracting 

in fo rm ation from customer data/database fo r the purpose of supporting decision-- --
making. Espec iall y in the presence of good co ll ection of customers' data /database, 

businesses wi ll undoubtedly obtain compet it ive advan tage oyer their competitors by 

using these technologies and are very useful in crea ting va lue to the business in the 

long run. Companies, which invol ve in providing service like banks, insurance, 

telecommunication companies and supermarkets. are potenti al users of data mining 

~ techniques for their overal l customer rel ationship management. This research/oeLises 

the application ol data mining techniques for Ethiopian Telecomm1lnication 

Corporation (ETC) in supporting its efforts in customer relationship management. 

ETC is currently a fu lly government owned telecommunication company which ./-' 
provides solely various telecom services in Eth iopia. It is a mu lti -million capital 

organ ization providing telephone (fixed and mobil e). Internet and various related 

se rvices (ETC O nline Report). 

On one hand ,. the organ ization has ri ch customer related data on which the appli cation 

of data mining techniques, espec iall y classification anel clustering methods. could 

result in valuable information for marketing decisi on-making. On the other hanel, 

there is no such an integrated system or mode l being appl ied to segment customers 

and hence no c lea r-cut group/class baseel marketing orientat ion. Moreover. though 

111 0st of the til11 e. demand exceeds rhe supply. in ce rtain type of services like in 
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diffcrent appli cati on of mobile tele phone, there exists unso ld capacity on which the 

organizat ion in vested millions of Birr. Moreover. the com pany is suffer ing from huge 

amount of unco llected revenue ea rned from past years. 

The Ethiopian government also passed a directive stat ing any further expansion of the 

telecommunicat ion infrastructure to be made from the proceeds !revenue generated 

from the sa le of telecommunication services across the country. 

As a matter of fact. it is quite vi sible that the demand fo r telecommunication service 

in the country wi ll grow significantly as private businesses are expected to be 

established and/or expand. Together with the increase in population, the organization 

has to revisit its customer relationship management strategies and should support its 

undertak ings with recent technologies so as to generate the req uired fund for its 

expansion from the fast growing demand. 

There are also indications from the government side to sell part of the shares of the 

corporation. As the government needs to sell at a higher price. the organization's 

performance in customer service is one major aspect that can attract locall foreign 

investment. 

Since the time is when effect of globalization has been expanding through out the 

world and as the international finance organization (like the World Bank and IMF) 

are insisting for the permiss ion of operation to fore ign companies in Ethiopia, the 

company should expect the poss ibi lity that other fore ign te lecom companies may be 

allowed to operate in the country in the short run. To this end , the company should be 

ready in advance to have a competiti ve advantage and exploit its goodwill through 
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planning and implementing or an integrak::i CRM initiative/program. Otherwise it 
could easil y lose in the global/ local market. 

This study attempts to address questions in the area of market segmentation. The basic research question will foc us whether there ex ists a natural and meaningf~i1 
groupmg of customers underlying/ hidden i i ~ the customer data that is useful for 
des igni ng an appropriate CRM strateg ic:', for the purpose of maXll1llZIng 
revenues/reduce costs. In other words, the stu dy explores which customers (group) are profitable and which are not. 

1.3 JUST! FlCA TION 

The traditional way of customer CRM is be i n~ replaced wi th the emergence of IT, 
based customer cent,ered one. Businesses are nc""" planning and implementing various marketing strategies to gain competitive advanuge over their ri vals and create long, 

term value to their investment. Such appli cClcion proved to yield . better results. Besides, the environment is being rapidly ch,~nging because of information and 
communication technologies. Hence, adoption of this recent trend is becoming 
mandatory. However, it is important to no.: e the fact that employing such sophisti cated system wouldn ' t guarantee succ~ss and be sought from different 

perspective, most importantly, its long term cost b~nefit implication. 
Despite these global deve lopments, no critical e :Torls are under way to change the 
traditional customer relationship management sr::cle espec ially in the utilization of data mining technologies for customer seglllc':1tati on/marketing and hence for supporting planning and implementing effect ive l112fket ing strategies at ETC'. 
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As the primary foc us of thi s resea rch is to explore the potential applicabili ty of data mining techniques in the te lecom industry, it is rega rded as a time ly effort to respond 
to the loca l and international market conditions and demand . Future trends as well 
suggest the need for an advance preparation for designing appropriate customer 
relationship management strategies in the principle of long-term val ue creation and 
integration to va ri ous funct ions of the organization as a who le. Hence, in view of the 
organization's prob lems and opportunities, conducting such kind of study is 
undoubted ly relevant. 

1.4 OBJECTIVES 

1.4.1 General Objectives 

The general object ive of this research is to help the organization maintain an appropriate Customer Re lationship Managel11ent (C RM ) through the application of 
data mining techniques (c lustering andlor classifi cation) for the purposes of 
transforming customer data into meaningful segments of customers based on their 
underl yi nglde fi ned simi lariti es. 

1.4.2 Specific Objectives 

The specific objecti ves are : 

I . To identify the type of customer data res iding in the operati ona l database. 
2. To select the data mining tool and algorithm to be used based on the type of data 

mining function to be performed. 
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3. To prepare the data for analysis. thi s in vo l\·es extracting the data and trans forming 

it to the format required for the data min ing algorithm (data selecti on, data 

cleansing, organ izi ng the trai ning data sets). 

4. To bu ild and trai n the data mini ng mode l. 

5. To evaluate (test) the model. 

1.5 RESEARCH METHODS 

The genera l approach of the study is bas ica ll y quanti tat ive as the core process is to 

co ll ect and analyze customer data. I-Iowe\"e r, as the resulting clusters (market 

segments) shou ld be meaningful !relevant fo r marketing decision mak ing, a close 

relationship with the domain experts and understanding of the bus iness operation is 

mandatory. In thi s rega rds it could have quali ta ti ve aspec t as we ll. 

1.5.1 Literature Revi ew 

Relevant li terature (books, journal s, magazines and the Internet) pertaining to the 

subject matter of data mll1lng, customer re lationshi p management and customer 

segmentati on has been compiled. 

1.5.2 Business Understanding 

Interviews, observations and document revie\\" were made to assess the need of users, 

• 
ana lyze the business problems, and have good background knowledge in interpreti ng 

resul ts of the data mini ng process. 
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1.5.3 Data Mining Methodology 

To solve the business problems and meet objectives that have already been 

identifi ed , the researcher followed the following steps in order to deve lop a data 

mining model and employ data mining techn iques. 

a) Identifying Avai lable Data Sources 

The data source was a data containing customer records of Ethiopian 

Telecommunicati on Corporation. The data/database contains data pertaining to 

customers who use the mobile se rvice provided by the organizati on on credit basis 

i. e., the target populati on was customers who are post paid mobi le te lephone users. 

The data set contains customer types and their respective attributes, and selection was 

made in respect to the organization needs and problems. 

b) Data Collection and Pl'eparation for Analysis 

Before subjecting the raw customer data to anal ys is, it !llust be converted into a form 

suitable for analysis. Data understanding and preparation acti vi ti es, such as anal ysis, 

edit ing, cod ing, cleaning, integration and transformation were conducted. 

e) Build and Train the Data mining Model 

After the data has been cleaned , formatted and transformed, the data was used to 

build clustering and classificati on models. A training, testing and va lidation data sets 

were used to generat e clusters and an exp lanat ion (rul es) of the dependent (target) 

variable in terms of the independent (input) variables. 

d) Eva luating (Testing) the Model 

[n order to check the output of the model' s performance, the process of the mode ling 

and the resu lts there of were done and counterchecked together with users and 
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doma in expe rts of the organization so that the segmentatio n process prov ides useful 
in fo rmation for making optimal customer related deci sions. 

1.6 SCOPE AND LIMITATlON 

The scope of thi s research is focused on the post-paid mob il e telephone customers of 
the Ethiopian Te lecomm unication Corporation and thei r calli ng be'hav iour fo r a 
month . The study is restricted on bu ilding a data mini ng model for segmenting the 
customers, interpreting the resulting segments, and deve lopi ng a classifi cat ion rul es 
for each segment. The develo pment of a classification prototype was not feasible 
mainly because of time constraint. 

1.7 APPLICA TION OF RESULTS 

T he resul ts from thi s research will suppo rt the routine and strategic dec isions made by 
the Ethiopian Te lecommunicat ion Corporation. By plalUling and implementing an 
appropriate marketing strategy and provide an attracti ve offer through the right 
channel and at the right time, each customer contact is more li kely to achieve its goa l. 
And by the result, customers are prov ided im proved services and the profi tabili ty of 
each customer will increase. [t is considered to contribute a lot fo r the company in 
address ing ineffi ciencies of the ex isting customer relat ionshi p in the area o f post paid 
(credit based) mobile telephone service. The research can be easi ly replicated for the 
pre paid mobile customers and fi xed telephone customers with sli ght Illod ification as 
the attri butes that are used to desc ri be calli ng behavior of a customer remain almost 
the same. 

II 



I 

It is also be l i.eved that it could initiate researchers in the area as it is an initial attempt 

for ex ploiting the potential .of data mining techn iques in the tel ecom industry in the 

area of customer re lationship management. 

In general , the results may support market ing to developlimprove new/existing 

products and services based on the needs of customers. Moreover, marketing efforts 

target selected promotions that increase the average purchases made by a given 

customer (segment), thereby lowering market ing costs and as the same ti me improve 

customer sat isfaction. 

1.8 THESIS ORGANIZATION 

This research contains seven chapters. The first chapter deals with a general 

background, statement of the problem, justi fi cati on, objecti ves, research methods, 

scope and limi tation, and the poss ible app li cation of the research work. The second 

chapter deals with different aspects of data mining. The third chapter covers customer 

segmentation within the framewo rk of customer relationship management and in 

relati on to data mining. Chapter four presents data mining techniques and algo rithms 

used for the segmentation process. Chapter five briefly introduces Ethiop ian 

Telecommunication Company and its post-paid mo bile te lephone service. Chapter 

six, the most relevant chapter. di scusses the di ffe rent stages of the experimentation 

towards bui ld ing the data mining model and interpretation of the results . The final 

chapter, chapter seven, dea ls with the conclusions and recommendations based on the 

investigations of the study. 
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2.1 INTRODUCTION 

CHAPTER TWO 

DATA MINING 

The contemporary challenge of information explosion creates both challenge and 

opportunities to both organizations and individuals. Though not in the same pace, the 

advancement of ICT in general enables users of information to increase their capacity 

of utili zing information for various decision·making purposes. Recent field s are 

emerging by deve loping new theories and application frameworks in a move to 

manage the cha llenge and exploit the opportunities (Two Crows Corporation, 1999). 

The biggest chall enge lies in changing huge amount of data. most of the time stored 

in digital form , to relevant information and knowledge that enables decision makers 

make optimal decisions. For this purpose, va rious data processing, storage and 

communication systems are developed and being utilized by users significantly. 

These systems (software) allow users have relevant and reliable information on time, 

which is critical, especia ll y in the business world fill ed with stiff competition (Witten 

et aI. , 200 I). 

One of the di sciplines, which significantly contri bute in changi ng data to va luable 

information, is data mining. Data mining is the process of exploration and analysis, 

by automatic or semi automatic means, of large quantities of data in order to di scover 

meaningful patterns and rules. Data mining is al so defined as a process of extracting 

nontri vial, implicit, previously unknown and potentially useful information (Han et 

aI. , 200 I). 
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2.2 THE CORE OF DATA NJJNING 

To ex ploit properl y the potent ial of data mi ning, adeq uate knowledge and hands-on 

ex perience is very essenti al in the core areas of competency, which are data mining 

techniques. the data itse lfand the modeling process (Be rry et al. . 2000). 

2.2.1 Data Mining Techniques 

Data mini ng techniques refe r to the conceptua l approach to extract information from 

the data . Basically, there are three popul ar data mini ng techniques namely automatic 

cluster detect ion, decision trees and neural networks. Each technique is most 

appropriate for special kind of data mining task. 

2.2.2 Data 

On of the core components of data mining is the manage ment (preprocessing) of the 

data itself. Data refer to facts that rarely are relevant for decision making. Because of 

infurmation and communication technology (lCT), the production and dissemination 

of data increasecl alarmingly however the exploitation of the same to support decision 

making is not growing in the same pace. Data mining is one of the di sciplines that try 

to fill this wide gap . 

To make the clata ready fo r cl ata mining, a number of tasks should be performed . 

These include choosing of the ri ght data, cleaning the clata, understanding the data 

structure and integrating and transforming data. In most of the time, these 

preprocessing stages take significant share of the total data mllllllg effort. Data 

warehousing so lves considerab le effort of thi s data processing and is an ideal place to 

start the cl ata mining process (Two Crows Corporat ion. 1999). 
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Busin ess 11Ilders/flluliJlg 

This initi a l phase focuses on understand ing the projec t objecti ves and requirements 

fro m a bus iness pe rspecti ve, and then conve rt ing this knowledge into a data mining 

problem de fi nition , and a preliminary plan designed to address the prob lem. 

Data IlIIderstalldillg 

The data understandi ng phase starts with an initial data co ll ecti on and proceeds with 

activiti es in order to get famili ar with the data, to identi fy data qua lity problems, to 

discover first insights into the data, or to detect interesting subsets to form hypotheses 

for hidden information. 

Data preparatioll 

The data preparat ion phase covers all activities to construct the final dataset (data that 

wi ll be fed into the modeli ng too l(s)) from the initial raw data. Data preparation tasks 

are likely to be performed mul tiple times, and not in any prescribed order. Tasks 

include select ion of tables, records, and attributes as well as transformation and 

cleaning of data fo r modeling too ls. 

Jl!Jodelillg 

In th is phase, vari Ous model ing techniques are selected and applied, and their 

parameters are calibrated to optimal values. Typica ll y, there are several techniques 

for the same data mi ning problem type. Some techniques have specific requirements 
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on the form o r data . There fore, stepping back to the data preparati on phase is o rten 

needed. 

Evaluation 

Before proceeding to fi nal dep loyment of the mode l, it is important to more 

thoroughly evaluate the model , and review the steps executed to construct the model, 

to be certain that it prope rly achieves the business object ives. A key object ive is to 

determine if there is some important business issue that has not been sufficiently 

considered. At the end o f thi s phase, a decision on the use of the data mining results 

should be reached. 

Deployment 

Depending on the requirements, the dep loyment phase can be as s imple as generating 

a report or as complex as implementing a repeatable data mining process. In many 

cases it will be the customer, no t the data analyst, who will ca rry out the dep loyment 

steps. However, even if the analyst will not carry out the deployment effort , it is 

important for the customer to understand what actions are needed to be carried out in 

order to actua ll y make use of the created models. 

