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Abstract 

Identify ing customers who are more likely to respond to a product offering is an important issue 

in direct marketin g. In direct marketing, data mining has been used extensively to identify 

poten tial cus to mers for a new product (target selecti on). 

The final goal of this thesis is to bu il d a model that helps to class ify the book customers of 

DASH EN BANK SC, according to their expected response to the direct marketing campaign. 

Since there are no predefined classes, that describe the customers of the bank according to their 

expected response to visa card offer, th e researcher uses a clustering techniques that resulted in 

th e appropriate number of clusters. Then, a predictive response model was developed to predict 

the degree of likelihood (as high, med ium and low) th at a customer is going to respond to a visa 

card offer This predictive model achieved accuracy of 96.14%. 

For modeling purpose customers' data was gath ered fro m DASHEN BANK S.c. Since irrel evant 

or redundant features result in bad model performance, data preparation like attribute selection 

was performed in order to determine the inputs to the model. 

Thus various data mining techniques and al gorithms were used to implement each step of the 

modeling process and alleviate related diffi culties . K-M eans was used as a clustering al gorithm to 

segment customers ' record into clusters with similar characters . Different parameters were used 

to nUl the clustering algorithm before reaching at segments that made business sense. J48 

deci sion tree algorithm was used for classificat ion purpose. In addition to those attributes that are 

beli eved by the experts to have hi gh impact on customers probability to be the potential customer 

of the visa card service, thi s research found the attributes "Occupation" and " Accommodation" to 

have a big inAuence. Moreover, with res pect to the attribute " Age" a new pattern was found . 

x 



Generally the result of the study was encouraging, which reinforce the possible application of 

data mining solution to the banking industry , particularly in direct marketing campaign at the 

DASH EN BANK S,c. 

Xl 



1.lBackground 

Chapter One 

Introduction 

Analy zing, interpreting and making maximum use of data has been difficult and resource 

demandi ng due to the exponential growth of many business, governmental and scientifi c 

databases. It is estimated that the amount of data stored in the world 's database grows every 

twenty months at a rate of 100% [49] . 

This fact shows that we are getting more and more exploded by data or information and yet 

ravenous for knowledge. Data mining therefore appears as a useful tool to address the need for 

shifting useful information such as hidden patterns from databases [44]. 

Data mining can help banking firms make crucial business decisions and turn the newly 

discovered knowledge into actionable results in business practices such as new service 

development, marketing, claim di stribution analysis, solvency analys is and customer 

iden ti fication process [44] . As can be clearly seen, data mining appears as a useful tool to 

address th e need for effective customer relation management (CRM). 

Since the banking industry in Ethiopia is expanding, the researcher believes that data mining 

technology have a lot to do wi th it Currently many Ethiopian organizations are making 

important business deci sions merely based on experts ' judgment, which could mi ss hidden but 

very important knowledge that is crucial for the decision being made [2]. 
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Modem banking in Ethiopia has been operating fo r about hundred years, In spite of long-term 

ex istence and operation, the banking industry is still in its infant stage in terms of expansion, 

serv ice delivelY and applicat ion of modern information Technology [33] . 

DASHEN BAN K Sc. is a private bank whi ch was establi shed in 1995 by 11 in vestors and now 

has 200 shareholders and al so it has more than 500,000 book customers. It is the first bank in the 

hi sto/)' of Ethi opia to introduce the visa technology and also th e first to be appointed as a 

principal member of Vi sa association to iss ue and acquire visa card [25]. 

The bank originally imported the visa card technology from American companies at a cost of 3.5 

million dollars. In addition to thi s the bank has made huge pay ment for experts, who install and 

maint ai n th e system [25] . After installation process was completed , the bank has incurred many 

cos ts in terms of replacing damaged machines, paying of telecommunication cost and many more 

running costs . Currently the maj or avail able e-banking (electronic banking) service at th e bank is 

visa card service, whi ch is prov ided widely in two ways, one is ATM service and the other is 

Point Of Sale (POS). The bank has an immediate target to offer worl d-class card payment 

services to over 260,000 customer accounts in Ethiopia. Currently it has nearly 25,000 visa card 

cus tomers but the number of customers is not growing as it was expected [41]. 

Formal ban king has been unabl e to provide access to poor rural and urban Ethiopians that 

comprise 45% of the overall popu lations [3] In addi tion to thi s before DASHEN BAN K Sc. 

launched e-banking service, the commercial Bank of Ethiopia has as ked the Visa Association to 

start the e-banking service but could not be acceptable by the association on the gro unds that the 

service would not find enough customers [41]. 
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The first step toward success ful business is making sure that there are enough users of the service 

and dri ves it s venture to reach them through appropriate mechani sm Bank of America could be 

tak en as an example in studying its customer' s data and able to device a way that resulted in 

increas ing of its customers in a short period of time. 

CRM is used for th e overall process of exploiting customer related information and using it to 

enh ance th e revenue now from exist ing customers. Customer segmentation is th e process of 

dividing customers into homogenous groups on the bas is of shared attributes, and is at the heart 

ofCRM [ 16]. 

Before data min ing caught on several years ago, a direct mail campaign was thought to be 

success ful if it achieved a response rate of 6 to 7 percent. In 1998, the Canadian Imperial Bank o f 

Commerce utili zed CRM and data mining to achi eve a phenomenal response rate of 47 percent 

[49 [. Much of the success was attributed to targeting th e right customers and being able to 

predict their responses. Fleet Bank also used data minmg and CRM to identify th e best prospects 

for marketing its mutual funds based on customer demographics and account data. 

As clearl y descri bed, the ability to forecast the hidden behavior of customers is one of the maj or 

criteria towards a successful business. Unless the customer base is critically identified and 

addressed, crisis will be the most probable destiny of the business. 

Banks database is full of complicated data, where critical data about the customers is stored . But 

it is surpri sing to see the fact that littl e effort is being made to use thi s valuable data as a base for 

decision making. Identify ing and knowing a given segment of customers in the banks database 

will help the decis ion makers in deciding on the specific future acti ons regarding to their 

customers and business. 
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Thus in Ethiopia lack of capacity to reach the population together with lack of emphasis on 

hi storical data manipulation techniques, makes the effort towards modem e-banking service 

difficult and full of obstacles [3 ] 

In th is contemporary world , where the accumulation of data is increasing in an alarmi ng rate, 

understanding pattern in each and every segment of customers is an important issue to be 

considered to adjust strategies, to make maximum use of it, and find new opportunities. 

Organi zati ons keeping data on th eir domain area takes evelY record as an opportunity in learning 

fa cts. But th e simple gathering of data is not enough to get maximum knowledge out ofit. 

Thus for an effecti ve learning, data from many so urces must first be gathered together and 

organized in a consistent and useful way, data warehousing. Data warehousing al lows the 

enterpri se to recognize what it has noticed about its domain area. The data must also be analy zed, 

und erstood, and turned into actionab le information. This is the point where the 'application of 

data mining is needed. 

Befo re the introduction of sophisticated tool s, the only analysis made on data to get meaning out 

of it is simple stati stical man ipulations that have vel)' small power to show all th e necessary 

hidden information content of a given data. But data mining technology , on the other hand has 

the greatest potential in identi fying various interesting pattems for enabli ng organizations to 

control data reso urces for strategic planning and deci sion making in their domain area. 

Until recently many researches have been done to be evidence fo r the poss ible appli cations of 

data mining tech niques in different parts of the world including Ethiopia. Researchers tried to 

prove its applicabili ty in many domain areas and organizati ons. It was th e researcher belief that 
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data mining techniques are also appli cable to facili tate the direct marketing campaign process 

particu larl y in identi fyi ng potential visa card users of DASHEN BANK S.c. 