However, as the term ' data mining' is widely used to refer to the who le knowledge 

di scovery process, the same use and understanding of the word is adopted through out 

thi s research and hence, the two terms mean the same thing here afterwards for 

con vel11ence. 
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2.4 DATA MINING AND RELATED FIELDS 

Data mining has a strong relat ionship and considerable overlap with other fie lds as it 

is a recently emerged but fast growing disc ipline. It is of inte rest to researchers in 

machine learning, pattern recognition. databases, stati stics. art ificial intelligence. 

knowledge acqu isition for expert systems, and data visuali zation. 

2.4.1 Data Mining and Data Warehollsing 

Data warehousing involves the integration, cleaning and transformat ion of data from 

various sources and from diffe rent formats. Such undertaking creates fe rtile ground 

for data mining as required data wi ll be available in the data warehouse and 

considerable part of the data preparation work is completed. Since a consideration is 

given for data mining while designing a data warehouse, other rea l benefits could be 

exploited. However. a data warehouse is not a prerequisite for data min ing since 

bui lding 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 (Forcht et aI., 

1999). 

2.4.2 Data Mining and Database Management 

Data base management systems (DBMS) also provide good ground to data mining as 

the broader purpose of data mining is to discover knowledge from large databases. 

DBMS offer essential capabilities to data mining as it contains a consistent data 

model and advanced high level query languages that help users to get the required 

information for their need. The data about data (meta data) found in the databases is 

18 



• 

also valuable for data mining as the nature of the attribu tes can be eas ily understood 

(Connol ly and Begg, 2000). 

These greatly faci litate the data mining process as data is co llected, cleaned and 

integrated for modeling from different databases . In such environment, the data 

mining task could be done with less cost and time but with relevant output. 

2.4 .3 Data Mining and OLAP 

There ex ists a kind of confusion about the di sti nction of the two terms. OLAr (On 

Line Analytica l Processing) greatly uti li zes the application of complex queries to 

analyze multidimensional data mostly from the data warehouse query languages. The 

user exploits OLAP capabilities to check his generalization and relationships in the 

data by formi ng the necessary query. That is, the user should fi rst hypothes ize and use 

OLAr and use the data for support. However in data min ing, generalizations and 

relationships are generated from the data itself. It requ ires in depth analysis to induce 

new information fro m the data using relatively complex techniques (Connolly et aI. , 

2000) . 

2.4.4 Data Mining, Artificial Intelligence (AI) and Statistics 

Data mining was first introduced when AI, and statistica l techn iques were applied to 

common business problems. We ll , the scope of data mining now widens from 

business problems. Its scientific app lication, for example, has dramatica lly increased 

for variety of purposes. The basic capabili ty of data mini ng provided by these fi elds is 

the capacity of pattern recognit ion from data using complex and powerful techniques 

and tools like neural nets and decision trees. The ad vancement of Information and 
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Communication Technology (ICT) has also acce lerated the growth of data mining 

both in terms of techniques and tools as well as scope of app li cation (M itche ll , 1997). 

2.5 DATA MINING PROBLEM TYPES 

Us uall y, the data mining process in volves a combination of different problem types, 

wh ich together so lve the business problem (CRISP-OM. 2000). 

2.5.1 Data Description and Summarization 

Data descripti on and sum ma ri zation aims at the concise descript ion of characteristics 

of the data, typically in elementary and aggregated form. This gives the user an 

overview of the structure of the data. Sometimes, data description and summarization 

alone can be an objective of a data mining project. This kind of problem would be at 

the lower end of the sca le of data mining problems. 

2.5.2 Segmentation 

This data mi ning problem type aims at the separation of the data into interesting and 

mean ingful subgro ups or classes. All members of a subgroup share common 

characteristi cs. Segmentat ion can be performed manually or (semi-) automatically. 

The analyst can hypothesize certain subgroups as relevant for the business question 

based on prior knowledge or based on the outcome of data description and 

summari zation. However, there are also automatic clustering techniques that can 

detect prev iously unsuspec ted and hidden structures in data that allow segmentation. 
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2.5.3 Concept Descriptions 

Concept description aims at an understandable descript ion of concepts or classes. The 

purpose is not to deve lop complete models with high predicti on accuracy, but to gai n 

ins ights. 

Concept description has a c lose connecti on to both segmentation and class ification. 

Typicall y, there is segmentati on before concept descri ption is perFormed. The 

important distinction is that c lassificat ion aims to be complete in some sense. The 

classification model needs to apply to all cases in the selected population. On the 

other hand. concept descriptions need not be complete. [t is sufficient if they describe 

important parts of the concepts or classes. 

2.5.4 Classifica tion 

Classification assumes that there is a set of objects - characteri zed 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 called classifiers) , which ass ign the correct class labe l to previously 

unseen and unlabeled objects. Class ification models are mostly used for predictive 

model ing. The class labels can be gi ven in advance , for instance defi ned by the user 

or deri ved from segmentation. 

Classillcation is one of the most important data mining problem types that occur in a 

wide range of various app li cat ions. 

21 

, 

s 

n 

a 

:t 

:I 

It 

e 

, 
/ . 

r 

y 

s 

y 

I 
I 

I 
I 



1 

Data mining can se rve as a resea rch tool. during research and deve lopment phases. 

Especia lly the pharmace utica ls indust ry, as it invo lves test ing of vanous 

combinati ons of chem icals to yield a drug. To choose which chemical have a 

potentia l for drug al so is a prob lem that can be addressed by data mining wh ich save 

million of do ll ars f rom ex pend iture on non-promising one. It can also be used for 

process improvemen t as most of the manufacturi ng processes are contro ll ed with 

stati stica l methods based computer programs. The process itse lf has many inputs to 

produce a given output creating fert il e ground for the app lication data mining and 

hence enabling to save input resources and get quali ty output. Data mining has 

resulted success is the marketi ng and customer relationship management. It provides 

useful insights about customers so that appropriate marketing campaign is 

implemented to only target customers (group) who most likely respond and become 

valuable. This will greatly help the finn to increase marketing efficiency and 

effecti veness. It serves for the identi fi cation and anti cipation of customer needs and 

wants for the purpose of maximizing mutua l benefit through provis ion of qua lity 

goods and services. It is playing leading role in employi ng CRM at every po int where 

the organizati on has contact with the customer (Berry et aI. , 2000). 



CHAPTER THREE 

CUSTOMER RELATIONSHIP MANAGEMENT, CUSTOMER 

SEGMENTATION AND DATA MINING 

3.1 CUSTOMER RELATIONSHIP MANAGEMENT 

3.1.1 Overview 

Many companies recently are adopting customer centric strategies programs, tool s, 

and techno logy for effi cient and effective CRM. This is because of the understanding 

that fo r making optimal deci sions an in tegrated and detail information, which is 

reI iable and relevant, is mandatory. 

CRM has become num ber one focus in today's competitive market. More than ever, 

the abi.lity to understand and mange close relationship with cllstomers has become a 

prerequisite to achieve business goa ls. Past and present trends imply the relevance of 

customer information and knowledge to bui ld strong relationsh ips with their 

cllstomers over longer ,Period of time through providing customer sati sfaction, as the 

same time, earn business value (Kim, Suh, & Hwang, 2003). 
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The nature and scope o f C RM is not yet clea r and many resea rchers in the area of 

marketing are undergo ing for the deve lopment of conceptua l fo undations of 

managing relat ionships with customers. Researchers from computer and information 

sc ience disc iplines are also searching for meth odol ogies. techniques and so ftware 

tools to ass ist dec isions in the management of relati onships w ith customers. 

i l 

Many argue that customers' centri c ori entation (one-one relationshi p) is a 

subset/ex tension o f the marketing ori entati on (group based relationship). Others 

disagree to thi s argume nt and describe the trend as a fundamental shift from 

managing market to managing a spec i fic customer. In the fi st case (marketing 

o ri entati on) the fi rm has control ove r the marketing mi x. however, in the second case, 

the firm is directed by customer tastes and preferences. CRM principally revolves 

around marketing and begins with the deep analysis of customer behavior. CRM is 

based on the customer centric orientation to dea l with diffe rent behavior of individual 

customer to obtain and maintain a share of each customer rather than a share of the 

entire market with the help of appropriate ICT (Xu. Yen, Lin , & Chou, 2002). 

CRJ'v! is an information industry term for methodologies. software and usuall y 

internet capabi lity that help enterpri se mange customer relations in an organized way. 

It is also defined as an all-embrac ing approach integrating sales, customer service, 

marketing and other functions that touch customers so that by integrating strategy, 

people, process and technologies . relati onships with customers, di stributors, and 

suppliers are max imi zed . Bas icall y. CRM is a not ion regarding how well an 

25 



organ iza tion can keep the most profitable customers at the some time reduces costs. 

increase va lue of interaction and hence maximize profit (Bose, 2002). 

CRM system can be viewed as information system aimed at enabli ng organi zat ions to 

realize custome rs' foc us. One view of CRM is utiliza tion of customer knowledge to 

deliver releva nt products and se rvices to the customer. Another view focuses in the 

database technology specially data warehousing and data mining which are crucial for 

the functional ity and effectiveness of CRM system. CRM normally involves business 

process change and introduction of new technology (Yang & Padmanabhan , 2004). 

The purpose of CRM is to improve marketi ng productivity. Productivity is measured 

in terms of effic iency, effecti veness and economy. This can be achieved through 

creating cooperative and col laborative processes that help reduce transaction costs, 

increase revenue and finally create value to business during the lifetime of a 

customer. It is an integrated effort to identify, maintain and build up a network fo r the 

mutual benefit of both sides through interactive, individualized and value added 

contacts over a long period of time. In some cases, CRM is regarded as a domi nant 

(core paradigm of marketing. It is regarded as a shift of marketi ng role from 

manip ul ating the customer to genuine invo lvement with customer through appropriate 

communication and sharing of knowledge (Parvat lyar et aI., 2002). 

CRM can a lso be seen as business strategy aimed at gai ning a long-term competitive 

advantage of optionally de liveri ng customer va lue and ex tracting business value 

simultaneous ly. For the vast majority of businesses, the abi lity to acquire, retain and 

enhance customer re lationship is the last place left to find an advantage (Bu ll , 2003). 
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As ind icted above, varied views (defin itions) are forwarded by many authors fo r the 

term 'customer relati onship management ' . The defini ti ons can be categor ized into 

three as technology centric, customer li fecycle centric and strategic centric (Kellen , 

2002). Accordi ng to Kellen , the first category of definiti ons refl ect the position of 

vendo rs who are invo lved in supplying CRM technology and they regard the term 

almost synonym to techno logy. The second category views the term as a four phased 

customer li fecycle na mely attracting, transacting, service and supporting, and 

enhanc ing. Th is perspect ive is that of practitioners to descri be flow of activities 

during a life time of a customer rather than focusing on product li fe cycle . The last 

category defines the term as a technique to compete we ll in the market and create 

val ue to the business. 

3.1,2 Principles and Tasks of CRM 

CRM prillciples 

There are three basic principles of CRM implementation namely personali zation, 

loya lly and lifetime value. The first one deal s about treating customers individually so 

that products and services are designed and offered based on the preferences and 

behavior of the customer. Loya lty refers to the company's retention capacity through 

continuous contacts / relationships so that the customer gets sati s fied and less likely 

to swift to other companies. The last one focuses on the se lection of good customers 

from ' bad ' through analysis of their respecti ve behav iors. Decision wou ld be taken to 

drop bad ones and keep the good ones as the motive of the organization is to 

maximize its profits in the long-run and has limited resources to spend for customer 
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care. Fro l11 econol11ical perspecti ve. it is less costly to retain a custol11er than to find a 

new one. The major goals of CRM are increasing revenue growth through customer 

sati sfaction and reduce cost of sa les. distribution and l11inimi ze customer support 

costs (Parvatl yar & Sheth, 200 I. Gray & Byun. 200 1). 

f(ey CRM Tasks 

The basic questions CRM tri es to answer are basically two: to know the status of 

custol11ers to find out thei r profitability leve l and to foc us on strategies and ways the 

custol11ers can grow to derive l11ax imize profit to the business and as the same til11e 

keep customers satisfieci and rel11ain loyal. 

The basic tasks to address these questions can be categorized into fou!' 

tasks/processes: cus tomer icienti fica tion. custol11er differentiation, customer 

interact ion and customization (Gray et aI. , 200 1). 

1. Cuslomer idenlificalion 

lt is the first step and refers to the attraction and or knowing of customers through 

marketing channels, transactions and interactions over time for the purpose of 

growing to a profitable one. 

2. Cusloll7er differen lialion 

This refe rs to segmenting of cllstomers into different perspective from the cOl11pany's 

po int of view as each cllstomer has thei r own lifet ime , 'alue. 
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3. Customer interaction 

As the customer is to be exploited fo r ll1axill1ull1 long term value, ana lys is of hi s/her 

behav ior over ti ll1e is ll1andatory to know and offer the ri ght goods and se rvices at the 

right time. 

-I. ClIstOll1iZalion (Personalization) 

The final goa l of CRM is to treat each customer uniquely so that each customer long 

term va lue and/or loyally increases. 

The above tasks are greatly faci litated with the use of IT. 

3.1.3 CRM and IT 

CRM technology fac ilitates communication and management of customers through . 

automat ing the information channels like face to face, ll1ail , phone, fax, web, and e-

mail. Moreover. the technology enables the companies improve performance alll10st 

in every functiona l areas and business processes including sect ions that have closer 

contact with the customer like marketi ng, sa les, fi eld service. contact center etc . Data 

warehousi ng and data mining tools and other related technologies help to analyze and 

extract hidden knowledge from customer data and have become the backbone 0 f 

CRtvl systems (Bose, 2002). 

Though potentially all firm s can benefit fro m CRM technology, for ce rtain 

companies, it is best suited . These companies inc lude those which accumulate lot of 

data on each custoll1 er on the course of their busi ness like financia l and 

telecommunication companies (I BM, 200 I). 
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3.1.4 Nature of Customers 

As customer arc not equally profitable to the business. app ropr iate segments should 

be made to select those who are legible for a given marketing program or to 

determine what kind of marketing effort is necessary for each segmen t of customers 

to finall y maximize the profitability of the finn. 

There are three di stinct types of relatio nship customers: the top, middle and lower 

groups. The tops are those with higher product ivity and loyalty. These customer 

groups need a good treatment to keep them for longe r period through offering the 

poss ible best offer, products and services. The middle ones are those who have the 

potential to be grown to the top group. Here, a lot 10 be done to make this group 

profitable and loyal. The lower group is marginally profitable. The task of targeting 

th is group should be made in care, as the cost of such activity may be greater than the 

benefit derived. Treating thi s group of customers wou ld affect the treatment of the 

other better groups, as the resources in any organization are limited to perform CRM 

projects. The identification of these three groups is one of the major tasks of CRM so 

that appropriate CRM strategies are des igned and implemented for each group as 

CRM primaril y involved in targeting the right offer to the ri ght customer at the ri ght 

time for the ri ght price (Bul l, 2003). 
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3.2 CUSTOMER SEGMENTATION 

3.2.1 Overview 

Customer segmentation is an ex pensive engagement. The success of shareholders 

investment is great ly dependent on how wel l appropriate marketing strateg ies and 

programs are des igned and implemented. This des ign and implementation in turn is 

based on the quali ty of segmenta ti on made, as each segment requires unique 

marketing strategy and program. Once a company adopts a specific segmentation 

scheme, all resources, skil ls and processes are directed towards it which ultimately 

determines the val ues and cul tures of the organi zati on (U lwich & Eisenhauer, 2002). 