It is obvious that the output of differen t researches may vary from time to time or place to place 

depending on the socio-economic and other specific situation. 

Thus throughout thi s research an attempt was made to apply data mining tools and techniques in 

analyzi ng and determin ing the appropriate number of segments of customers according to thei r 

response to visa card offer. In addition to thi s, a classification model was built. 

1.2 Statement o/the Problem 

DASHEN BANK SC. seems to forget the importance of keeping and analyzing of customers' 

data with the appropriate tools and tech ni ques, whi ch help to come up with a better view of its 

customers and design the appropriate busi ness strategy. Currently , there is a very poor traditional 

means of knowing what is wlique (di stinguishing) features and need of their visa card customers 

and how to use this knowledge to make better future decisions by facil itating the ord inary 

process of direct marketing, that in volves identification and reaching of new customers. 

Thus the underly ing problem that necess itates this research is the inability of the bank to identi fy 

potential custo mers of visa card servi ce to conduct direct marketing campaign. This problem 

interns has its long lasting penalties such as unable to have a clearer and bigger picture of their 

cus tomers , lost revenue, lessening of customers or a mark et not being fully reali zed. 

Although data on customers detail is al ways gathered and stored in the bank 's database, due to 

lack of proper attent ion and appropriate data anal ys is tools, the data is not practical ly used to 

lighten the difficul ty faced on the DAS HEN BANK S.C, that is th e identificati on of the book 

cus tomer that are potential candidates for the visa card service and doing strategies accordingl y. 
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As the researcher mentioned, th e bank has made a huge in vestment to bring the e-banking system 

into fun ction . But having all those expenses, th e technology could not be acceptable by the 

population as being ex pected . 

The reasons for the above case could be many, but as bei ng explained by the marketing experts 

in th e bank , the main reason for th e low rate growth of visa card customers is weak promotional 

strategy , which is a direct result of not knowing what are the distingui shin g hidden features of its 

visa card customers and hence inability to devise a mechani sm that poss ibly takes the bank to the 

customers than the other way round . They added that, as DASHEN BANK SC is the only bank 

that provides both the ATM and POS service, not only its present book customers but al so it 

could attract other banks' customers for its unique service. But thi s could not be real , let al one 

attracting others it can' t even dev ise a good enough way to identify and reach its own book 

customers to make them the user of the visa card service. 

Current ly the bank does not have a clear class ification scheme of its book and visa card 

customers or there are no clearly defined classes . But the employees try to promote the visa card 

service to book customers in a mass marketing way . In rare cases there is an attempt of direct 

marketing, but it is based on littl e and simple criteria. Thi s is a cl ear indication of the fact that the 

company is not using its past dataset effici ently and effectively . Thus in order to plan and 

implement effecti ve marketing strategies there is a need for actionab le information which is 

obviously the res ult of a research works . 

Accordingly, in the effort of improving the current situation by identi fy ing factors, which have a 

strong li nk with being a visa card user, effective bank prediction model that can provi de wi th 

unseen and hidden knowledge is very fundamental. For this purpose, timely and reli abl e data of 
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customers is crucial. This dat a helps to get the knowledge needed in identifi cati on of customers 

according to thei r li kelihood to be visa card customer and hence to come up with the appropriate 

business strategies. 

As a matter of fact, most anal ys is made by using trad itional methods focus on problems with 

manageable number of vari abl es and cases than may be encountered in real world, which has 

limi ted capacity to di scover new and unanticipated pattems and relationships that are hidden in 

conventional databases [47]. Th us, in thi s research an attempt is made to come up wi th the 

appropri ate model, which helps to predict the likelihood customer to be the visa card user. 

Specifical ly the model can successfully categorize each instance to the appropriate potential 

customers ' group. 

1.3 Justification of the Study 

DAS HEN BAN K S.c. has a miss ion of prov idi ng effi cient, customized, foc used and 

internat ional banking service to its customers. To accomplish its mission the bank shoul d have 

well organi zed mechani sms to identi fy and serve its customers by study ing their special 

character. Unfo rtunately the bank has tried to reach and convi nce peopl e to use its new service in 

a more backward and customary ways. But the process of identify ing and reaching the potential 

customers needs more than thi s simple traditi onal technique because of th e huge amoun t of 

customers data and the criti cal nature of the process. By using data min ing techniques the bank 

could simply identify the key characteristics and behavio rs of each book customer and then 

predict the li kel ihood of that customer to be the visa card user. This in tern helps the bank to 

acquire new customers by tail oring its promoti onal strateg ies and campaign in th e way th at 

targeted the part icul ar potential customer. 
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Recent proj ects have indicated more than a 20-fold decrease in costs for targeted mailing 

campaigns over convent ional approaches (33). By predicting customers ' behavior in advance, 

businesses can th en market the ri ght products to the right segmen ts at th e right time through th e 

right deli velY channels (4 1). Consequentl y the bank will be in a better position to assign 

approp ri ate budget and manpower for the future expansion of its service. Generally it wi ll help 

the bank to use more advanced techni ques that helps to reach at meas urab le and acti onable 

recommendations th at support deci sion makers in strategic planning and decision-making. 

On the other s ide thi s research will help other banking industri es, that are trying to start the visa 

card service, as a lesson to what extent they should keep and analyze th eir customers ' data to get 

the required hidden fac ts about their customers and what is the benefit of doing so. In addi tion to 

thi s, whenever the banks ability to ex pand their service increase, the integrati on of the society 

with global communi ty through e-banking wi ll also increase and consequently contri butes to the 

globali zation and the modernization process. 

Because no att empt has been made so far to this level in identifYing th e appropriate numbers of 

clusters of the visa card customers and also knowing major determinants for being potenti al 

customer of visa card serv ice in DASHEN BAN K S.C, thi s research will be ground work for the 

effort of Future works in the same area. 

1.4 Objectives 

1.4.1 General Objective 

The main objective of thi s research is to explore the possibl e appli cations of data mining 

methods and techniques fo r potential visa card customer selection. 
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1.4.2 Specific Objectives 

To achieve th e general objective indicated above, the researcher has accompli shed the follo wing 

specific obj ectives: 

1. Develop a very hi gh level understand of the application domain. 

2 . Collect data on which the mining process is conducted. 

3 . Prepare the data for model building by selecting, cl eaning and integrating it. 

4. To ex plore the relationship between different variables (like monthly IIlcome, age, 

educati onal level and ty pe of job) and bei ng a potential visa card customer. 

5. To come up with the appropriate number of clusters, thi s is based on the possibility of 

customers to be potential visa card user. 

6. Build and test a predicti ve model that wi ll help in the classification of book customers into 

one of the identified clusters. 

7. Make conclus ion and recommendations. 

1.5 Research Methodology 

1. 5.1 Literature Review 

A literature review was conducted on the role of data mining technologies in transfo rming raw 

data into valuable information and applications of data mining for direct marketing purpose. In 

add ition to thi s th e researcher conducted a general literature review of related wo rk s. The 

literatures reviewed include journals, articles, internet resources, books, banking related thes is. 

1.5.2 Data Collection and Preprocessing 

Primary and secondary data were collected through discuss ion with the domain experts. 

Document analysis was made for the purpose of getting the visa card cus tomers data, and for 
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ext racting essential informat ion regardi ng to different information need that are of val ue for the 

research. 

The coll ected data (from the company's database) was stored in Microsoft excel. Then the 

researcher conducted the preprocessing steps on the data in order to improve the accuracy, 

efficiency wld scalability of th e clustering and classification process. The preprocess ing step 

deals with miss ing values, exclusion of some att ributes that are believed to have no use, like id 

and name orthe customers, incl usion of attributes that are not expli citly stated in the table, whi ch 

are important in the decision making process. 

1. 5.3 Model Building and Experiments 

In building a model the algorithm is expected to learn the di fferent patterns in the dataset and this 

learned knowledge by the al gorithm could be applied on th e new datasets. The required data was 

collected from DASHEN BANK Sc. database . The researcher has followed the CRlSP-DM. 

The researcher used decision tree for the class ifi cation purpose and a clustering algorith m for 

segmentati on. Specifi cally for the clustering purpose the researcher used K-Means clustering 

algorithm while for the class ification purpose a decision tree algorithm call ed 148 was used. 

In order to analyze the datasets and bui ld th e above type of model th ere were different available 

tools. From these tools the researcher used WEKA by considering the following factors : 

>' The algorithm supported (K-Means and 148) 

>' The data mining tasks that the tool intended to do(Clustering and Classification) 

>' Architecture and operating systems:- The hard ware req uirement on which th e software 

run and MS window operating sys tem 
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>- The maximum number of records th e software can comfortable handle 

~ The avail ability oC the software 

~ The familiarity of the researcher wi th the software 

Microsoft excel was used for storing and doing some preprocess ing tasks. 

1.6 Scope and Limitations 

The scope of this research is strictiy limited to assessing th e possible appl icati on of data mining 

techniques for direct marketing purpose at the DASHEN BANK Sc. The exploration was totally 

done on the data coll ected [rom the visa card customers' database. 

This study, like all others , is not without its limitations . First , the bank gave a very poor 

coordination and support to the researcher. Secondly, finding a good database which stores 

needed information for building customer response model was very hard . Also convincing 

managers to g ive the customers' information was another problem and hence thi s makes the data 

collection process hard . All the above reasons forced th e researcher to confine himself on ly on 

the avai labl e attributes at that particular moment 

1.7 Significant of the Study 

This research will help to show how data mining could be effectively used to come up with a 

good segmentation model that could serve the purpose of direct marketing campaign . 

Specifically, the DASHEN BANK S.c. can use the output of this research to be in a better 

position to answer questions like, what are the characteristics of customers that have high, 

medium or low likelihood to be th e visa card user? 
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On the other hand , thi s research will provide various ty pes of information to make vital decisions 

on developing and implementing marketing strategies to retaining profitable customers and 

attracting new ones. These all contributions make the bank to stay competent and hence 

profitable. Finally it could serve as a base [or further researches that are mainly concemed with 

direct marketing. 

1.8 Thesis Organization 

This research consists of fi ve chapters. The first chapter deal s with a general background, 

motivation, statement of the problem, j ustification of the study, objectives , research methods, 

limitati on of the stlldy , and the possi bl e applications of the research work. The second chapter 

deals with giving a general overview of data mining techniques . The third chapter deals with 

direct marketing and customer relat ion management and also the current status of direct 

marketing at the DASH EN BAN K S.c. Chapter four, the most relevant chapter, di scuss the 

different stages o [ experimentation toward building the data mining mod el and interpretation of 

results. The final chapter, chapter fi ve, deals with givi ng of conclusion and recommendation 

based on the in vestigati on of the study . 
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2.1 Overview 

Chapter Two 

Data Mining 

To understand the term ' Data Min ing' it is useful to look at the literal trans lati on of the wo rd: to 

mine in English means to extract. The verb usually refers to mi ning operations that extract from 

the Earth hi dden, precious resources. The association of this word with data sugges ts an in-depth 

search to find additi onal information whi ch is prev iously went unnoti ced in the mass of data 

avai lab le. From the viewpo int of scientifi c research, data mining is a relati vely new di scipline 

that has developed mainly from studi es carri ed out in other di sciplines such as computing, 

marketing, and statisti cs [30]. 

Although data mining is relati vely a new term, the techn ology is not new. Compani es have used 

powerful co mputers to s ift th rough volumes of supermarket scanner data and an alyze market 

research reports fo r years. However, continuous innovations in computer process ing power, disk 

storage, and statistical so ft ware are dramatically increas ing the accuracy of analys is whil e 

dri ving down the cos t. 

Many of the meth odologies used in data mining come from two branches of research, one 

developed in the machine learning community and the other developed in the statist ical 

community , parti cularly in multivari ate and computational stati sti cs . 

Data mini ng, the extraction of hidden predictive information fro m large databases, is a powerful 

new technology wi th great potential to help companies focus on the most important info rmation 

in their data warehouses [51 . 
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Data mining tools pred ict future trends and behaviors, all owing busi nesses to make proactive, 

knowledge-driven deci sions. The automated , prospecti ve an alyses offered by data mining move 

beyond the analyses of past events provided by retrospective tools ty pical of decision support 

systems. Data mining tools can answer bus iness ques tions that trad itionally were too time 

consuming to resolve. They sco ur databases for hidden patterns, finding predictive information 

that experts may miss because it lies outside their expectations . Most companies already co ll ect 

and refine massive quantiti es of data. 

Data mining techni ques can be implemented rapid ly on existing software and hardware platforms 

to enhance the value of ex isting information reso urces, and can be integrated wi th new products 

and systems as they are brought online. 

2.2 Data Mining and Knowledge Discovery in Database 

Historically the notion of find ing useful patterns in data has been given a variety of names 

includ ing data mining, knowledge extracti on, in formation discovery, information harvesting, 

data archaeology , and data pattern process ing. The term data mining has mostl y been used by 

stat isticians , data analysts, and th e management information sys tems (M IS) communities. It has 

also gained populari ty in the databas e field . 

As defined by many scholars , data mining is th e process of ex plorati on and analysis of large 

quantities of data in order to discover meaningful patterns and rul es from large amounts of data. 

Data Min ing is the process of di scovering interesting knowledge from large anlOunts o f data 

stored either in databases, data warehouses, or other informati on repositori es. Simply stated, data 

mining refers to ex tracting or "mining" knowledge from large amounts of data [J 6].The data 

min ing process is sometimes referred to as knowledge di scovery or KDD (Knowledge Discovery 
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in Databases) . The phrase knowledge discovery in databases was coined at the first KDD 

workshop in 1989 to emphasize th at knowledge is the end product of a data-driven di scovery 

[3 1] It has been populari zed in the AI and machine-l earning fields. Knowledge Discovery in 

Databases refers to the overal l process of discovering useful knowledge from data. There is a 

difference in und erstanding the terms "knowledge discovery" and "data mining" between people 

fro m different areas contributing to thi s new fi eld. 

In general KDD refers to the overall process of di scovering useful knowledge from data, and 

data mining re fers to a particular step in th is process. Data mining is the appli cation of specifi c 

algorithms for extract ing patterns from data. The additional steps in the KDD process, such as 

data preparat ion, data selection, data cleaning, incorporati on of appropriate prior knowledge, and 

proper interpretati on of the results of mining, are essential to ensure that useful knowledge is 

derived from the data. Blind application of data-mining methods (ri ghtly criti cized as data 

dredgi ng in the stati sti cal literature) can be a dangero us activity , easil y lead ing to the di scovery 

of meaningless and invali d patterns. 

Knowledge discovery in databases is the process of identifYing valid, novel, potentially useful , 

and ultimately und erstandable patterns/model s in data. Whereas, data mining is a step in the 

knowledge di scovery process consisting of particular data mining algorithms that, under some 

acceptab le comput ational efficien cy limitati ons, fin ds patterns or models in data. 

Across a wide vari ety of fiel ds, data are being co ll ected and accumulated at a dramatic pace. 

There is an urgent need for a new generati on of computational theori es and tools to assist 

humans in extracting useful in fo rmation (knowledge) from the rapidly growing volumes of 
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digi tal data. These theories and tools are the subject of the emerging fi eld of knowledge 

discovery in databases [5] . 