Traditional segmentation, wh ich is based on industry class ifi cation , business size, 

geography or some stati s tical classifi cat ion, rarely meets the criteria for ideal 

segmentation scheme. Companies should str ive to find natural segmentation scheme 

that gro ups customers with common outcomes and characteri st ics. 

T he cha llenge is to uncover natural segmentation scheme, as the way of di scovery is 

not obvious. However, the benefit of such natural segmentation is far- reaching as the 

firm can di scover a wo rld of new markets of opportuniti es which other competitors 

cannot see until it is created. Such perspecti ve helps companies to al ign resources, 

sk ill s and val ues around these opportuni ties, resulti ng in higher return on cap ital and 

fl ex ib le for possib le changes in the market. However many companies still built their 

values and cultures in a lesser than optimal segmentation scheme and should revisit 

the ir status and uncover poss ible natura l segmentat ion schemes to guarantee their 

pro fit ab ility in the long run (Ziberna & Zabkar, 2003). 
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On the other hand. higher income and education contributed a lot to have customers 

with complex tastes and intelligent dec ision making ab ility. The availabil ity of 

information on a wide variety of products and services greatly fac ilitated buying 

decis ion making. Moreover, the number of suppliers has been increasing at faster rate 

than the growth in demand (Vrines. 2001). 

These cond itions have changed the market very hard to survive to sellers. To survi ve 

and become profitable in the market, it is the order of the day, for se ll ers, to think 

thoroughly in identifying every opportunity, prioritize their marketing strategies, and 

design and implement an appropriate program in order to gain competitive advantage 

for securing a better market share. 

Segmentation. which basically is a marketing orientation approach, is no more 

provides a competitive advantage by itse lf and now often considered as a minimum 

requirement for doing business. The trend is to adopt customer centric approach by 

which every customer is treated individually and uniquely. Emphasis is also given not 

for profit from a given transaction but on customers' lifetime value (Ahola, & Rinta-

Runsala, 200 I ). 

Marketing data generally needs some processing to be accessib le for effective and 

efficient management decis ion making . It is very critical to have relevant and reliable 

information about the customer needs. wants and beha\iora l characteristics to be able 

to adjust and d irect marketing activities for the benefit of both parties: the seller and 

the buyer. Customer segmentation is a process of changing the raw data of marketing 

nature into groups to yield an understanding of customers in general. The bases of 
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segmentation may be based on key strategic va riables to make the resu lt s of 

segmentation meaningful and relevant for making informed decisions. The 

segmentation process invo lves the fo llowing steps: dec ision of the data source, 

se lection and de termination of bases of segmentation. selecting vari ables to describe 

segments, sample selection , data gathering, formation of segments, description of 

segments (profi le fo rmati on), and usage of segmentation results for prob lem solvi ng 

(U lwich et aI. , 2002). 

3.2.2 Bases and Va riables of Segmentat ion 

One of the challenging tasks during segmentati on is to choose and derive appropriate 

segmentation bases and variab les on which the segmentation process is performed 

.' 
and resulting segments are interpreted. This greatl y depends on the type of 

segmentation problem. Variables can be categori zed as geographical, demographical 

psychological and behavioral (Basgoze & Gokturk, 2003). 

Behavioral segmentation clusters end-users based on the requ irements of the decision 

makers or in respect to the problem to be add ressed. In many instances, behavioral 

based segmentation is recommended if the prime motive of the finn is to maximize 

benefit (profi t) by identification of marketing opportunities. Th is is so because of the 

fact that customer beha vior ana lysis enab le to know the firm what are the needs and 

preferences of customers so that an appropriate marketing programs are designed and 

implemented according ly that result in increased long term profitabi lity through 

max imizing revenue and cutting of costs. Moreover, thi s kind of segmentation creates 

relatively homogeneous so lution according to se lected characteri stics. As the 
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resources, skil ls and values are directcd to maximize return , such kinci of 

se~ll1 entation has got popularity these clays ([loullsayt hip et al.. 2001). 

H(lwever, pro blem of accurately and use fully ciesc rlb ing segments is cumbersome. 

Th,: re is also a possib il ity ol 'using combined variables taken from different categories 

but doesn't guarantee better segmentati on resul ts. 

3.2.3 C riteria for S uccessful Segmenta tion 

There are six basic criteria for a given segmentation to be relevant and lead to 

proti table strategies and programs name ly identifiability. SlIbstCll1liality, accessibility. 

stability, responsiveness and actionability. Identitiability refers to how well the 

segments are separated into clusters that are di ss imilar to each other but contain 

similar members within them. Substantiality refers to the size of a given segment 

whether it is legible for a design of a particular marketing strategy/program. 

Accessibil ity refcrs to the extent at which customers are reached through different 

channels including direct whil e stability is about the continuity of segments with their 

attr ibutes in the future. Responsiveness refers to the level of initiation of customers 

in a particular segment to a given message over a specified period uniquely from 

other segments. The final cri teria, actionabil ity, is about the ex tent segments react and 

show marketing efforts in line with the organ izations expectations and competencies 

(V ri ens, 200 I) . 

3.2.4 Segmentation in the Telecommun ication Industry 

Behavioral segmentation usually can be best utili zed in the telecoms industry to 

manage clistoiller relationsh ips. The segillentation can be performed on reliable 
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transaction data as every call transaction is captured. stored and assessed in a rorm of 

Call Detail Record (IBM , 2002). 

Before segmentation of thi s kind, first, the terlll 'customer behavior' should be clearly 

de fined in con tex t. In the te lecom industry, customer behav ior can be defined as the 

combinat ion of ca lling behavior and service utilization behav ior. The first refers to 

the patterns of call during a peri od of time and poss ibly may be represented by the 

duration of call s, number of ca ll s made and total revenue generated. The second 

e lement of behavior, service ut ilization, could be represented by different ways that 

can measure the tota l number of se rvices that each customer uses. Demographic data 

could be also used to describe clusters after segmentation (IBM, 200 I). 

3.3 APPLICATION OF DATA MINING IN CRM AND MARKET 

SEGMENTATION 

The lifecycle of customers can be seen as four stages: prospects, new customer, 

established customer and fo rmer customer (Berry et aI. , 2000). 
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Figure I : Different stages in customer life cyc le 

The first stage is at a time where the potentia l customer has to be targeted UStng . 

different marketing campaigns . Finding potential customers segments and profiling 

(using data mining) will help to send the right message to the most probable 

responder through an appropriate marketing channel. 

At the second stage, potential customers responded to the market ing messages should 

be treated further so that they become establi shed customers. Predictive data mining 

could help to determine which responders wi ll become real customers and hence 

appropriate treatment can be forwarded. 

At the third stage , customers establi shed re lationsh ips and data related to their 

behavior is ava ilable. During thi s period, the customer should be stimulated and be 

grown to the maximum poss ible. To th is end customer beha vior modeling can be 

done using both descri pti ve and pred ictive data mining. Customers with high value 
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should be rewarded and retained. Those with hi gh potential shou ld be grown to the 

nex t leve l. However, those with a very low potent ial should be abandoned provided 

that the cost of ca rrying exceeds the benefit der ived. 

At the final stage. customers who establ ished business re lationshi ps may churn due to 

many reasons. Data mining can be employed to identi fy those customers who are 

likely to churn. Even after some customers are lost, a marketing st rategy should be 

des igned to win back those customers who are churned to other competitors. 

Different applica ti on of data mining call for different, and in many cases combination 

of, data mining techniques and methods. In the next chapter, data mining methods 

that are usefu l for customer segmentation and employed in this research are 

discussed. 
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CHAPTER FOUR 

DATA MINING METHODS FOR CUSTOMER SEGMENTATION 

4.1 OVERVIEW 

The task of customer segmentation is done mostly using clusteri ng and classification 

techniques in data mining. Cluste ri ng techniques are used for searching natural 

segments in the data based on the bases and variables se lected. Various clustering 

techniques and algorithms ex ist and each is most sui ted for particular situations. On 

the other hand, classification techniques are used for finding rules (profi les) for each 

cluster so that a new customer can be assigned in a particular segment that matches 

best his/her characteri stics. More over, the segment rules (profiles) serve as a basis 

for interpretation so that decision makers can understand the nature of each segment, 

and design and implement appropriate marketing strategies (Two Crows Company, 

1999). 

4.2 CLUSTERING TECHNIQUES AND ALGORITHMS 

Clustering in data min ing is a discovery process that groups a set of data such that the 

intra-cluster simi larity is maximized and the inter-c luster similarity is minimized. The 

model ing process is unsupervised that is no prior knowledge is available to exactly 

guide the process. The data mining process is done together with domain experts so 

that the segmentation is in li ne with their problem/opportunity at hand and the results 

should provide new information/insight about customers and this should help to make 
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optimum decis ions at different lifecycles of a cus tomer on whi ch di scovery data 

min ing is po tentially use ful (Bounsaythip & Rinsa- Runsala. 200 I). 

'J.J Clusteri ng algorithms can be broadly divided into hierarc hical and non-hierarchical 

( ,-
ones. Hierarchical a lg~mS to rm a tree-li ke structure either in a bottom-up or top-

down ways are ca ll ed agg lomerative and divisive approaches respectively. In the first 

case, agglomerat ive approach, each object (customer) is regarded as a separate 

(initial) cluster and at every consecutive step each cluster, with its closest cluster, 

forms another high level cluster un ti l all clusters are under a highest cluster or a 

termination criterion is fulfill ed. In the second case. however. all obj ects are placed 

first in one cluster. and by consecutive steps, the initial cluster is di vided into smaller 

clusters until each object is treated as cluster or a termination criterion is fu lfilled. 

Unlike in hierarch ical clustering. non-hierarchical clustering procedures do not 

construct a tree li ke structure. Rather, cluster centers are initially selected (formed) 

and each object is assigned in a cluster based on its proximity to the cluster center 

(Ahola et aI. , 200 I). 

The K-l11eans clustering algo rithm is a '~ierarchica l one and is very popu lar in 

data mining. Another neural network implementat ion algorithm , Self Organizing Map 

(SOM), is as we ll very popular clustering algorithm in data mining. The k-means 

clustering algorithm, which is used in thi s research, is used for customer segmentation 

by various researches even in the telecol11 industry (Bounsaythip et aI. , 200 I). 

4.2.1 The K-Means Method 

The K-means algorithm is one of the most app lied in practice and is relatively simple 

to understand and implement. It is primarily suitable to cl ustering a data set 
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contain ing variables with numeric (continuous) va lues . It is also poss ible to adj ust the 

algorithm to lit to a data set with categorica l attr ibutes (B ishop, 1998; Angoss, 2002). 

The algori thm works based on the concept of d istance and partitions the data set into 

predefined numbe r of clusters (K) . It initi a ll y assigns po ints randomly for each cluste;' 

and ca lculates cl uster centroid for each cluster. At this point. the c luster centroids are _. 

the same as the va lues of the randoml y selected/ fo rmed vec tor fo r each cluster. Then, 

a poi nt (object, case, record) in the data se t is taken and assigned to a cluster having 

the closest centroid to the object and cluste r centroids are updated for the change 

(itera ti on) based on the distance of the po int from cluster centro ids. Th is process 

cont inues until a ll data po ints are assigned to given cl uster. At the segment formation 

.' 

(partitioning of the data set into groups) is completed and , the analysis and 

interpretation of each cl uster can be don~. 

According to Bishop ( 1998), the K-means algorithm involves a simple re-estimation 

procedure. Assuming there are N data points x" in total, and the purpose is to find a 

set of J( representative vectors Pi where j = 1 ... J(, the algorithm seeks to partition the 

data points {x"} into 1( di sj oint subsets Sj contai ning Nj data points. This would 

minimize the sum-of-squares clustering functi on given by 

111 

Where Pi is the mean of the data points in set Sj and is give n by 

121 
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The calculation of the mcans can be fo rm ulated as a stochastic on-line process. In this 

casc, the ini tial centers are random ly chosen from the data po ints. and as each data 

point X U is presented, the nea rest Ilj is updated using 

PI 

, where T] is the learning rate parameter. Once the centers of the bas is functions have 

been found in this way, the covari ance matrices of the basis functions can be set to 

the co-variances of the points ass igned to the corresponding clusters (B ishop, 1998). 

One of the chal lengi ng tasks in thi s process is the determinati on of the 'optimal' va lue 

of clusters (K) so that a natural segmentation scheme is discovered upon which the 

organi zation direct its resources . This value may al so depend on the organi zation's 

capacity to manage how many c us ton~fdups at a time, as thi s requ ire a design and 

implementation of particular marketing programs fo r each segment. The optimal 

value of K can then be arrived by segmenting the data set into acceptable values and 

comparing the resu lts together with the business analysts (Saarenvirta, 1998). 

4.2.2 Cluster Interpretation 

Once the clusters ha ve been created uSing clustering algorithms, they need to be 

interpreted . Though there are several approaches to understanding clusters, according 

to Berry et al. (2000), the three that are commonly used are: 

I. Building a deci sion tree with the cluster label as the target vari able and us ing 

it to deri ve rules explaining how to ass ign new records to the correct cluster. 

2. Us ing visua lization to see how the clusters are affected by changes in the 

input vari ables. 
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3. Exam ining the differences in the distributions of vari ables from cluster to 

cl uster. one variable at a time. 

4.3 DECISION TREES 

Data Mining uses decision trees to classify objec ts to values of the dependent variable 
~ 

based on the val ues of independent variables. There are two main types of decision 

trees. Decision trees, which are used to predict categorical vari ables, are ca lled 
~ 

classification trees because they place instances in categori es or classes. Decision 
- . ......,.. --. 

trees used to predict continuous vari ab les are ca lled regression trees. Cla~ation 

trees label records and ass ign them to the proper class. Class ification tre~ can also 

provide the con fi dence that the classification is co rrec t. In th is case. the class ificat ion 

tree reports the class probability, which is the confidence that a record is in a given 

class . Regression trees, on the other hand, estimate the va lue of a target variable that 

takes on numeric values. 

A decision tree is a tree like structure. where each internal node denotes a test on an 

attribute, each branch represents an outcome of the test, and leaf nodes represent 

classes. The top most node of a tree is the root node and the lowest nodes are leaves. 