Today the digi tal revolution has made di giti zed info rmati on easy to capture, process, store, 

dis tribute, and transmit [5]. With signifi cant progress in co mputi ng and related technologies and 

thei r ever-ex panding usage' in di fferent walks of life, huge amowlt of data of di verse 

characteri stics continue to be coll ected and stored in databases. The rate at whi ch such data are 

stored is growing phenomenally. We can draw an analogy between the popular Moore's law and 

th e way data are increasing with the growth of informati on in thi s wo rl d of data processing 

appli cations. The advancement of data processi ng and the emergence of newer appli cations were 

possible, part ially because of the growth of the semi conductor and subsequently the computer 

industry. According to Moo re's law, the number of transistors in a single microchip is doubled 

every 18 mohths, and th e growth of the semi conductor industry has so far fo ll owed the 

prediction. We can correlate thi s with a simil ar observati on from the data and in fo rmation 

domain . If the amount of in fo rmati on in the worl d doubles every 20 months, the size and number 

of databases probably increases at a similar pace. Discovery of knowledge from this huge 

volu me of data is a chall enge indeed. Data mining is an attempt to make sense of the info rmation 

exp losion embedded in this huge volume of data [16]. 

2.3 Data Mining and Related Fields 

2.3.1 Data Warehouses 

One of the global defin itions of data warehouse is, it is a coll ection of integrated, subject­

oriented databases designed to support th e decision-support functi ons (DSF), where each unit of 

data is relevant to some moment in time [1 6]. 
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Although th e existence of a data warehouse is not a prerequisite for data mining, in practice, the 

task of data mining, especially for so me large companies, is made a lot eas ier by having access to 

a data warehouse. A prima'Y goal of a data warehouse is to increase the "intelligence" of a 

decision process and th e knowledge of the people involved in thi s process . A data warehouse 

means different things to different people. Some definitions are limited to data; others refer to 

people, processes, so ft ware, tools, and data. One of the global definitions is that the data 

wareho use is a collection of integrated , subj ect-ori ented databases des igned to support the 

decision-support functi ons (DSF), where each unit of data is relevant to some moment in time. 

A data mart is a data warehouse that has been designed to meet the needs of a specific grou p of 

users . It may be large or small , depending on the subj ect area. 

Data warehouse includes th e following categories of data, where th e classification is 

accommodated to the ti me-dependent data so urces rlGj : 

I . Old detail data 

2. Curren t (new) detail data 

3. Lightly summari zed data 

4. Highly summarized data 

5. Metadata (the data direct0'Y or guide) . 

To prepare th ese five types of elementa'Y or deri ved data in a data warehouse, the fundamental 

ty pes of data transformation are standardi zed. There are four main ty pes of transformati ons, and 

each has its own characteristics: 

I . Simple transformations 

2. Cleansing aJ1d scrubbing 
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3. Integ rati on 

4. Aggregati on and summari zati on 

These transformations are the main reason why we prefer a warehouse as a source of data for a 

data-mining process . If the data warehouse is available, the preprocessi ng phase in data mining is 

signi fi cantly reduced , sometimes even eliminated. So th at, we can avoid the mos t time 

cons uming phase. 

2.3.2 Data Mining and Online Analytical Processing 

A popul ar approach fo r analys is o f data warehouses is call ed online analy ti cal process ing 

(OLAP), named for a set of principles proposed by Codd in the year 1993 [42]. OLAP tools 

focus on pro vidi ng multidimensional data analysis, whi ch is superior to SQL in computing 

summaries and breakdowns al ong many dimensions. OLAP tools are targeted toward simpli fy ing 

an d supporting interacti ve data analysis, but the goal ofKDD tools is to automate as much of the 

process as poss ible. Thus, KDD is a step beyond what is currently supported by most standard 

database systems. 

One of the most co mmon questi ons from data processing professional s is about the difference 

between data mini ng ,md OLAP [9]. As could be understood from thi s literature, they are very 

different too ls that can complement each other. OLAP is part of the spectrum of decis ion suppo rt 

tools. Traditi onal quelY and report tools describe what is in a database. OLAP goes furth er; it 's 

used to answer why certain things are true. 

The user for ms a hypothesis about a relat ionship and verifi es it with a seri es of queri es agai nst 

th e data. For example, an analyst might want to determine the factors th at lead a person to 

commit a crime. He or she mi ght initi ally hypothesize that peo ple who watch films that promote 

18 



bad character are highly exposed to do crime and analyze th e database with OLAP to verity (or 

di sp rove) thi s assumption. I f that hypothesis were not borne out by the data, the analyst mi ght 

then look at other factors like their childhood environment as th e determinant factor to commit a 

crime. If the data did not support thi s guess either, he or she might then try both bad films and 

unfavorab le childhood envi ronment are the determinant factor 

In other words, the OLAP analyst generates a series of hypothetical patterns and relationships 

and uses queries against the database to veri fy them or di sprove them. OLAP analys is is 

essentially a deductive process. But what happens when the number of variables being analyzed 

is in the dozens or even hundreds. It becomes much more difficult and time-consuming to find a 

good hypothes is (let alone be confident, there is no better explanation than the one found) , and 

analyze the database with OLAP to verify or di spro ve it. 

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

data it self to uncover such patterns. It is essenti ally an inductive process. For examp le, suppose 

the analyst who wan ted to identify the factors that lead a person to commit a crime were to use a 

data mining tool. The data mining tool might di scover that people who watch bad films and live 

in unfavorab le childhood environment are highly suspected to commit a crime. But it might go 

further and also discover a pattern the analyst did not think to try , such as that age is also a 

determinant of ri sk. 

On the other way, OLAP is complementary in the early stages of the knowledge di scovery 

process because it can help to ex plore the data, for instance by focusing attention on important 

variables, identify ing exceptions, or finding interactions. This is important, because the better 

you understand your data, the more effective the knowledge di scovery process will be [5]. 
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2.3.3 Data Mining, Machine Learning and Statistics 

Most data-mining problems and corresponding solutions have roots in classical data analysis. 

Data mining has its ori gi ns in various di sciplines, of whi ch the two most important are stati stics 

and machine learning. 

Data mining tak es advantage of advances in the fields of artificial intelli gence (AI) and statistics . 

Both disciplines have been working on problems of pattern recogni tion and classification . Both 

Communiti es have made great con tributions to the understanding and applicat ion of neural nets 

and decis ion trees. Data mining does not replace trad itional stati sti cal techniques. Rather, it is an 

extension of statis tical methods that is in part the result of a major change in the stati stics 

comnumity. The development of most statistical techniques was, until recently, based on elegant 

th eory and analytical methods that worked quite well on the modest amounts of data being 

anal yzed. 

The key point is that data mining is the applicati on of these and oth er AI and statistical 

techn iques to common business problems in a fashion that makes these techniques avai lab le to 

the skilled knowledge worker as well as the trained statis tics professional. Data mining is a tool 

for increas ing the prod ucti vity of people try ing to build predictive models. 

2.4 Data Mining Tasks and Functionalities 

Several data mining problem ty pes or analysis tasks are typically encountered during a data 

mining project. Depending on the desired outcome, several data analysis techn iques wi th 

diffe rent goals may be appli ed success ively to achieve a desi red result. 
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Data mining tasks can be classified into two categories: descriptive and predictive. Descriptive 

mining tasks characterize the general properties of the data in the database while Predictive 

mining tasks Perform inference on the current data in order to make predictions [1 6]. 

Based on the different mining tasks, we can categorize data mining funct ionaliti es (methods) as 

classificati on, clustering, regress ion, association rul es, sequence discovery, prediction, and so on 

[9]. Data mining functionalities are used to specify the kind of patterns to be found in data 

mining tasks [16] . Figure 2. I shows the data mining methods. 

Time Series 

Data Mining Methods 

Prediction 

Regression 

Clustering 

Association 
Rules 

Summarization 

Sequence 
Discove ry 

Figure 2. 1: Data Mining Functionalities [9] 

Basic data mining functionalities are: Classi ficati on, Estimation, Prediction, Affinity grouping or 

associating rules, Clusterin g, Descripti on and visualization [25]. The first three are all examples 

of directed data mining, where the goal is to find the value of a particular target vari able. Affinity 

grouping and clustering are undirected tasks where the goal is to uncover structure in data 
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without respect to a particular target variab le. Profiling is a descriptive task that may be either 

d irected or undirected. 

The most known data mining methods are [ 16]: 

I. Clustering (descriptive) 

2. Class ification (predictive) and Regress ion (predi cti ve) 

3. Associati on rule discovery (descripti ve) ruld Sequential Pattern Discovery (predictive) 

2.4.1 Clustering 

Clustering is a technique th at puts si mil ar ent iti es into th e same groups based on similar data 

characteri stics and th ose with di ssi milar entities are put in different groups . Simil arity is 

measured according to a distance measure function . The meaning of the clusters is therefore 

dependent on the di stance fu nction used. Thus, clusteri ng always requires signifi cant 

involvement fr om a business or domain expert who needs to both propose an appropriate 

distance measure and to judge wheth er the clusters are useful. 

Unl ike classification, we don ' t know what the clusters will be when we start , or by which 

attri bu tes the data will be clustered. That is why we need some one who is knowledgeable in the 

business mus t in terpret the clusters. AFter we have found cl usters that reasonably segment our 

database, these clusters may then be used to cl assify new data. Some of the common clustering 

techniques include EM (Expectati on Maximizati on), K-Nearest Neighbors (K-NN), a special 

ty pe of neural network call ed Kohonen net or self-orgrul izing maps (S OM). 
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2.4.1.1 K-Nearest Neighbors 

K-neares t nei ghbor is a predictive technique suitabl e for classification models. K represents a 

number of similar cases or the number of items in a group. With the K-NN techn ique, the 

training data is th e model. Wh en a new case or instance is presented to the model , the algorithm 

looks at all the data to find a subset of cases that are most similar to it and use them to predict the 

outcome. 

There are two principal parameters in the K-NN algorithm: 

I . The number of nearest cases to be used (K) 

2 . A metric to measure the similarity 

Each use of the K-NN algorithm requires that a positive integer value for K is specified . These 

determine how many existing cases are looked at when predicting a new case. For example, 4-

NN indicates that the algorithm wi ll use the four nearest cases to predict the outcome of a new 

case. 

2.4.1 .1.1 The K-Neorest Neighbors Algorithm 

K-NN decides into which class to place a new case by examining some number (the K) of the 

most si milar cases or neighbors . Most of the time K ranges from 2 to 20. The algorithm 

computes the di stance from the new case to each case in the training data. The new case is 

predicted to have the same outcome as the predominant outcome in th e K closes t cases in the 

training data. So, the new case is as signed to the same class to which most of the si milar cases 

belong 

K-N is based on a concept of di stance, and this requires a metric to determine distances. For 

con tinllolls al1ributes Euclidean distance can be used, for categorical variables, one has to find a 
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suitable way to calculate the distance between attributes in the data. Choosing a suitable metric is 

a velY delicate task because, different metrics, used on the same training data, can result in 

completely different predictions. This means that a business expert is needed to help determine a 

good metric. 

2.4.1.2 Self Organizing Map 

When the set of inputs is multi-dimensional , traditional clustering algori thms do not offer an 

easy way to visualize the "closeness" of other clusters . A self-organizing map(SO M) or Kohonen 

feature map is a special kind of neural network architecture th at pro vides a mapping from the 

multi -dimensional inpul space to a lower-order regular lat1ice of cells (typically 2 dimensional 

grid). Such a mapping is used to identify clusters of elements that are similar (in a Euclidean 

sense) in the original space. 

In SOM, the clusters are usually organ ized into a lattice of cells , usual ly a two- dimensional grid 

but also one-d imensional or multi-dimensional. The grid exists in a space that is separate from 

the input space; any number of input features may be used as long as their number is greater than 

the dimensionality of the grid space. SOM tri es to fi nd clusters such that any two clusters that 

are cl ose to each other in th e grid space have cluster close to each other in the input space. But 

th e converse does not hold : cluster cent roids that are close to each other in the input space do not 

necessarily correspond 10 clusters that are close to each other in the grid . 

2.4.2 Classification and Regression 

Represent the largest part of problems to which data mining is applied today, creating model s to 

predict cl ass members hi p (classification) or a value (regression). Classification is used to predict 

what group a case belongs to. Regres sion is used to pred ict a value of a given cont inuous valued 
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variable based on the values of other variables, assuming a linear or non-linear model of 

dependency. Logistic regression is used for predicting a binary variable. It is a generali zation of 

linear regress ion, because the binary dependent variab le cannot be modeled directly by lin ear 

regression. Logistic regression is a classi ficati on tool when used to pred ict categorical variables 

such as wheth er an individual is likely to purchase or not, and a regression tool when used to 

predict continuous variables such as the probability that an individual will make a purchase. 

There are several classification and regression techniques including decision trees, neural 

networks. 

2.4.2.1 Decision Tree 

Decision trees are powerful and popular tools for classification and prediction. They are 

atlractive due to the fact that in contrast to other machine learning techniques such as neural 

networks, they represent rules that human beings can understand. Decision tree is a classifier in 

the form of a tree structure, where each node is either a leaf nod e, indicating the value of the 

larget attribute or class of th e examples, or a deci sion node, specify ing SOM test to be carried 

out on a single attribute-value, with one branch and sub-tree for each possible outcome of the 

test. A decis ion tree can be used to classilY by starting at the root of the tree and moving through 

it un til a leaf node is reached, which provides the class ifi cation of the instance. Figure 2.2 shows 

the possible decis ions made duri ng tree construction step. 
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Figure 2. 2: Decision Tree 
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Decision trees represent a set of decisions . These decisions generate rul es for cl assification of a 

dataset using th e statistical criterion: entropy, information gain , Gini index , chi-square tes t, 

measurement error, classification rate, etc. There are two stages, tree construction and post­

pruning, and five tree algorithms are in co mmon use CART, CHAlD, 103, C4.S and CS.O. Most 

algorithms that have been developed for learning decision trees are vari at ions on a core 

algorithm that employs a top-down, greedy search through the space of poss ibl e decision trees 

[48]. 

A decision tree can be grown until every node is pure, i.e., the leaf nodes can be di vi ded no 

further and the members within each leaf node belong to only one cl ass . A max imal 

classifi cati on tree gives 100% accuracy on training data, but it is a result of over fitt ing and 

would give poor prediction on tes t data. Tree complexity is a functi on of the number of leaves, 

the number of splits and the depth of the tree. 
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A well-fitted tree has lo w bias and low varian ce. To avo id over fitt ing a tree needs to be right 

sized by either forward-stopping or stunting the growth or growing the tree to its full length and 

then pruning it back [30] 

2.4.2.1.1 Tree Induction 

The training process that creates the decision tree is call ed inducti on and requires a small number 

of passes through the training set. As described above most decision tree algorithms go through 

two phases: a tree g rowing (spli tting) phase followed by a pruning phase. 

» Splitting: - The first iteration considers the root node that contains all the data. Subsequent 

iterations wo rk on derivative nodes that will contain subsets of the data. At each split, the 

variabl es are analyzed and the best split is chosen: The tree growing phase is an iterati ve process 

which in volves splitting the data into progressively smaller subsets. One important characteri sti c 

of splitting is that it is greedy, which means that the algorithm does not look forward in the tree 

to see if another decision wo uld produce a better overall result. 