Each branch will lead either to another decision node or to the bottom of the tree. leaf 

node (Han et al.. 2001) 
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Figure 2 : A decision tree 

4.3.1 Decision Tree Building 

The basic algorithm for decision tree induction is a ' greedy' algorithm that constructs 

decision trees in a top-down recursive divide-and-conquer manner. The algorithm 

selects an attribute from the rest of attri butes with a strategy of searching a local 

optimum solution (at each node) that leads to a global optimu l11 solution. However 

thi s is not always true. For searching a local optimum solution, various methods can 

be employed to calculate the attribute selection measure. The iterative divide and 

conquer process executes until no further split is required (Witten et ai., 200 I). 
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4.3.2 Decision Tree Pruning 

While construct ing the decision tree, a stopping cri terion is usually used to limit the 

depth of the tree and the minimum number of members required in a given node for 

further splitt ing. Alternatives fro m using a stoppi ng criterion is to let the tree fin ish 

growing but use pruning methods to reduce the tree to a sma ller size poss ible from its 

full size but without comprom ising accuracy (i-Ian et al. . 200 I) . 
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CHAPTER FIVE 

A SURVEY OF CRM AT ETHIOPIAN TELECOMMUNICATION 

CORPORATION 

5.1 OVERVIEW 

The introducti on of te lecommunication in Et hi opia da tes back to 1894. In order to 

ach ieve its obj ecti ves, the organi zation had undergone through se ries of deve lopment 

programs. The formatio n of current te lecom bodies in the industry was made as 

fol lows (ETC Online Report). 

• Ethiop ian Te lecommunication Board (1953) 

• Ethiopian Telecommunications Authority (1974) 

• Ethiopian Telecommunications Corporat ion (1')96) 

The purposes of ETC are: 

• To engage, in accordance with deve lopment policies and prio riti es of the 

government. III the construction , operation. maintenance and ex pansion of 

te lecommunication services; 

• To provide domestic and international tel ephone, te le-fax and other 

communication services; 

• To prov ide com mun ication services using in tegrated informati on technology, 

including rebroadcast of televis ion broadcasts; 
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• To repa ir. assemble and manuracture telecomillunications equipment; 

• To render training services to telecommunication pe rsonne l. 

5.2 CUSTOMER RELATIONSHIP MANAGEMENT AT ETC 

5.2.1 Service Delivery at ETC 

The corporation has a strong commitment for realizing customer satisfacti on, as it is 

ev ident in its vision, mi ssion and objecti ves. At strateg ic level, the environment is 

conducive to design and implement various CRM pol icies and projects. 

However in reality, a strong cri ticism is repeated ly forwarded from many customers 

and the private press that the telecom se rvices available now are not to the standard , 

as the current dynamic environment requires. 

It is not difficult to see that the reason for such strong criticism is the fact that the 

strategic policies and objecti ves are not implemented we ll through in tegration of 

people, process, techno logy and other resources. Employees are required to 

effi ciently and effectively discharge their duties and respons ibilities; appropriate 

business processes should be set uP. and be in place in view of customer satisfacti on, 

and advanced technologies shoul d be exp loited to facilitate the overa ll operation of 

the company. Of course, these req uirements are appli cab le to all business 

organizations that operate in this dynamic . competit ive and customer ori ented 

env ironment. 

Tak ing thi s fac t into accoun t seriously, ETC has been designi ng and implementing 

vari ous programs that enhance its operational effic iency and effective ness . One of the 

co re projects in place in this regard is the business process re-engi neering using 

46 

I 
I 
) 



advanced ICT focusing on appropri ate customer relationship and ca re. Processes 

regarding serv ice delivery are bei ng studied and approp riate system anal ys is and 

design being finali zed. Implementatio ns are al so undergo ing at various organs o f the 

corporation. 

New communicati on channels like the web are being used to inform the pub lic about 

the organi zation' s general status and performance. The company's webs ite, besides 

hosting other companies ' webs ites, is be ing used to create good customer relationship 

and fac ilitate sa le of telecom services. Use of other media (TV, Radio, and Press) has 

been also util ized for the same purpose. 

5.2.2 The Mobile Telephone Service 

The wireless telecom industry has been changing very fast prov iding state of the art 

techno logy especially in the mobile te lephone indust ry. Mobile ce ll phones are widely 

used through out the world with di verse applicati ons facilitating the exchange of 

data/i nformati on in different forms (tex t, audio , and video). 

The ETC introduced mob ile telephone servi ce in I 999.Currently, Eth io Mobile 

Division is managing the services, which is one of the divi sions in the organ izational 

chart. The di vision has three sections: Mob il e Technica l. Mobile customer service, 

and Mobi le resou rces. 
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Domestic Customer Care International Customer Care 

Figure 3 : Orgnnizatioll chart of Et hio Mobile divis ion 

The mobile teclmical section is responsible for the proper functioning of the switch 

and other related technical matters. The ca ll detail record (CDR) is generated at thi s 

section and provided to mobile reSOUrces for bill processing. The mobile resources 

section is in charge of securing resources from concerned organs of the organization 

like personnel and logistics. It is also responsible for bill preparation. The mobile 

customer serv ice section which has two subsections (Domest ic and International) 

takes care of all customer relation ship beginning from sale of a mobile phone line. It 

al so offers after sa le services like providing security for loss of mobile phones, 

processing title transfer and treating customer complai nts. More over, the complex 

task of revenue collection is another major responsibility of this section. The 

international customer care section is concerned with the relationship to other telecom 

companies wor ldwide and manages problems related to in ternat ional services (like 

Roami ng) and standards (GMS). 
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The sale of the service was credit based (post paid system) when it is first started. 

Later. the prepaid mob il e system was introduced. At the moment , there are about one 

hundred tho usand mobile tel ephone subscribers, about fifty thousand in each group 

(prepaid and post paid). Currently, mobile tel ephone services include additional 

se rvtces li ke call wa iting and call forwa rding with special arrangement wi th the 

corporation. 

The current mobile services are avai lable in the pre-paid scheme on ly. Sale of 

services in the post paid scheme was abandoned for the time be ing as the 

management and control of operations is relatively complex. The fact that revenues 

are collected in advance is one major reason the company chose the prepaid scheme. 

Accord ing to the finance department, about eleven million birr is not yet co ll ected 

from pos t paid mobile customers. The amou nt is very significant as the company is in 

real need of funds to build its infrastructure and expand its services. 

The demand for the post paid arrangement is increasing as it doesn't reqllll"e the 

avai labi li ty of prepaid cards. Besides, the demand for prepaid one is almost met 

especially in the capital. Because of thi s fact , the company is intending to re­

introduce the post paid system. 

This research is conducted on the post paid mobile customers' data of one month as 

the data was read il y available relatively than the data for the pre-paid and fixed ones. 

The application of the research can be easily projected for the later two as it is 

concerned with basic attri butes common to all telepho ne service use rs. 
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15.2 .3 Customer Segmentation at ETC 

Customer segmentation is one of the co re components of C RM ap plications. In the 

case o f ETC. customers are categorized as individuals. businesses, govern ment, NGO 

and internati ona l organi zations, and employees. The class ifi cati on is primarily being 

used to set priority and requirements fo r each group to be e li gible to purchase telecom 

services, as the demand fo r these services exceeds the supp ly at the moment. 

This kind of segmentation do not provide insights about customers and is less favored 

these days as it does not prov ide a basis to understand customers and manage 

re la ti onships acco rdingly for the purpose o f creating yalue to the business. It is the 

behaviora l segmentation that pro vides considerab le va luable informati on to design 

and implement marketing strategies and programs. There fore, the researcher believes 

that the output of thi s research wo uld be of great help in thi s respect. 

5.2.4 Relevant data sources in the organization 

Call Detail Record (CDR) 

CDR is transaction data generated by the switch for each ca ll made by a customer. It 

contains a wealth of data on which data mining application could be successful. 

However it contains low leve l data and he nce needs cons iderab le data preparati on 

effo rt. Th is data is a source o f info rmation to prepare month ly bi ll s. 

Data bases related to cllstomers 

There are two data bases ma intained regarding mobile customers; billing data base 

and customer data base . The first data base which conta ins attributes taken from the 

CDR is used for the monthly preparati on of bi ll s. Attributes like monthl y durati on, 
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tax , amoun t of revenue are the major ones. The second data base is about the personal 

detai ls of customers mainl y containing demograph ic attrib utes like address, category , 

etc. 
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-- CHAPTER 6 

EXPERIMENT A Tl ON 

6.1 OVERVIEW 

This chapter compnses the core component of the resea rch. It deal s with the 

description of the data mining process undertaken based on the CRISP data mining 

reference gui de (model) which is discussed prev iously in the literature. This model 

has six phases: business understanding, data understandi ng, data preparation, model 

Ie" 
bui lding, eva luation and deployment. '50 * 

"-

As noted before, the general object i ve of the research was to segment customers 

based on their behav ior, spec ifically, their ca lling behavior with a purpose of 

grouping them according to their value (long-term profi tability) to the business. 

6.2 BUSINESS UNDERSTANDING 

Based on the evalliation made to understand the general background, processes 

employed and the business problem to be addressed, value (long run profitabi lity) of a 

customer can be evaluated based three fundamenta l variab les: total number of call s 

made, total duration used and the amount of revenue generated. Based on these 

variables, other related and deri ved variables can be generated to see whether these 

variables may yield better data min ing result. 

Hence, high value customers can be defined as those wi th relative lower total..r: umber 

of call s and lower amo unt of duration but with higher revenue . Consequently, low 

va lue customers are those with relative higher number of call s, and higher amount of 
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duration but with lower revenue. There are in termediary ones (var iants) between 

these kinds of customers. For example, customers with high number of ca ll s, hi gh 

amount of duration and wi th high revenue are also high value customers nex t to the 

one mentioned above as they create more traffic congest ion relatively. On the other 

hand, customers with lower number of calls, lower amount of duration and revenue 

are lower value customers but better than the low value customers mentioned above 

fo r the same reason of traffic congestion. Possible groups between these two can be 

categori zed as medium value customers or could be categori zed further if needed. 

The fact that the corporation suffe rs from high ca ll traffic congestion during peak 

hours is one maj or reason to evaluate the va lue of cus tomers. 

Other attributes showing location and time of call s may provide hidden patterns that 

could be useful in the format ion of meaning full segments. 

6.2.1 Data Mining Tool Selection 

Finding free data mining software with strong capabili ties that performs the required 

tasks of data mining i.e. clustering and classification, was one of the cha llenging tasks 

the researcher faced. This was so because of scarcity of funds for such purpose and 

the high cost of data mining tools even for research purposes. 

The researcher had to first set criteria for tool selection and search for the same. The 

criteria used to select one tool from the other were the foll owing: 

• The performance orthe tool in terms of speed and qua lity. 

• The time all owed to use the tool. 

53 



• The appl ication area the too l proved its performance 

(Telecommunicat ions, Customer Segmenta tio n). 

• Application of the tool fo r the se lected data mining tasks (c lustering and 

class ifi cat ion) 

• The clustering and classificati on algorithms supported (K-means or SOM , 

and decision trees) 

• Compatibility of the tool to the operating sys tem available at hand (MS 

windows). 

• The input fi le fo rmat the too l supports (MS-Excel, MS-Access, and MS­

Word) 

• The number of records (rows) and attributes (co lumn) the tool can handle. 

• User friendliness. 

After considerable search and contact with tool providers, and revIew of tools 

avai lable, three data mtntng packages were obtained freely wh ich were WEKA 

version 3.2.3. Knowledge Studio Ve rsion 4.1.1 and Ghost Miner version 2.0. 

After detail eva luation of the tools as per the criteria. Knowledge Studio Version 

4.1.1 was selected with good score. GhostMiner version 2. 1.1 wasn' t selected among 

other things pri marily because of the time allowed to use was only 30 days and 

WEKA Version 3.2.3 wasn' t se lected as it was relatively less user friendly. The 

eva luat ion was conducted by g iving we ights to the above parameters and then, 

ranking the total scores of the tool s accordingly. 
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The effo rt to obtain Clementine and Intelligent ivl iner da ta mi ning tools, which are 

very popul ar l'or such kind of data min ing task. was fail ed because of fi nanc ial 

limi tation and poor internet connecti on respec ti ve ly. 

The researcher was sati sfied by the capab ilities of the se lected software as its overall 

perf'o rmance was very good during the course of the data mining process. 

6.3 DATA UNDERSTANDING 

Next to understanding of the problem to be add ressed clearl y and selection of an 

appropriate tool. the succeeding task is to analyze and understand the content and 

structure of the clata available. To fu lfill thi s req uirement. raw data was initia ll y 

co llected regarding customer behavior li'om the Call Detail Record (CDR) and careful 

ana lysis of the data and its structure is done toge the r with the business (domain) 

experts by eva luat ing the relat ionships of the data with the problem at hand and the 

part icular data mining tasks to be performed. The i'ollowing secti ons descri be 

co llected the nature of the data and its structure. 

6.3.1 Initial Data Collection 

As indicated above, the major data source was the CDR. The CDR is a rich data 

source since fo r every ca ll made by a customer history of the call in respect to many 

variables like date, time. du ration and dest inat ion is recorded in detail. This monthly 

transact ion data was found to have a ve ry big size. This record contains other 

numerous attri butes and comprises of low level data that needs considerable 
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processing. The collected data pertaining to the data l11ining task to be pe rfo rl11ed 

looks like the fol lowing. 

Caller Callee Call detail 

009253657 00253738 040301121741000158 
009253657 0002110074 0 4030113 1851000030 
009253 657 00252779 0403011440 230 00118 
009253 65 7 00253738 040301162016000113 
009253657 002519253140 040301 17 0948000147 
009253657 002519253140 040301171246000114 
009253657 00251925314 0 040301171443000101 

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

Tab le I : Raw data taken frolll the C OR 

Hence, the relevant attributes to be analyzed fo r the research were caller te lephone 

number, the callee telephone number, and the call detail colul11n . The last col umn 

contains date of the cal l, the time the call l11ade/started, and' the al110unt of duration 

the ca ll stayed together. 

The relevance of the attributes is checked with dOl11ain experts that l11ake strategic 

marketing decisions. 

To l11ake it manageable and perfo rl11 sa l11pling, the data needed to be divided into 

sl11al ler size. Further, th is text data required transforl11ation into an excel format to 

allow some processing and be fed to another software that could furth er process it to a 

forl11at ready fo r data l11ining. Gen~t i o n of additional derived attributes was also 

req u ired. 

6.3.2 Descl'iption of the Data Co llected 

The data co ll ec ted for analysis, as indicated above, was of one l110nth transaction data 

(March, 2004). lt had a size of about 900 MB containing cal l de lail records of all 
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Illob i Ie telephone users (prepaid as well as pos t paid) .The tota l number of customers 

was abo ut 100,000 and the number if records was abou t 15.000.000.The number of 

re levant col umns was onl y three. 