» Stopping criteria: - T ree- building algorithms usually have several stopping rules. These 

rules are usuall y based on several factors including maximum tree depth, minimum number of 

elements in a node considered for splitting, or its near equi val ent, the minimum num ber of 

elements that must be in a new node. In most implementations the user can alter the parameters 

associated with these rul es. Some al gorithms, in fact , begin by building trees to thei r maximum 

depth . While such a tree can precisely predict all the instances in the trainin g set (except 

conOicting reco rds), the problem with such a tree is that , more than likely, it has over fit the data. 

>- Pruning: - After a tree is grown, one can ex plore th e mod el to find out nodes or sub trees 

that are und esi rable because of over fitting or rul es that are judged inappropriate. Pnming 
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removes spli ts and the sub trees created by them. Pruning is a common technique used to make a 

tree more general. 

2.4.2.1.2 Understanding the Output 

Once train ed, a tree can predict a new data instance by starti ng at th e top of th e tree and 

foll owing a path down the branches until encoun tering a leaf node. The path is determined by 

imposi ng the split rules on the values of the independent variabl es in th e new instance. A 

decision tree can help a deci sion maker identify whi ch factors to consider and how each factor 

has hi stori cally been associated with different outcomes of the decis ion. 

Decis ion trees have obvious val ue as both predictive and descripti ve models. Predicti on can be 

done on a case-by-case basis by nav igating the tree. More often, predi ction is accomp li shed by 

processing multiple new cases through the tree or rul e set aut omatically and generating an output 

file with the pred icted value or class appended to the record for each case. Many 

implementations offer th e option of exporting the rules to be used external ly or embedded in 

other appli cations. 

2.4.2.1.3 Different Decision Tree Algorithms 

Decision tree algorithms commonly implemented includes, chi -squared Automatic Interacti on 

Detection (CHAIO), Class ificati on and Regress ion Trees (CART), C4.5 and C5 .0 [35]. All are 

well suited for class ificat ion; so me are also adaptable for regression. The di stingui shing features 

between tree algorithms include the following: 
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I. Target variabl es: - Most tree algorithms require the target (dependent) variabl e be categorical. 

Such algorithms require that continuous variables are binned (grouped) for use with 

regression. 

2. Splits : - Many al gorithms support onl y binary split, that is, each parent node can be split into 

at most two child nod es . Others generate more than two splits and produce a branch for each 

val ue of a categorical variabl e. 

3. Split measures: - Help to select whi ch variable to use to split at a particular node. Common 

split measures include criteria based on gain , gain rati o, GIN I, chi -squared, ~U1d entropy . 

4. Rule generati on: - Al gorithms such as C4.5 and C5 .0 include methods to generali ze rules 

associated with a tree; thi s removes redundanci es. Other algorithms si mply accumul ate all 

the tests between the root node and the leaf node to produce the rules. 

2.4-2.2 Artificial Neural Networks 

Artificial neural networks (AN I) are among the most complicated of the clu,si ficati on and 

regression algorithms. They are often considered as a black box. Neural networks req uire a lot of 

data for training, thus consuming time, but once trained , it can make predicti ons for new cases 

very quickly , even in real time. Moreover, neural networks can provide multiple outputs 

representing multiple simultaneous predictions. A key feature of neural nets is that they on ly 

operate directly on numbers. As a result , any nonnumeric data in either the independ ent or 

dependent (output) columns must be converted to numbers, e.g. variables with" yes/no" val ues 

must be replaced by " 0/ I H 
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2.4.3 Association and Sequential Pattern Discovery 

Tools analyze data to discover rules that identify pat1erns of behavior, e. g. what products or 

services customers tend to purchase at the same time, or later on as follow-up purchases. While 

these approaches had their origins in the retail industry, th ey can be applied equally well to 

services that develop targeted marketing campaigns or determin e common (or uncommon) 

practices. In the financial sector, association approaches can be used to analyze customers' 

account portfolios and identify sets of financial services that people often purchases together. 

They may be used, for example, to create a service "bundle" as part of a promotional sal es 

campaign. Market basket analysis is a good example of application of association rule mining. 
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Chapter Three 

Customer Relation Management and Dil'ect Marketing 

3.1 Customer Relation Management 

CRM is a combination of policies, processes, and strategies implemented by a company that 

unity its customer interaction and provides a mechanism for tracking customer information. 

CRM includes many aspects whi ch relate directly to one another: 

:;. Front office operations: - Direct interaction with customers, e.g. face to face 

meetings , phone calls , e-mail , online services etc. 

:;. Back office operati ons : - Operations that ultimately affect the activities of the front 

office (e.g., billing, maintenance, planning, marketing, advertis ing, finance , 

manufacturing, etc.) 

:;. Business relationships: - Interaction with other companies and partners, such as 

suppli ers/vendors and retail outlets/di stributo rs, industry networks (l obby ing groups, 

trade associations). Thi s external network supports front and back office activities. 

~ Anal ys is : - Key CRM data can be analyzed in order to plan target-marketing 

campaign s, conceive business strategies, and judge the success of CRM activities 

(e.g., market share, number and ty pes of customers, revenue, and profitability). 

Customer Relati onship Management emerged in the last decade to renect the central role of the 

cus tomer for the strategic positioning of a company . CRM takes a holis tic view over customers . 

It encompasses a1J measu res for understanding the customers and fo r exploiting this knowledge 

to des ign and implement marketing acti vities, align production and coo rdinate the supply-chain. 
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CRM puts emphasis on the coo rdination of such measures, also implying the integratio~ of 

customer-related data, meta-data and knowledge and the centrali zed planning and evaluation of 

measures to increase customer li fetime val ue. CRM gains importance fo r compan ies that serve 

multipl e groups of customers and exploit different interaction channels for them. This is due to 

the fact th at informat ion about the customers, which can be acqui red for each group and across 

any chrulllel , should be integrated with existing knowledge and exploited in a coordinated 

fashion [ 19]. 

However accordi ng to many literatures, CRM is a broadly used term and covers a wide variety of 

functions not all of which require data mining. These functions include marketing automation 

(e.g .. campaign mrulagement, cross- and up-sell , customer segmentat ion, customer retention), 

sa les force automation (e.g., contact management, lead generation , sales analytics, generation of 

quotes, product configuration) , and contact center management (e.g. , call management, 

integration of mU ltiple contact channels, problem escalation and resoluti on, metrics and 

monitoring, logging in teractions and auditing), among others. 

CRM has a strong relationship with direct marketing. It is an innovative element that moves and 

broadens the knowledge of direct marketing and thus management' s knowledge, which generates 

value for companies and proposes tools that the admin istrators can employ to increase the 

organizations ' competitiveness. Moreover, the correct implementation of CRM processes as a 

strategy of massive personali zat ion optimizes the efforts of direct Marketing in companies basing 

themselves in the developmen t of customer loyalty and knowledge, creating a change in the 

culture of customer mrulagement which generates sustained profitability in the organization [29J . 

A problem with CRM is that CRM means different things to different people . For some, CRM 
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means direct e-mail s. For others, it is mass customi zati on or developing products that lit 

indi vidual customers ' needs. For IT consul tants, CRM translates into complicated technical 

jargon related to terms like OLAP (on-line analytical processing) and CICs (customer in teraction 

cen ters). 

3,1,1 Principles of Customer Relation Management 

The overall processes and appli cations ofCRM are based on the fo ll owing basic principles [291 : 

., T,'eat Custome,' Individually 

Remember customers and treat them indi vidually. CRM is based on philosophy of 

personal izati on . Personali zation means the content and services to customer should be designed 

based on customer preferences and behavior. 

> Acquire and Retain Customer Loyalty through Personal Relationship 

Once personali zati on takes place, a company needs to sustain relationships wi th the customer. 