Description of each co lumn follows. 

C{fller telepl/olle IIlImber 

This refers to the ID o f the customer. It serves to d istingu ish each customer. All 

numbers are eight di g it num bers and start with '09' to show that the telephone is a 

mobil e one. The next six di g its fa ll between the ranges o f 200000 - 250000 for post 

paid subscri bers. 

Callee teleph oll e IIlIl11ber 

The callee te lephone number contains information rega rding the dest ination of call 

i. e. whether the ca ll is a loca l one or inte rnational. The local ca ll can al so be analyzed 

into call s made to fixed or mobile telephones. Calls made to fixe1 telepllSJ ne can b e 
-.-- . ~.", . -

further sub ~ i v i d ed by ~io,!l s 

Call detail 

Thi s co lumn contains three attributes together. Each six di git refers to a single 

attribute. The first one, from the left, indicates date of the ca ll a ll ocating the first two 

di gits for yea r (YY ), the nex t two di gits fo r month (MM) and the last two di gits for 

day (DD). The second six digi t refe rs to the time the call was made/started similarly 

allocating two digits fo r hour (HH), minute (MM) and second (SS) respecti vely. The 

last six digi ts refe r to the amount of time the call s tayed by al locating two digits, for 

hour (HH) , minute (MM) and second (SS) li kewise. 
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The date of the call ca n be used to determine whether the call is made during 

weekdays or weekends. It could be use ful to determine whethe r th e ca ll is made at the 

beg inning, m iddle o r end of the month. The time or the call (HI-I/MM /SS) can be 

extended to know whether the call is made during the day or ni ght. The last attribute, 

the amount of duration the call stayed ( I-IH/MM/SS ) is useful to compute the amount 

of duration. 

6.3.3 Data Exploration 

The collected data provide information indirectly. The total frequency of the calle r 

telephone number along records show the total number of calls made in that month. 

This figure is one of the bas ic att ribute va lues that can represent a given customer. 

When thi s total number of calls is further divided by ca ll location (local or 

international) and callee telephone type (fixed or mobile), it furt her describes well the 

ca lling b,ehavior of a customer. 

The amount of duration of each ca ll can be summed up to give the t<;tal amount of 

duration a customer used. This figure as well is one of the basic attribute values to 

represent a customer. The total duration can be also divided as done to total number 

of calls by ca ll locat ion and ca ll ee telephone type to reveal the behavioral ca lling 

pattern of a customer in terms of time. 

The other basic va riabl e to represent a g iven customer is the total revenue generated 
.. - '- ..... 

from each Gustonler. This figu re can be calculated based on the pricing scheme in 

place which is based on many fac tors like the amou nt of duration, destination of call, 

time of the day and time of the week. 
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Other derived att ri butes which can be relevant for the data mining task can be derived 

from the above attributes. For example, average duration per call (total duration/total 

number of ca ll s). average revenue per call (total revenue/total number of calls) and 

ave rage revenue per duration (total revenue/total duration) are the important ones in 

respect to the data mining objecti ve at hand. 

6.3.4 Data Quality Verification 

The collec ted data conta ins miss ing, incomplete and irrelevant data. In many of these 

cases, data in the call deta il record column is missing or incomplete. Hence, a ca ll 

detail column less than 18 digit should be removed. 

The reliability of data and completeness of records are relati ve ly good as the data is 

produced electronically. 

6.4 DATA PREPARATION 

Data preparation invol ves a series of steps to provide the final data set for modeling. 

It includes data se lection, cleaning. construction, integration. and formatting. 

6.4.1 Data Selection 

The list of attributes se lected for the data preparation process. as noted earlier, 

includes caller telephone number. callee telephone number. and ca ll detail records 

co lumns. Another column (category) [l'om customer data base was also important and 

integrated as it may contain va luable information. 

The number of rows (records) se lected was based on stratified sampling. From the -
total of around 50,000 mobile post paid customers. a samp le of 11,117 was taken . 
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This was taken from each ten thousand range of numbers proport ionall y. This is done 

because of the domain cxperts' opinion that each ten thousand group of customers 

show different charac teri stics to one another as a group. The size of the sample is 

relatively high. This was done because of the fact that the data mining task to be 

performed (clustering) needs relat ive ly higher number of records as the purpose is to 

explore and generali ze about the popu lation. This task would have been beller if it 

was done on the enti re population but this was constrai ned by shortage of 

preprocessing time. Hence the researcher was convi nced based on the domain 

experts' opinion to take as much samples as possible proportionally from each group. 

To selec t the data. the researcher used spli tti ng so ftware (The Splitter) to di vide the 
~-

whole data (900 MB) into 30 parts each with 30 MB size. Then, data of 30 MB each 

was taken randomly from each range of num bers proportionately. 

6.4.2 Data Cleaning 

, ' 
. " 

. ( . 
f-u 

The data was cleaned by removing the records that had incomplete (invalid) data 

and/or missing va lues under each column. Re moving of such records was done as the 

records with this nature are few and their removal does not affect the entire data set. 

To clean the data, first the se lected 30 MB sized data was further divided into a size 

of 3M B, a size MS -Excel can handle at a time. Then. all sample data that had been 

changed into MS-Excel and was entered to and cleaned by Visual Fox Pro data base 

management sys tem. 
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6.4.3 Data Constnlction 

Almost all attributes were deri ved from the Call Detail Record (CDR).This step of 

data preparation took the researcher considerable time and effort. This kind of 

construction had to be done as the CDR contains raw data. which is not in the way 

appropriate for the business goal to be addressed, and the correspond ing data mining 

tasks to be performed. 

The attributes were derived from the CDR for each customer (telephone number) 

using MS-Excel and Visual Fox Pro data base management system. These attributes 

are li sted in the fina l data set deve loped after the data preparat ion phase. 

6.4.4 Data Integration 

Only one attribute, customers' category, is integrated from the customer data base as 

other relevant attributes li ke age, position and sex are not maintained in the data base. 

6.4.5 Data Formatting 

This step involves changing of the data into a fo rmat suitable for the data mining tool 

(algorithm). The tool (algorithm) selected doesn' t require preliminary formatting 

except for the outliers in the data. Out liers. which may mislead the k-means 

algo rithm, are rep laced with a maximum va lue that is set together with domain expert 

fo r each attribute. The final processed data set including the attributes and their 

descri pt ion after the data preparation phase looks as fo llows. 
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Fie ld Na me Data 

Type 

Ca ller Number 

Category Number 

TNumber Number 

NFixedAA Number 

NfixedRegions Number 

Nlnternational Number 

NMobi le Number 

NDay Number 

NN ight Number 

NWeekday Number 

NWeekend Number 

NBOM Number 

NMOM Number 

NEOM Number 

TDuration Number 

DFixedAA Number 

DFixedRegions Number 

Dlnternat ional Number 

DMobil e Number 

DDay Number 

DNight Number 

Description 

The telephone number that identify each 

customer. 

The class ification code given to different type of 

customers 

The number of ca ll s a customer made per month. 

The number of calls made to Addis Ababa 

The number of ca ll s made to Regional States(in 

Ethiopia) 

The number of call s made to fo reign countri es. 

The number of ca ll s made to Mobile phones 

The number of calls made during the day 

The number of call s during the night 

The number of ca ll s made from Monday to 

Saturday 

The number of ca ll s made on Sunday 

The number of calls made at the beginning of the 
month 
The nu mber of calls made at the middle of the 
month 
The number of calls made at the end of the 
month 
The total amount of duration a customer used. -
The duration of ca ll s made to fixed telephone in 

Add is Ababa 

The duration of calls made to fixed telephone in 

Regional States( in Ethiopia) 

The duration of calls made to fo reign countries. 

The du ration of ca ll s made to Mobile phones 

The duration of ca ll s made during the day 

The duration of ca ll s during the ni ght 
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DWeekday Number The duration of calls made from Monday to 

Saturday 

DWeekend Number The duration of ca ll s made on Sunday 

DBOM Number The duration of calls made at the beginning of 
the month 

DMOM Number The duration of calls made at the middle of the 
month 

DEOM Number The duration of ca ll s made at the end of the 
month 

TRevenue Number The total revenue generated from a customer 

DPerCall Number Average duration per ca ll 

RPerCa11 Num ber A verage revenue per ca ll 

RPerDuration Number Average revenue per duration 

Tflble 2 : List of all attributes wit h their type and desc ription 

6.5 MODELING 

6.5.1 Se lection of Modeling Techniq lie 

The data mining techniques selected for customer segmentation are automatic cluster 

detection and decision trees . The select ion \\as made because of the fact that these 

techniques are widely applied for segmentation problems. Moreover, the techn iques 

are implemented wel l in the selected data mining tool and hence there was an 

opportunity to 'choose among related algor ithms. 

For clustering purpose, the ava ilab le algorithms in the too l are K-Means and 

Expectat ion Maximization (EM). The K-Means algorithm is selec ted as it is a very 

good general- purpose clustering algorithm and is recommended fo r most situations. 

More over it is good in handling di sc rete and numeric attributes. However, the EM 

algorith m is recolllmended when there is a large amount of mi ss ing data (Angoss. 

2002). 
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Regard ing dec ision trees. the algorith ms found in the too l are KnowiedgeSEEKER 

and 

HeatSEEKER. The first one was se lected as it is a powe rful, nex ible algo rithm that is 

especiall y good fo r exp loration purposes. It ean handle a large amount of variables 

wi th ei ther a continuous or di screte dependent variable. However. the late r works for 

few attributes and does not have the strengths the lormer olTers. There are fou r 

c lassifi cation measures used by the algorithms to build the deci sion tree namely: 

Unadj usted - Raw P-va lue Measure, Adjusted - P-value Measure, Entropy Vari ance -

No n P-va lue, and G in i Va ri ance - Non P-value Measu re. The second one was se lected 

because of the fact that it is the most stati st ica ll y sound approach since it reduces the 

possibi lity of producing chance resul ts and puts all variab les on a common statistical 

footing. Finally. from the ava ilab le pruning methods (Error-Complex ity Pruning, 

Critical Value Pruning and Reduced-Error Pruning). the last one is chosen since it 

performs well on relatively higher test data and to trees with a d iscrete dependent 

variab le (Angoss. 2002; Espos ito & Semeraro, 1997). 

6.5.2. Test Design 

Before starting modeling, a plan shou ld be first set to guide the training, testi ng and 

eva luating process and put a test fo r the quality and validity of the model. 

A ll of the sample size (100%) was used to train the clustering mode l whereas for the 

dec ision tree mode l. 60% was used for trai ning the mode l, 30% served as a test data 

and the rema ining 10% were em ployed as a va lidation set. 

The process of segmentation and the interpretati on of resu lting segments were 

examined together with domain experts so that the tinal output provides good basis 
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for poss ible design and implementation of an appropriate CRM stra tegies and 

program s. 

6.5.3. Model Building 

The model building phase is divided into three subsections namely att ribute selection 

models, automatic cluster detection models and decision tree models. The first section 

invo lves the identilication of bcst attr ibutes to be used fo r the next modeling. 

automatic cluster detect ion. The later invo lves au tomatic formation of clusters using 

selected attributes. Brief ana lys is and in terpretation of clusters is also made in this 

sec tion. Thi s secti on ends by choosing the best class ifi ers for the decision tree model. 

The last subsecti on deals with building of decision tree and develops ru les by taking 

the fi nal clusters as dependent variables. 

- -
Attribute Selection 

The construction of both c~us te.':!ng and c1assificatiQn models is very important ~o that 

best attributes are selected from the resulti ng decision tree built. 

Six different models (three automat ic cluster detection and three decision tree 

models) were bui lt at di ffe rent values of ok' to di sti nguish those attri butes which have 

higher information content so that the next clustering will be made based on these 

attri butes that would result a better model to understand and eas ier segments to 

interpret. The attributes used for thi s clustering includes all those, except caller 

telephone number, listed in the data set created after compl etion of the data 

preparati on phase. 

The basic parameters that can take different values in the automatic cluster detection 

models are the number of clusters to be created (k) and the number of iterations 

L' t. , .. 
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req uired (i). The number of customer segments (k) . \I hich can range li'om 4 to lO in 

most of the time. is also dependent on the capacity of the firm to properl y manage 

different clusters. After di scuss ion with domai n ex perts, the va lue of k was set to be 

from four to six. The other parameter, the number of iteration ( i) refers to the 

maximum nu mber of times the algorithm reads the data to form cl usters. The number 

runs from 10- 10,000 and as it inc reases, the longer the algorithm runs and the more 

accurate the result will be. The algorithm will stop running if it reaches th is limit. 

As the purpose of this experiment involves in the identi fi cation of best att ribu tes, all 

attributes are used for the initiall110del bui ldi ng at the same level of max imum va lue 

of i (10,000), but different va lues of k (4,5 and 6). 

The attributes together with thei r detail s as calculated and displayed In the 

Knowledge Stud io are presented as foll ows. 
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Cl B:~~ ~ 'W It? !10 

I Data Source fETHIO~~IOBI LE Records: \11117 Fields: r0-
0----"1 

I 'H eighl field: j . . No Weighl -- ~ I Ca!.::: Progress· 
I ~ 

!j Field Name 

l2.J Caller String 11 '117 

JlJ Calegory String 7 06 20 2 

~Tf\JtlInber Number 747 0 1.0 1508.0 111 53 153.55 195 

.:!J NFixedAA Number 328 0 0 713 .0 36.32 54.63 61 

~ NFixedRegions Number 114 0 0 541 .0 3.46 12.H 37 

6 Nt ... lobile Number 558 0 0 '1126.0 69 .91 104 .64 149 

U Nlnternational Number 85 0 0 167 .0 1.84 7.24 27 

I~ND.y NlIInber 706 0 0 1366 .0 101 .88 141 .82 '191 

9 NNigl~ Number 131 0 0 277.0 9 .65 '15.98 26 
J/ 

1 0 NllVeekday Number 687 0 0 1404 .0 99 :10 138.79 175 

2.1J Nl/Veekencl Number 124 0 0 186.0 12.43 17 .00 18 

13JNBOM Number 320 0 0 5100 35.38 51.1 1 72 

IBNMOM Number 327 0 0 560.0 36.39 53.15 71 

l~NEOM Number 343 0 0 518.0 39 .75 56.23 70 

j22l TDuralion Number 7529 a 10 168289 .0 8657 :1'1 '13289.08 5496 

2£J DFrxed,'l.A Nurnt)er 4837 0 0 61464.0 272955 4657.58 2959 

.!D DFixedRegions Number 1640 0 0 40171 .0 37'1 79 '1393.94 886 

, 2£J DMobile Number 6233 0 0 128596.0 5250 .26 8942.34 4191 

~ Dtnternalionat Number 1359 0 0 43988 .0 305 .50 '1577 ,31 868 

~DD.Y Number 7244 0 0 15031 4.07498 ,5011367 .89 5122 

. ~DNight Number 3066 0 0 77456 .0 1158 ,60 3076.94 1668 

IE.! DWeekday Number 7242 0 0 144781 .07613.1211777.53 5119 

I~DWeekend Number 3172 0 0 44939 .0 1043.99 '1825,66 1526 

~DBOM Number 4963 0 0 65454 ,0 2764 ,67 4579,67 2950 

~DMOM Number 4972 0 0 554290 2808 .97 4570 ,30 2940 

'~DEOM NlJlnber 5232 0 0 786350 3083.47 4926.69 3182 

~TRevenue Number 8232 a 0.01 8200.92 152.76 345.83 64 '12 

~DPerCall f\!llmber 9509 0 1 .0 1312 ,5 74 .31 47,15 8769 

~RPercall Number 10000 0 am 233 .43 1,71 4,97 9446 

30 RPerDuration Nwnber 10656 0 001 0 '18 0 .02 0,02 10488 
I 

T~lbl e 3: List of all attrib utes with th eir c.t1 culatcu fields 

Here fo llows an illustration of the important steps performed to build both models for 

each va lue of k, by tak ing the case where k equals to 5, 
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T he first two reports show attri butes used for and the co rrespond ing training process 

o f the automati c cluster detec ti on. 

K-lv1 e ~n s Clu ster Analysis 
Created: Sunday , May 16,2004 2 1:48:07 

III<lepell<lellt V,1I i,)hl es: 

Help 

Categ ory, TNumber, NF ixedAA, NF ixedRegi ons, NM obile, 
Nlnternational, NOay, NNight, NVVeekday, NWeeken d. 
NBOM, NMOM, NEOM , TDuration, OFixed.""., 
OF lxedReg ion s, OMobil e, Olnternationa l, OOay. ONight, 
OW eef:day, OVVeekend, OBOM, OMOM, OEOM, 
TRevenue, OPerCall, RPerCal l, RPerOuration 

Sample Size: 11 117 

Fi g ure 4: Vari a bles lI sed in the first 3ut OIlJ:.lti c clus te r detectio n 

Clustering with K-lvleans 
Ti me elapsed: Compl eted · 03 sec 

Current Iteralion: 10000 

Maximum Iteration s: 1 0000 

Current Status: Done. 
Record Progress. 

o 
I ___ .-1 

Figure 5 : The tn-linin g process wh ere 1\.=5 Hnd i= IOOOO 
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After the training of clustering process had completed. segments we re created. The 

following repo rt shows the resulting segments and their respecti ve sizes from the 

above clustering ex periment. 

View Insert Tools Window Help 

A 

Score Summary Report 

Input Dataset: ETHIO _MOBILE 

Cr eated: Sunday, 1·lay 16 , 2 00 4 21: 40: 33 

Cluster Dlstri buti on 

Clu ste l # FI e qu e n cy 

1 90 7 

2 7217 

3 465 

4 22 7 

5 2301 

Total Reco "ls 11117 v 

Table 4 : Clu ster distribution where 1,=5 

The next step aftcr each record fall s into one of the segments is to construct a dec ision 

tree model to see which attributes best serve to classify records into cl usters by setting 

the cl uster index as dependent variable. The foll owi ng view shows part of the 

decision tree constructed to identify the important attributes for the nex t cluster run. 
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, 
Tl'lurnber 

==~~~~~-===~!r~~~~====~== 
[1 2,34) 

1.00 0 0 
2.00 2,0659521% 
3.00 98 4.52% 
4.00 0 0 
5.00 6 0.28% 

Tatal 2,169 19S1 % , 
TRevenue 

i±l 

[34,50) 

1.00 0 a 
2.00 1,062 93.98% 
3.00 47 4.16% 
4.00 0 0 
5.00 2'1 1.86% 

at.ll ,13010.16% , 
TRevenue 

i±l 

[50,75) 

1.00 0 
2.00 '1,049 92:18'l( 
3.00 40 3.51 'l( 
4.00 1 0.09'l( 
5.00 48 422'l( 

Tatol1 ;1381D.24'X , 
TRevenue 

i±l 

[75,107) 

TRevenLJe 
i±l 

Figure 6: Partial view of the decision tree buill where 1\=5, and i= 10000 

[107 160) 

, 
TDuration 

i±l 

Similar models of automat ic c luster detection and decision tree models were also 

developed for other two va lues of k (fo ur and six). After compar ing the three deci sion 

trees bui lt for three values of k, the re levant attributes were se lected. The select ion is 

made considering the relati ve positions of attribu tes, the amount of records classified 

at a time and the frequency the attribute appeared in top levels of the trees. 

The attributes selected for the next step of automatic cluster detection were: 10101 

number of calls made (TNumbel), 10lal amounl 0/ duralion used (TDuralion), 10lal 

amounl of inlernational calls dural ion (Dlnlemalional), lolal amounl of revenue 

generaled (TRevenue) and average revenue generaled./i'om a coli (RPerCall). 

Automatic Cluster Detection 

This step is meant to yie ld the final segmen tation plan that serve to develop the 

decision tree model. 
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Thi s clusteri ng model was. done using the se lec ted att ributes where the values for k 

were four, five and six . Hence, a tota l of nine automatic cluster models were built at 

three different va lues of k (four, five and six) as wells as i (1000,5.000, &10.000) 

Here follows the steps involved in the automati c cluster detection, similar to the one 

in the first clusteri ng experiment, when the va lue of k was I-lve but i was five 

tholl sand, 

The first view shows the attributes used in the clustering, 

~ File Edit View Insert Tools Window Help 

K-Me;ms C lu ster An;)lysis 
Createer: Monday, May 17,2004 '13:35:40 

III(lepe l l<lell' V.1ri"hles: 
TNumber, TDuration, Dln ternationa l, TRevenue, RPerCa il 

S.1l11ple Size: 1111 7 

NUM 

Figure 7 : Final attributes lIsed for automatic cluster detec tion where 1< =5 

The fo llowing view shows the training process. 
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~ File Edit View Insert Tools Window Help 

DB 

Clustering with K-Me:lns 
Time elapsed: Compl eted - 05 sec 

Currenllteration: 5000 
Maximum Iterations : 5000 

Current S ta tus: Done . 

Record Progress: 

a 

Figure 8: T he training process of automatic clus ter detecti on w here 1\.= 5 and i= 5000 

_ a x 

111 17 

The fina l one ind icates the resu lting segments from this particular automatic cluster 

detection. 
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File Edit View Insert Tools Window Help _ a x 

A 

Score Summary Report 

Input Dataset: ETHIO_ MOBILE 

Created: Honday , Hay 17, 2004 13:3 7:18 

Cluster Distribution 

Clust er Ii Freq uency 

1 1571 

2 223 

3 71 

4 406 

5 8846 

T<)I;)I Re co rds 11117 
v 

NU~1 

Table 5 : Cluster distribu tion where 1\.=5 and i=5,OOO 

Assessment of the automatic cluster detection model 

The nine different models were analyzed. The diffe rent values of i did not bring any 

change in the di stribution of the segments. Moreover, the average values of the 

corresponding clusters are the same. Hence, there are on ly three models to compare at 

the three different values of k that is fo ur, fi ve and six. 

The comparison of these models was made in such a way that the averages of 

attributes of each cluster in a model are compared in respect to the other model. Such 

compari son is made after mapping the particular average into fi ve di sc rete values as 

very low, low, medium, high and very high. The setting of the range was made 
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together with domain expert s and considerin g the economic situati on of the 

envi ronment. 

Here fo llows the ana lys is tables for the three moclels. The following abbreviations are 

used for convenience. 

A TN- Average Total N um ber of ca ll s 

ATD-Average Tota l Duration usecl 

ADl-Average Duration ofInternational call s 

ATR-Average Total Revenue 

ARPC-Average Revenue Per Call. 
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First Segmentation (k=4) 

Cluster # Size Share ATN ATD ADI ATR ARPC 

I 1398 13% 394.77 31715. 17 344.13 442.00 1.18 

? 9158 82% 62.47 4343.91 50.53 59.5 1 1.00 
0 292 30/0 26.87 3 174.25 1554.82 298.2 13.84 J 

4 269 2% 272.44 29707 .38 5146.07 12 17. 13 9.5 1 

Total 11117 100% 

Cluster # Size Share 

VERY VERY 
I 1398 13% I-IIG I-I I-I IGI-I LOW LOW LOW 

VERY VERY VERY VERY 
2 9158 82% LOW LOW LOW LOW LOW 

VERY VERY 
0 292 3% LOW LOW LOW LOW I-II GI-I J 

VERY VERY 
4 269 2% MEDIUM MEDIUM 1-1 IG 1-1 I-II GH MEDIUM 

Total 11117 100% 

Table 6 : Cluster description based on average va lu es of attl'ibutes for k=4 

The above table contains the average va lues of the attributes for each segment/cluster 

formed in the model where the number of segments (k) was set to fouL The lower 

part of the table shows Ihe relative va lues of attribute averages compared among' 

segments. As indicated above, these five di screte va lues to each attribute was 

allocated based on the mappi ng of the value of each attribute against the discrete 

values to allow compari son. 
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Possible C lus ter Description 
rank 

I High number of ca ll , high amount of duration , and 
low amo unt of revenue oro 

.) 

2 Low number of cal l. very low amou nt of durat ion , 
and very low amount of revenue 4th , 
Very low number o f ca ll , very low amo unt of 

.) 

duration, and low amou nt of revenue 2nd 

4 Medium number of call , m ed i um amount of 
duration , and very high amou nt of revenue 1st 

Tab le 7: Clu ster summary and corres ponding ranks based 0 11 basic att ributes for 1\=4 

Based on the above summary, it is poss ible to give rank (the third co lumn) to each 
segment as the values of the attributes provide information as to the degree of 
profitabi lity (valuc) of each segment. 

For instance, cluster fo ur is composed of high value customers since high amount of 
revenue is generated with relative ly medium traffic congestion. Traffic congestion 
increases as the number of ca ll s and amount of duration are high. On the other hand 
cluster two is composed of low value customers as the revenue generated is very low. 
C luster one is also composed of low value customers but better than cluster two. This 
is so because of the fact that it yields better revenue though it causes high traffic 
congestion. Cluster three is al so composed of customers better than the cluster one 
and two since the traffic congesti on is relatively low. But still , it is not composed of 
profitable customers . 
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This segmentat ion (where k=4) didn't provide sufticient information as it can' t 

separate medium customers from low value customers. 

Second Segmentation 
\(=5) 

Cluster # S ize share ATN ATD AD! ATR ARPC 

I 618 6% 513. 11 43074 .68 567 .85 628.00 1.27 

2 8263 74% 43.16 2870.47 33.44 39.59 0.98 
0 293 30/0 22.69 2871.48 146 1.57 278.55 14.27 J 

4 244 2% 242.66 27290.92 5341.00 1216.73 10.45 

5 1699 15% 223 .23 16766.13 201.73 229 .79 1.1 6 

Total 11117 100% 

Cluster # Size share 

VERY VERY VERY VERY 
I 618 6% HIGH HIGH LOW MEDIUM LOW 

VERY VERY VERY VE RY VERY 
2 8263 74% LOW LOW LOW LOW LOW 

VERY VERY 
3 293 30/0 LOW LOW LOW LOW HIGH 

VERY VERY 
4 244 2% MEDIUM MEDIUM HIGH HIGH HIGH 

VERY VERY 
5 1699 15% MEDIUM LOW LOW LOW LOW 

Total 11 117 100% 

Table 8: C luster description based on average va lu es of attributes for 1,==5 

The above table is similar in nature to the previous table (table 6) except that the 

number of clusters is five. It is also summarized in the following table. 
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Cluster Description Possible rank 

I Very high number of ca ll , very high amount of du rat ion , 

and med ium amount of revenue 2nd 

2 . Very low number of ca ll. ve ry low amount of durat ion. 

and very low amount of revenue 5th 

0 Very low number of call , very low amount of duration , J 

and low amount of revenue o ro 
J 

4 Medium number of call , medium amount of duration, 

and very high of revenue lSI 

5 Medium number of ca ll , low amount of duration , and 

low amount of revenue 4th 

Tab le 9 : cluste r s ummary and corres pondin g ranks based on basic att ribu tes for 1\=5 

This segmentation, where the value of k is fi ve, is better than the previous one as it 

carries more information. 

Cluster four contains high va lue customers as the revenue generated is very high as 

well as the traffic congestion caused is medium. Cluster one is next as revenue 

generated is medium . Cluster tlu'ee is the third since there is low traffic congestion 

than cluster fi ve with which it has same revenue level. Cluster two is the last as it 

generates very low revenue. 
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Third Segmentation(K=6) 

Cluster # Size share ATN ATD ADI ATR ARPC 

I 1707 15% ? 16.? 7 16')46.59 192.29 222 .58 1.15 

2 8196 74% 42.24 2795.86 31. !3 38.31 0.97 

3 289 30/0 24.14 2799.32 1316.96 254.22 [ 3.32 

4 102 1% 85.44 14356.14 5424.34 1148.99 18.06 

5 626 6% 505.72 41981.87 375.54 578.27 1.18 

6 197 2% 390.49 38097.87 4510.08 1174.34 4.51 

To tal 1111 7 100°;', 

Cluster # S ize share 

VERY VERY 
I 1707 15% MEDIUM LOW LOW LOW LOW 

VERY VERY VERY VERY VERY 
2 8196 74% LOW LOW LOW LOW LOW 

VERY VERY 
') 289 3% LOW LOW LOW LOW HIGH ~ 

VERY VERY VERY 
4 102 1% LOW LOW HI GH HIGH HIGH 

VERY VE RY VERY VERY 
5 626 6% HIGH HIGH LOW MEDIUM LOW 

VERY VERY 
6 197 2% HIGH HIGH HIGH HI GH LOW 

Total 1111 7 100% 

Tnble 10: Cluster description based 011 average va lu es of attributes for 1\.=6 

This table also has similar nature with tab le 6 and 8 above. The interpretation follows 

after the summary nex t page . 

. , 
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Cluster Oescription Possible rank 

I Medium number of ca ll. low amount of duration, and low 

amount of revenue S'h 

2 Very low nu mber 01' ca ll. very low amount or duration , 

and very low amount of revenue 6'h 

, Very low number of ca ll. Very low amount of duration, ~ 

and low amount of revenue 4'h 

4 Low number of call. low amount of duration. and ve ry 

hi gh amount of revenue 1 st 

5 Very high number of ca ll , very high amount of duration, 

and medium amount of revenue ,rd 
~ 

6 High number of ca ll , high amount of duration, and very 

high amount of revenue 2"" 

Table II : Cluster sUlIlm ary and correspondin g rail I.; ba sed 0 11 b'1S ic attrib utes forl\.=6 

This segmentation divides the customers into relati ve ly distinct groups with unique 

features. Here, cluster four conta ins the top hi gh value customers as the revenue 

generated is very high and the traffic congest ion caused is very low. Cluster six is 

nex t only because of higher traffic congestion than cluster four. Cluster five is third 

because it provides the only medium level revenue, Cluster three and one are the 

fourth and fi fth respecti ve ly. Thi s is so because of the fact that the first one causes 

lesser traffic congestion than the later. Cluster two is the last as it offers very low 

revenue level. 