Continuous contacts with th e customer especially when designed to meet customer preferences -

can create customer loyal ty. 

> Select " Good " C ustomer instead of "Bad" Customer based on Lifetime Value 

Find and keep the ri ght customers who generate the most profi ts. Through differentiati on, a 

company can all ocate its limited resources to obtain better retw'ns. The best customers deserve 

th e most customer care; the worst customers should be dropped . In summary, personalization, 

loyalty, and lifetime value are th e main principles ofCRM implementation. 
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3.1.2 Component of Customer Relation Management 

The bas ic model contains a set of 7 bas ic components [37): 

A A database of cus tomer acti vity 

B. Analyses of the database 

C. Gi ven the analyses, deci sions about whi ch customers to target 

D. Tools for targeti ng th e customers 

E. How to build relationships with the targeted customers 

F. Pri vacy iss ues 

G. Metri cs for measuring the success of the CRM program 

A. Creating Customers Database 

A necessary first step to a complete CRM solution is the constructi on of cus tomers database or 

in fo rmati on fil e. This is the foundation for any customer relationship management activity . For 

ex isting companies that have not previously collected much customer informati on, the task wi ll 

involve seeking hi storical customer contact data from internal sources such as accounting and 

customer service. The database should contain in fo rmati on about the fo ll owing: 

I . Transactions 

2. Customer contacts 

3. Descriptive infonmation 

4 . The data should also be over time 

B. Analyzing the Data 

Tradit ionally, customer databases have been analyzed with the intent to define customer 

segments. A vari ety of multi variate statistical methods ranging such as cluster and di scriminant 
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analysis have been used to group together customers with simil ar behavioral pattems and 

descripti ve data wh ich are then used to develop different product offeri ngs or direct marketing 

campaigns. Direct marketers have used such techniques [or many years. Their goals are to target 

the most profitable prospects for catalogue mai lings and to tail or th e catalogues to different 

gro ups. More recently, such segmentati on app roaches have been heav ily cri ti cized. As a res ult , a 

new term, lifetime customer value or LCY, has been introd uced into the lexicon of marketers. 

C. Customer Selection 

Gi ven the construction and analys is of the customer informat ion contained in the database, the 

next step is to consider which customers to target with the firm 's marketing programs. The 

res ults from th e analys is could be o f various types. If segmentation-ty pe analyses are performed 

on purchasing or related behavior, the customers in the most desired segments (e.g. , highest 

purchasing rates, greatest brand loyalty) would normally be selected first. Other segments could 

also be chosen depending upon additional factors For example, if the customers in the heaviest 

purchasing segment already purchase at a rate that implies further purchasing is unlikely, a 

seco nd ti er with more potential would also be attracti ve. The descriptor variabl es for these 

segments (e.g., age, industry type) provide information for deploy ing the marketing tools. In 

addition, these variables could be matched with conmlercially-available databases of names to 

find additional customers matchin g the profiles of those chosen from th e database. 

D. Targeting the Customers 

Mass marketing approaches such as television, radi o, or print adverti sing are useful for 

generating awareness and achieving other communications object ives, but they are poorly-suited 

for CRM due to their impersonal nature. More conventional approaches for targeting selected 
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customers include a portfolio of direct marketing methods such as telemarketing, direct mail , 

and , when the nature of the product is suitable, direct sales 

E. Relationship Programs 

Whi le customer contact through direct e-mail offeringsisa useful componentofCRM. itis more 

of a technique for implement ing CRM than a program itself. Relationships are not buil t and 

sustained with direct e-mail s themselves but rather through the types of programs that are 

available fo r which e- mail may be a deli very mechanism 

The overall goal o f relationship programs is to deliver a hi gher level of customer satisfact ion 

than competing firms deliver. There has been a large volume of research in this area. From thi s 

research , managers today reali ze that customers match realizations and expectati ons of product 

performance, and that it is cri tical for them to deliver such performance at higher and hi gher 

levels as expectati ons increase due to competition, marketing communications, and changing 

customer needs. Thus , managers must constantly measure satisfaction levels and develop 

programs that help to deliver performance beyond targeted customer expectations. 

A comprehensive set of relationship programs comprise of the followings : 

» Customer service 

» Frequency/loyalty programs 

» Customization 

» Reward s programs 

» Community build ing 

F. Privacy Is sues 

The CRM sys tem depends upon a database of customer information and analysis of that data for 

more effect ive targeting of marketing communications and relationship-bui lding activities. There 
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is an obvious tradeoff between the ability of companies to better deli ver customi zed products and 

services and the amount of information necessary to enable thi s deli very. Particularly with the 

popularity of th e Intern et, many consumers and advocacy groups are concern ed about the amount 

of perso nal information that is contained in databases and how it is being used. 

C. Metrics 

The increased attent ion paid to CRM means that the traditional metrics used by managers to 

measure the success of their products and services in the marketplace have to be updated . 

Financial and market-based indi cators like profitability, market share, and profit margins have 

been and will continue to be important. However, in a CRM worl d, increased emphasis is being 

placed on developing measures that are customer-centric and give the manager a better idea of 

how CRM poli cies and prog rams are working. Some of these CRM-based measures, both web 

and non-web based are: 

~ Customer acquisiti on costs 

~ Conversion rates (from lookers to buyers) 

~ Retention/churn rates 

~ Same customer sales rates 

» Loyalty meas ures. 

» Customer share or share of requirements 

All o f these measures imply doing a better job acquiring and processing intern al data to focus on 

how th e company is performing at the customer level. 

37 



3.1.3 Customer Re lation Management Issues 

3. 1.3.1 Customer Privacy 

Customer privacy is an important issue in CRM. It deals with large amounts of customer data 

through various touch points and communication channels. The personalization process in CRM 

requires identification of each indiv idual customer and collections of demographic and 

behavioral data. Yet, it is the very information that most customers consider personal and private 

[291· 

Firms wan t to collect as much inFormation as possible about each customer to Further its sales, 

yet in doing so it treads at and beyond the bounds of personal privacy. Pri vacy issues are not 

simple. There are overwhelming customer concerns, legal regulations, and public policies around 

the world. Still it is lmclear and undetermined what extent of customer privacy shou ld be 

protected and shouldn ' t be used, but the Following four basic rules might be considered [46]. 

~ The customer should be notified their personal inFormation is coll ected and 

will be used For speci fic purposes 

~ The customer should be able to decline to be tracked 

~ The customer should be allowed to access their information and correct it 

> Customer data should be protected from unauthorized usage 

Some companies try to ask the customer to agree to information collection and usage. Providing 

personali zed service to customer is a way to satisFy customers who provided their personal 

informati on. All of these efforts are designed to buil d trust between the company and its 

cus tomers. 
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3.1.3.2 Technical Immaturity 

The concept, technologies, and understanding of CRM are still in its early adapter stage. Most of 

th e CRM technologies are immature and the ty pical implementat ion costs and time are long 

enough to frustrate potential users. Many software and hardware vendors sell themselves as 

complete CRM solut ion pro viders but th ere are littl e standardized technologies and protocols for 

CRM implementation in the market [29] . 

Moreover the scope and extent of 'what CRM includes' differ from vendor to vendor; each has 

different impl ementat ion requirements to achieve the customer's expectations. CRM is one of 

the busi es t industri es whi ch occurs frequent merger and acquisition . Many small companies 

merge together to compete with large vendor. Most of the time, the technical immaturity together 

with unclear customer requirement leads th e project to failure. These technical immaturities may 

be overcome overtime, but the process may be long and painful. 