Choosing th e best Segmentation plan 

One of the maj or tasks in reaching to use ful segmentation is the determination of the 

number of segments i.e. the , 'a lue of k. To determine this va lue, the support of 
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domai n ex perts is very important as the understanding of each segmentation neeosJ­

busi ness and market ing know how. 

Based on the feedback from the domain experts and the above interpretation. 

segmentations where the va lues of k are fi ve and six were good. Especially. in the 

later segmentation (k=6). more dissimilar clusters we re formed. 

Decision tree model building 

The last step of the modeling phase is to build a deci sion tree model setting the cluster 

index as dependent varia bl e fo r the final segmentation plan adopted, in th is case, 

segmentation where the val ues of k is five and six. 

The total records ( I 1117) were divided into three partitions. The tlrst partition 

contains 60% and was used for traini ng. The next 30 % was used for test ing and the 

remaining 10% was used for va lidat ion. 

The model fina lly produced rules that enable to assign a new record to one of the 

clusters. 

The attributes used for thi s purpose were those that had been ident ifI ed as the best 

class ifiers. 

The following view show the attributes used, the accuracy of the model, the pruning 

status etc. 
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.AJJ File EdIt I/I';:V') Insert Tools I.l>iindow Help 

Dec ision Tr ee Predictive Mod el 
Createel: Sunday. May 16, 2004 03"07.47 

Depelldellt V ,)1 jallle: Clusler Index 

IlIdel)ell!leJlt V ,)I j,)1l1 as: 
TNumber, TDura tion, Dlnternatlona l, TRevenue, RPerCa ll 

Hj!l!lell Ilr ,)lIc ll8S: Disabled 

TI aillill!,J R~sults : 

Variance i Enlropy Explained : 0.827 448 
Records correclly pre dicted: 6332 
Percentage correctly predicled . 94 .93 % 

Algol jtllm: l<nowledgeSEEKER 

Plllllill'): Enabled 

Classifi ca tion· reduced·error 
Datase t used 10 prune : ETHIO· MOBILE·TEST 
Nodes exisled prior to prun e: 98 
Nodes remain: 62 
Nodes were pruned: 36 

Figure 9 : Res ults of th e dec ision tree built for k=6 

CAP NU~I 

The partial view of one of the trees buil t using the algori thm, measure of 

classifi cation, and pruning method specified in too l se lection is as fo llows 
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1 1,018 15.26% 
2 4,939 74.05% 
3 173 2.59% 
4 56 0.84% 
5 364 5.46% 
6 "\20 1.80% 

Total 6,670 100.000/. , 
TNumber 

$ 
==~~====~~~~-=~~ ~==~~= 

[21,49) , 
0 0 

2 I ,220 94.35% 
3 52 4.02% 
4 21 "\ .62% 
5 a a 
6 a a 
Total 1 ,293 1 9.39% , 

Dlnternfltionai 
i±J 

[8.22, 174 .92) , 
a a 

2 633 100 .00% 
3 a 0 
4 a a 
5 0 a 
6 0 a 
Total 633 9.49% 

1 
2 
3 
4 
5 
6 

[49, 74) [74,107) [107,160) , , , 
8 1,16% 

648 95.29% 
15 2 .21% 
9 1 .32% 
0 a 
a 0 

30 4.53% 1 11717.84% 
2 604 9·1.24% 2 516 78.66% 
3 11 1.66% 3 2 0.30% 
4 

5 
6 

11 "1.66% 4 
o a 5 
6 0.91% 6 

"\0 1.52% 
I 0.15% 

10 1.52% 

Total 680 10.19% Total 662 9.93% Total656 9.B4% , 
TRevenue 

\ 
[174.92, 320 .33) 

2 
3 
4 
5 
6 

, 
7 31 .82% 

1566.18% 
o 0 
o 0 
o 0 
o 0 

, 
DlnternationaJ 

i±J 

[320 .33 ,1435.89) 

1 
2 
3 
4 

5 
6 

, 
4.00% 

a a 
1560.00% 
9 36.00% 
o 0 
o 0 

Total 22 0.33% Total 25 0 .37% 

, 
Dlnternational 

i±J 

Figure 10 : Partial view orthe decision tree for k=6 

This parti al view shows part of the decision tree buil t using the tra ining set of 60 %( 

6670 out of ) [ ) 17). It was also tested us ing the test data of 30% as indicated earlier. 

Thi s dec ision tree model is the basis to generate the ru les required to classify 

customers (new) to their respecti ve segments (cluster indices). As can be seen, the 

tree starts w ith a root node containing 6670 customers and ends with leaf nodes with 

vari ous numbers of classifi ed customers with corresponding cluster indices (1-6) and 

respecti ve accuracy level of pred icti on in that cluster. 
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Validation 

This step is useful to evaluate the performance of the dec ision trees constructed. The 

accuracy level (94.93%) that appears in the above window is obtained when the 

model is va lidated with the training data set. However, most of the time, a model is 

eva luated by a data which is not used in training. [n thi s case, the data se t retained fo r 

independent test of the model is the va lidati on dataset. 

The va lidation set is a data which is not used in the process of the decision tree 

bui lding. The confusion mat rix reports based on the va lidation data for the two 

decision trees constructed were as follows. 

Validation Summary Report 
Input Dataset: ETHIO-MOBILE-VAL 

Created: Sunday , Uay 16 , 2004 0 3 :08;08 

Confusion Matrix - C luster 
Index 

PI ed i c ted 

l 2 3 4 5 
l 6 2 0 0 7 2 

2 0 82 2 2 0 2 
Actu~)1 

3 0 7 l 6 6 l 

4 0 2 0 2 q 0 

5 l 3 l 6 0 0 l 3 0 

S tati s ti cs 

Tot~-,ll e co rd s 1 112 
C o n e c llY ,H ed ic ted 1054 
Pel c e nt .HJ e 94 . 78% 

Vnli( l l e c o rd s 1112 

Figure II : Confusion matrix developed based on th e validation dataset for k=5 
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The above confusion matrix eval uates the degree of accuracy of the deci sion tree 

where k=5 with a va lidation (unknown data to the model) data set which was kept 

previously for th is purpose. It has a total of 1112 i.e. 10% of the total records (1111 7). 

The accuracy level 94.78 was computed when the number of correctly pred icted 

customers (1054) is divided to the total customers predicted. It sho ws how well the 

model predicts customers for each cluster index. 

Validation Summary Report 

Input Dataset: ETHIO-MOBILE1-VAL 

Created: Sunday, Hay 16, 2004 03:11:17 

Confus i on M a tri x - Cluster· Index 

PI e d icte d 

1 2 3 4 5 6 

~ ~:J 4 ~4 0 0 ~o 0 

2 6 B~~ 2 0 0 0 

Actllol 3 1 6 ~4 6 0 0 

4 0 0 3 1 3 0 1 

5 5 0 0 0 65 3 

6 0 0 0 ~ 0 ~7 

S tati sti cs 

Tot~) ll eco ld s 1112 

C o rrect ly 1)1 e di c te d 1054 

Perce nttl!] e 94 . 78% 

V Cl lid reco rd s 1112 

Figure 12 : Confusion matrix developed based 011 validat ion dalrl set fo r 1\=6 

Thi s matrix is similar to that of the previous one except it is generated for the decision 

tree where k=6.The interpretation is similar to the previous one. 
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From the generated two confusion matrices, it is poss ible to sce that both prcdictive 

models result the same accuracy level (94. 78). Moreover, for almost all clusters, the 

accuracy of predicti on is fairl y di st ri buted fo r both cases which is a very good feature 

together with the accuracy leve l. With the di scuss ion to the domain expert, the 

segmentation scheme where the val ue of k is six was se lected as it contains more 

information (clusters) as the same time has equal level of prediction accuracy. 

Rule generation 

The rules applicable for the se lected decision tree as generated by the too l were very 

detail and many. Sample of these rul es is annexed as appendix 3. 

6.6 EVALUATION 

Once an optimum model is built, critical assessment of the same agai nst the business 

goal to be achieved (business problem to be addressed) is very important. 

The business goal to be met was to segment customers into meaning full groups so 

that an ap propriate CRM strategies and programs can be designed and implemented. 

The basis of segmentation was according to customers' value to the business. And, 

customer value was .~led based on three major attributes: total number of calls 

made. total amount of duration used and total revenue generated fi'om the customer. 

The data mi ning process having a task of clustering and classificat ion was performed 

in order to achieve the business objecti ves set. 

The results of the data mining process were encouragi ng and at least provide a way of 

reaching data mining solutions for market segmentation for the organization. if not 

yie ld a poss ible so lution. Customers having similar calling patterns were grouped in 
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the same group whereas the groups formed were di rlC rent from each other. Thi s is the 
underl ying criterion of segmentati on (cl uste ring). Moreover. the decision tree model 
provided a description of the segments and rules for assigning new records to 
segmen ts. 

The researcher believes that with further analysis of the results by marketing experts 
and IT speciali sts, the data mining process could be revisited to produce an optimal 
segmentation scheme so that relevant customer related in format ion for in formed 
decision making is acquired that help the organizat ion manage its scarce resources 
effic ientl y, effectively and economica ll y. 

6.7 DEPLOYMENT OF RESULTS 

Application of a segmentation scheme involves the consumption of considerable 
resources since people, business processes and technology together are integrated and 
directed based on the informa tion obtained from the segmentation plan. Therefore, 
the results of this study can be dep loyed for marketing decision making after a 
thorough evaluation and integrating the necessary adj ustments by group of domain 
experts. 

:z. -
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CHAPTER SEVEN 

CONCLUSION AND RECOMMENDATIONS 

7.1 CONCLUSION 

In general, the study focused in the app li cation of data mining techniques in the area 

of CRM and more spec ifica ll y for the purpose of customer centric market 

segmentation at Ethiopian Telecommunication Corporation. To this effect, related 

literature on data mining techniques . CRM and market segmentation was reviewed. In 

the experimentation part, the CRISP data mining process mode l was followed to 

complete the data mini ng task. 

The business goa l to be achieved was to group post paid mobile customers into 

similar groups based on their calling behavior during a given period. The criterion for 

segmentation was the degree of customers' value (long ierm profitability) to the 

business. This broad criterion was measured with three basic attributes and their 

deri vatives. These basic attributes were total number of calls made, total amount of 

durat ion used and the amo unt total revenue ge nerated. For thi s purpose, two data 

mining tasks (clustering and classification) were employed and a complete data 

mining process phases (business understanding, data understanding, data preparation, 

model building, evaluation and deployment) were completed. 

From the result. it was possible to group customers according to their calling behavior 

and hence as per the ir long-term va lue to the business. 

The results of the research were encouraging as the domain experts in the industry 

accepted it. The com pany can derive benefit through an appropri ate utili zation of the 
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research to improvc it s customer relationship management that is one of the hottest 

issues to be addressed in today 's customer orientcd, dynam ic, and competitive 

market environment. 

7.2 RECOMMENDA TIONS 

The resea rcher makes the following recommendations based on the findings of the 

study. 

Need to build a data warehouse 

This study was a victim of a very lengthy data preparation process that consumes 

considerable time, effort and other resources. It is ve ry important to build a data 

warehouse not only for data mining purposes but also other important data analysis 

tasks as optimal decision maki ng is only feasible if it is based on re liable and relevant 

information. Customers ' data at various contact points shou ld be collected and 

integrated as such data in these days becomes much valuable. 

Undertaking furthel' data mining reseal'ches 

There is always a room for improvement in data mining as it is an interacti ve and 

iterati ve process . It needs refinement, update and enhancement as business problems 

always become di verse and complex. In these contex t. thi s research can be further 

refined through changing the techniques and algorithms. the data. and the modeling 

parameters used in the study. More speci fically. 

* The employment of the neural network for clustering and class ification , which 

is very popular data mining technique, may yie ld better results. 
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Neetl for strong commitment for research and change 

Application of customer rela ti onship management and re lated techno logies like data 

mining require continuous and fl ex ible approach. and analysis of the dynamic nature 

of customers. Such researches should be initiated and conducted in house, and 

resulting outputs should be utilized to design , implement, and continuall y Improve 

CRM strategies and programs at all levels of the orga ni zation. 
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APPEDICES 

APPENDIX 1: CODES WRITTEN DURING THE DA TA PREPARA TION PHASE (Microsoft Visual FoxPro) 

1. Cleaning missing and incomplete records 

I. I. To delete records which are 110118 digits 10llg alld dOI1 't start with "0403" ullder the calf records detail CO IUIIlII 

close tables all 

select 0 
lise sample exclusive 
DELETE A LL FOR ICI1(alitrilll(sa lllple.datet ime)) <> 18 or leFt(alitrilll(salllplc .da tet illlc).4 )<> "0403" pack 

1.2. To brillg tlte calfee telepltolle IHlmber /llIder tlt e sll l1leformatfor tlte same types of teleplt 011 es alld loeatiolls. 

close tab les alJ 
select 0 
use sample 
go top 

do while !eofO 
do case 

case len(a lltrim(sample.calJ ee)) = 8 
rep lace sample .ca lJ ee with "0025 19"+right(alJtrim(sample.ca ll ee),6) 

case len(alltrim(sample.call ee)) = 10 
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replace sample.cal lee with "00251 "+right(alltrim(sample.callee), 7) 
case len(a lltrim(sample.callee)) = 13 

if substr(alltrim(sample.call ee),3,4) = "25 10" 
replace sample .callee with "00251 "+substr(a llt ri m(sample.callee),6,7) 

end if 
case len(alltrim(sample.callee)) > 13 

replace sam ple.call ee with ri ght(a lltrim(sample .call ee), 12) 
endcase 

se lect sample 
sk ip 

enddo 

1.3. To delete those irrelevant ca/lee telepllOne nllmbers which doesn 't represent real telepllO/"Ies 

c lose tab les all 
select 0 
use sample excl 
DELETE AL L FOR len(a lltrim(sample.ca ll ee)) < 12 
PACK 
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2. Rearranging 
close tab les all 
set multi locks on 
se lect 0 
use tele 
curso rsetprop("bufferi ng" ,5, "te le") 

se lect 0 
use sample 

go top 
do whil e leofO 

select tele 
append blank 
replace tele.ca ll er with sam ple. caller 
replace tele.call ee with sample.ca ll ee 
replace tele.date w i th ctod( sllbstr( all tri m( sample.datet i me ).5.2 )+"/"+su bstr( all trim( sam ple.dateti me ),3,2)+ 

"/"+su bstr( a Iitri m( sam ple.datet i me ).1 ,2)) 
replace telc. hh wi th val(s ubstr(alltrim(sampk.datetimc), 7,2)) 
rep l ace tel e. mm wi th va l( substr( all tr i m( sam ple.dateti me), 9.2)) 
rep lace tele.ss with val(substr(a ll tr im(samp le.datetime), 11 ,2)) 
repl ace tele .duratio n 1 with val(substr(alltrim(sample.datetimc).13.6)) 
=tablellpdate(. 1. , .1. ) 

se lect sample 
skip 

enddo 

flush 
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3. To convert the duration(hh:mm: ss) into seconds 

close tables all 
SELECT 0 
use tele 
go top 
do while 'eo fO 

select tele 
replace tele.durati on with 

(VAL(SUBSTR(tele .duration 1,1,2))*3600 + 
(VAL(SUBSTR(tele.e!uration 1.3,2))*60 + 
(V AL(SU BSTR(tele .durat ion 1,5,2)) 

select tele 
SKIP 

I :ND DO 

4. Main Pre Process ing 

*** ASSU MPTION: tele.dbf is sortee! by Ca ll er 
close tables all 
set l11ultilocks on 
se lect 0 
SELECT 0 
use fi nal 
cursorsetprop("bufferi ng",5," final ") 

se lect 0 
use te le 
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** fNITALIZATION 
STORE 0.00 TO _TN umber, _NFixedAA,_NFixedRegions,_NMobile, _Nl nternational 
STORE 0.00 TO DFixedAA, DFixedRegions, DMobile, Dlnternational - - - -
STORE 0.00 TO _N Day, _NNight, _DDay, _DNight 
STORE 0.00 TO _NWeekday, _NWeekend, _DWeekday, _DWeekend 
STORE 000 TO _NBOM._NMOM,_NEOM,_DBOM,_DMOM._ DEOM 
STORE 0.00 TO _ TDuration, _ TRevenue 

select tele 
set order to call er 
go top 

caller = tele.calier 

** Number of Calls 
_a llcalls = _a llcalls + I 

if lefL(a litrim( lele.callec ),5) == "0025 I " 
DO CASE 

&& Total Ca ll s --> Local + International 

&& LOCAL calls 

CASE substr(a ll trim(tele.callee),6, I) == "I" && Fixed Addis Ababa 
NFixedAA = NFixedAA + I 

_DFixedAA = _ DFixedAA + tele.duration 
CASE subslr(a lilrim(te1e.caliee),6, I) == "9" && Mobile 

NMobile = NMobi le + I - -
DMobile = DMobile + tele.duration - -

OTHERWISE && Fixed Region 
_NFixedRegions = _ NFixedRegions + I 
_ DFixedRegions = _ DFixedRegions + tele.duration 

ENDCASE 
else && International Calls 

N lnternational = N lnlernational + I 
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DInternational = DInternationaI + teIe.duration 
endif 

TDurati on = TDuration + tele.duration 

if tele.hh >= 8 and tele.hh <= 20 
_NDay = _ NDay + I 
_ DDay = _ DDay + tele.duration 

else 
_NNight = _ NNight + I 
_ DNight = _ DNight + teIe .duration 

endif 

ifteIe .date = {"2004-03 -02 } or cdow(teIe.date) = "Sunday" 
N Weekend = NWeekend + I - -
DWeekend = DWeekend + tele.duration 

else 
_NWeekday = _NWeekday + I 
_ DWeekday = _DWeekday + tele.durati on 

endif 

do case 
case day(tele.date) <= 10 

NBOM = NBOM + 1 - -
DBOM = DBOM + tele .duration - -

case day(tele.date) > 10 ·and day(tele.date) <= 20 
NMOM = NMOM + 1 
DMOM = DMOM + tel e.duration - -

case day(tele.date) > 20 
NEOM = NEOM + 1 - -
DEOM = DEOM + tel e.duration 

endcase 

& & Total duration --> Local + International 

&& Day time Calls & duration 

&& Night Call s & duration 

&& Sunday & Holiday Call s & durati on 

&& Week Days Ca ll s & duration 

&& Begining of Month Call s and Duration 

&& Mid of Month Calls and Duration 

&& End of Month Calls and Duration 
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l,-. __ _ 

endir 

replace finaLOWeekday with _ OWeekday 
rep lace finaLNWeekend with _ N Weekend 
replace finaLO Weekend with _ OWeekend 
replace finaLNBOM with _ NBOM 
replace final. OBOM with _ DB OM 
repl ace fina l. NMOM with _ NMOM 
rep lace final. OM OM with _ OMOM 
replace fina l. NEOM with _ NEOM 
replace fina l. OEOM with _ OEOM 
replace finaLTOuration with _ TOuration 
replace finaLTRevenue with _ TRevenlie 
=tablellpdate( .L,.L) 

ca ller = tele.caller -
STORE 0.00 TO TNllI11ber, NFixedAA, NFixedRe!lions. NMobile, Nlnternational - - - ..... - -
STORE 0.00 TO _ OFixedAA,_OFixedRegions,_OMobile. _DInternational 
STORE 0.00 TO _NOay, _NNight, _OOay, _ONight 
STOlZE 0.00 TO _NWeekday, _NWeekend, _OWeekday, _O Weekend 
STORE 000 TO _NBOM ,_NMOM ,_NEOM,_OBOM,_ OMOM._OEOM 
STORE 0.00 TO _ TOuration, _TRevenlie 

allcal ls = allcall s + 1 

if left( alltrim(tele.callee ),5) == "00251 " 
DO CASE 

CASE sllbstr(alltrim(tele.call ee),6, I) == "1" 
NFixedAA = NFixedAA + 1 
OFixedAA = OFixedAA + tele.duration - -

CAS E sllbstr(alltrim(tele.cal lee ),6,1) == "9" 
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\ case day(tele.date) > 10 and day(tele.date) <= 20 
NMOM = NMOM + I 
DBOM = DBOM + tele.duration - -case day(tele.date) > 20 
NEOM = NEOM + 1 
DEOM = DEOM + tele.duration endcase 

****** TOTAL REVENUE 
if left(al1trill1(tele.cal lee),S) == "00251" 

do case 
CASE substr(al1trill1(tele.cal1ee),6, I) == "I" 

iftele.date = {"2004-03-02} or cdow(tele.date) = "Sunday" or tele.hh < 8 or tele.hh > 20 _ TRevenue = _ TRevenue + ROUND«tele.duration • 0.33) / 60.2) else 
TRevenue = TRevcnuc + ROUN D« te le.durlltion * 0.7S) / 60.2) 

- -endif 
CASE substr(al1trill1(tele.cal1eej,6, I) == "2" 

iftele.date = {" 2004-03-02} or cdow(tele.date) = "Sunday" or tele.hh < 8 or telc.hh > 20 _ TRevenlie = _ TRevenlie + ROUND«tele.duration * 0.70) / 60,2) else 
_ TRevenue = _ TRevenue + ROUND«tele.duration * 1.32) / 60,2) endif 

CASE sllbstr(alltrill1(tele.callee ),6, I) == "3" 
iftele.dat~ = {"2004-03-02} or cdow(tele.date) = "Sunday" or tele.hh < 8 or tele.hh > 20 . TRevenue = TRevenue + ROUND«tele.duration * 1.10) / 60,2) 

- -else 
_ TRevenue = _ TRevenue + ROUND«tele.dllration • 1.92) / 60,2) endif 

CASE substr(al1trill1(tele.callee),6, I) == "9" 
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else 

endif 

iftele.date = {"2004-03 -02} or cdow(tele.date) = "Sunday" or tel e.hh < 8 or te le.hh > 20 
_ TRevenue = _ T Revenue + ROUN D((tele.duration * 0.30) / 60,2) 

else 
_ TRevenue = _ TRevenue + ROUND((tele.duration • 0.72) / 60,2) 

endi f 
OTH ERWISE 

end case 

ifte le.date = {"2004-03-02; or cdow(tele.date) = "Sunday" or tele .hh < 8 or tele.hh > 20 
_ T Revenue = _ TRevenue + ROUND((te le.duratio n * 1.63) / 60.2) 

else 
TRevenue = TRevenue + ROUN D(( tele.durat ion " 2.72) / 60.2) - -

endi f 

_ TRevenue = _ TRevenue + ROUND((tel e .duration • 10.72) / 60,2) 

se lect tele 
SKIP 

enddo 

se lec t final 
append blank 
replace final.caller with _caller 
rep lace final.caller w ith _ca ller 

rep lace fina l.TNumber with _ TNumber 
replace fi nal. NFixedAA with _ NFixedAA 
replace final.NFixedRegions with _ N Fi xedRegions 
replace final.NMobile with _ NMobile 
replace final.Nlnternational with _ N lnternational 
replace final.DFixedAA with _ DFixedAA 
replace final.DFix edRegions with _ DFixedRegions 
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replace final.DMobile with _ DMobile 
repl ace final.Dlnternational with Dlnternational 
replace fin al.NDay with _ NDay 
repl ace fina l.DDay with _ DDay 
replace final.NN ight w ith _ NN ight 
replace final.DNight with _ DNight 
replace final.NWeekday with _ NWeekday 
rep lace final.DWeekday with _ DWeekday 
replace fina l. NWeekend with _ NWeekend 
replace final.DWeekend with _ DWeekend 
rep lace final.NBOM with _ NBOM 
replace final. DBOM with _ DBOM 
replace fi nal. NMOM with _ NMOM 
rephce final. DMOM wi th _ DMOM 
replace fi nal. NEOM with _ NEOM 
replace final. DEOM wit h _ DEOM 
repl<lcc (inal.TDuration with _ TDu rati on 
replace linal.TRevenue with _ 'IlZevenue 
=tab leupdate( ,I." I.) 

-~------
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APPENDIX 2: ATTRIB UTES AND THEIR SA IVlPLE VALUES IN TH E FINAL 

DATASET 

Caller Category TNumber(TN) NFixedAA NFixedRegions NMobile 
009201838 20 164 16 0 148 
009201839 20 556 234 22 292 
009201842 18 481 134 3 336 
009201843 08 217 56 3 158 
009201844 20 397 219 9 169 

NMobile Nlnternational NDay NNight NWeekday NWeekend NBOM 
148 0 143 21 129 35 62 
292 8 516 40 493 63 149 
336 8 469 12 434 47 111 
158 0 206 11 199 18 65 
169 0 390 7 361 36 115 

NMOM NEOM Tduration(TD) DFixedAA DFixedRegions DMobile 
40 62 8949 710 0 8239 

201 206 64257 30304 3432 29690 
160 210 26727 6822 202 19214 

76 76 6586 1185 64 5337 
130 152 18282 9184 667 8431 

Dlnternational DDay DNight DWeekday DWeekend DBOM DMOM I 
l 

0 7319 1630 6865 2084 3456 2017 
831 56619 7638 54298 9959 20670 17821 
489 25699 1028 24057 2670 6049 8130 

0 6402 184 6100 486 1581 2255 
0 18117 165 16203 2079 5414 5637 

DEOM TRevenue(TR) DPerCall RPerCall RPerDuration 
3476 85.76 54.56707 0.5229268 0.009583194 

25766 931.39 115.5701 1.6751619 0.014494763 
12548 384.23 55.56549 0.798815 0.014376099 
2750 76.89 30.35023 0.3543318 0.011674765 
7231 230.37 46.05038 0.5802771 0.012600919 
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APPENDIX J: SAMPLE RULES TO ASSIGN RECORDS TO APPROPRIATE 

CLUSTERS 

Rule # 1: 

If TNumber is greater than or equal to 160 and is less than 262 and DIj1ternational is 
=---

greater than or equal to 0 and is less than 322 and T~~ue is greater than or equal to 

198.4 and is less than 366.43 and RPerCall is greater than or equal to 1.45722222222 and is 

less than 2.39551587302 then Cluster Index will be 1, 

Rule # 2: 

If TN~mber is greater than or equal to 160 and is less than 262 and Dlnternational is 

greater than or equal to 0 and is less than 322 and TRevenue is greater than or equal to 

366.43 and is less than or equal to 1435.89 and TDuration is greater than or equal to 13259 

and is less than 23279 then Cluster Index will be 1. 

Rule # 3: 

If TNumber is greater than or equa l to 107 and is less than 160 and Dlnternational is 

greater than or equal to 61 and is less than 322 and TDuration is greater than or equal to 

3615 and is less than 13259 then Cluster Index will be 2, 

Rule # 4: 

If TNumber is greater than or equal to 107 and is less than 160 and Dlnternational is 

greater than or equal to 61 and is less than 322 and TDuration is greater than or equa l to 

3615 and is less than 13259 and RPerCall is greater than or equal to 0.408857142857 and is 

less than 1.12710743802 then Cluster Index will be 2, 

Rule # 5: 

If TNumber is greater than or equal to 21 and is less than 50 and Dlnternational is 

greater than or equal to 2283 and is less than or equal to 6093 and TDuration is greater than 

or equal to 2337 and is less than 3615 Cluster Index will be 3. 

Rule # 6: 

If TNumber is greater than or equal to 50 and is less than 75 and Dlnternational is 

greater than or equal to 961 and is less than 2283 then Cluster Index will be 3, 

Rule # 7: 

If TNumber is greater than or equal to 21 and is less than 50 and Dlnternational is 

greater than or equal to 2283 and is less than or equal to 6093 and TDuration is greater than 

or equal to 3615 and is less than 13259 then Cluster Index will be 4. 
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Rule # 8: 

If TNumber is greater than or equal to 50 and is less than 75 and Dln ternational is 

greater than or equal to 2283 3nd is less than or equal to 6093 then Cluster Index will be 4. 

Rule # 9: 

If TNumber is greater than or equal to 262 and is less than or equal to 714 and 

Dlnternational is greater than or equal to 0 and is less than 201 and TRevenue is greater 

than or equal to 366.43 and is less than or equal to 1435.89 then Cluster Index will be 5. 

Rule # 10: 

If TNumber is greater than or equal to 262 and is less than or equal to 714 and 

Dlnternational is greater than or equal to 0 and is less than 201 and TRevenue is greater 

than or equa l to 198.4 and is less than 366.43 and RPerCall is greater than or equa l to 0.01 

and is less than 0.53 and TDuration is greater than or equal to 23279 and is less than or 

equal to 63261 then Cluster Index will be 5. 

Rule #11 : 

If TNumber is greater than or equal to 107 and is less than 160 and Dlnternational is 

greater than or equal to 2283 and is less than or equal to 6093 then Cluster Index will be 6. 

Rule # 12: 

If TNumber is greater than or equal to 160 and is less than 262 and Dlnternational is 

greater than or equal to 2283 and is less than or equal to 6093 then Cluster Index will be 6. 
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