3.1.4 Customer Segmentation 

Segmentation is a way to have more targeted communicati on with cus tomers. The process of 

segmentation describes the characteristics of the customer groups (called segments or clusters) 

wi thin th e data. Segmenting means, putting the population into segments according to their 

affinity or similar characteristics. Customer segmentation is a preparation step for classify ing 

each customer according to th e customer groups that have been defined . 

Segmentation is essenti al to cope with today's dynamically fragmenting consumer marketp lace. 

By usi ng segmentation, marketers are more effecti ve in chru1l1eling difficulties in making good 

segment ation [49]. Mainl y thi s segmentation takes into consideration the fo ll owings: 
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Relevance and quality of data: - These are essential to develop meaning ful segments. If the 

company has insuffi cient customer data or too much data, that can lead to co mplex and time­

consuming analysis. If the data is poorly organized (different formats , different source systems) 

th en it is also di ffic ult to ex tract interesting informati on. Furthermore, the res ulting segmentati on 

can be too co mpl icated for the organization to implement effec ti vely. In parti cul ar, the use of too 

many segmentati on variabl es can be confus ing, resulting in segments whi ch are un fi t fo r 

management decision- making. Alternati vely, apparently e ffective vari ab les may not be 

identifi abl e. Many of these problems are due to an inadequate customer database. 

Intuition: - Although data can be hi ghly informati ve, marketers need to continuously develop 

segmentat ion hypotheses in order to identi fy the ' right ' data for analysis. 

Continuous P I'ocess: - Segmentation demands continuous development and updating as new 

customer data is acquired. In additi on, effecti ve segmentati on strategies will infl uence the 

behav ior of th e customers a ffected by them; thereby necessitating revision and reclass ification of 

customers. Moreover, in an e-commerce en vironment where feedback is almos t immed iate, 

segment ati on would req uire almost a daily update. 

Over-Segmentati on : A segment can become too small or insuffi ci ently di stinct to j ustify 

treatment as separate segments. The data mining meth ods used for customer segmentation 

belong to the categOIY of cl ustering or K-nearest-neighbors algorithms. 
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3.2 Direct Marketing 

3.2.1 What is Direct Marketing? 

Di rect marketing is any unsolicited contact a business unit makes with existing or potential 

customers in order to generate sales or raise awareness. For many businesses, it's by far the most 

cost-effective form o f marketing. From direct mail and leaflet drops to telemarket ing and email 

marketing, it all ows to target customers with greater accu racy than any other method available. 

Sometimes direct marketing is a controvers ial sales method by which businesses approach 

potent ial cus tomers direc tly with products or servi ces with out any intermediary. Some of the 

most common forms of direct marketing are telephone sales, solicited or unsolicited emails, 

catalogs, leaflets, brochures and coupons . Successful direct marketing also involves compili ng 

and maintai ning a large database of personal information about potential cus tomers and cli ents. 

These databases are oft en sold or shared with other direct marketi ng companies. 

For many compani es or service providers with a specifi c market, the traditional forms of 

adverti sing (radio, newspapers , telev ision, etc.) may not be the best use of their promotional 

budgets. For example, a company whi ch sell s a hai r loss prevention product would have to find a 

radi o stati on whose format appealed to older male listeners who might be experi encing thi s 

problem. There would be no guarantee that thi s group would be listening to that particular station 

at the exact time the company's ads were broadcas t. Money spent on a radi o spot (or television 

commercial or newspaper ad) mayor may not reach the ty pe of consumer who would be 

interested in a hair restoring product [46] . 

Direct marketi ng works bes t when the recipients accept the fact th at their personal informati on 

might be used onl y for the agreed upon purpose. Some customers prefer to receive targeted 
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catalogs which offer more vari ety than a general mailing. 

3.2.2 Major Uses of Direct Marketing 

Direct market ing all ows businesses to generate a specific response fro m targeted groups of 

customers. It 's a particularly useful tool for small busi nesses because it all ows to focus limited 

resources where they are most likely to produce res ults so that it is easy to target a representat ive 

sample of the target audi ence and see what deli vers the best response rates before any at1 empt to 

develop a full campaign. A direct marketing campaign can help you to achi eve the fo ll owing key 

objective [471 : 

» Build ing customer loyalty 

» Increasing sales to exi sting customers 

» Re-establi shing lapsed cus tomer relationships generating new business 

Direct marketing can be used in both business-to-business and consumer markets. Of course, the 

strategy will need to be modified depending on the target receptive to mail shots or telemarketing 

calls. Writers such as Peppers and Rogers urged companies to begin to dialog ue with their 

customers through these targeted approaches rather than the usual one way communication 

channel. In particular, th e new man tra, " 1-to- I" marketing, has come to mean using the Intemet 

to facilitate indiv idual relati onship bui lding with customers. An ext remely popular form of 

Internet-based direct marketing is the use of personali zed e-mail s [37]. 

However, it showed be noted that the res ults of direct market ing aren't guaranteed. A poo rly 

planned and executed targeted campaign wi ll be a waste of money. A badly designed mail shot, 

for exam pl e, could simply end up in th e bin. And wo rse sti ll , it may irritate recipi ents and 

damage the busi ness' reputation as a result. 
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3.2.3 Target Selection in Direct Marketing 

Direct marketing has become an im po rtant appli cation field for data mining. As explai ned above 

in direct marketing, companies or organ izati ons try to establ ish and maintai n a direct relationship 

with their customers in order to target them indiv idually fo r specific product offe rs or fund 

raising. Ap3l1 from commercial fi rms and compani es, charity organi zati ons also apply direct 

marketing for fund raising. In fact, nowadays more and more compani es are using the 

in fo rmati on about their customers' preference and behavior, which is provided by th eir 

databases, to do thi s kind of marketing. Moreover, many companies are using this ty pe of 

relati onship as thei r main strategy fo r interacting wi th their customers [15] . 

Kaymak [22], potenti al customers could be selected by analyzing data from prev ious campaigns 

or by organizing test mail canlpaigns from which models can be generated to select the 

customers who wi II be targeted. Usual ly data from previous campaigns is used. What group of 

customers should then be targeted" !:lased on what facts wi ll the company address one group of 

customers instead of another? 

Large databases of customer and market data are maintai ned for this purpose. In a speci fi c 

campaign, the customers or supporters to be targeted are selected from the database, given 

different types of information such as demographic in fo rmation or personal characteri st ics like 

profess ion, age and purchase hi story. 

Target selecti on is an important data mining problem from the world of di rect marketing. In fact, 

the answer to how co ul d the company prefer one group of customer than the other is the goal of 

target selecti on: determine the potent ial customers fo r a new product by identi lY ing profi les of 

customers that are known to have shown interest in a product in the pas t; that is, the generati on 
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of customer models (profiles) for a given product by an alyzing customers' data obtained from 

si milar previous marketing campaigns [22). 

The purpose o f target selecti on in general is the selection of th ose customers who wi ll be mos t 

interested in a particular product o ffer. So that as large percentages as poss ible of the targeted 

customers respond to th e product offer. The key to target selection is to maximize the profits of 

selli ng the product and mini mi ze the cost of the marketing campaign. 

MrulY techniques have been applied to select the targets in commercial applications, such as 

deci sion tree methods like CHAID or CART (Haughton and Oulabi ,1993) , stati stical regression 

(Wansbeek , 1993), neural computing (Zahavi and Levin , 1997) and fuzzy clustering (Setnes and 

Kaymak, 200 I) [40] 

3.2.3.1 Target Selection Methods 

The meth ods fo r target selection can be divided into two main groups [22] : 

1. Segmentation methods : - The segmentation approach divides the customers ' database into 

segments with similar properties . Segmentation based target selection model s thus di vide the 

customers into several groups depending on simi larity of relevant features. An estimate of the 

response percentage for each group can be computed given the training data available . The 

customers within the groups that have a hi gher response percentage are then selected for targeted 

offers, i.e. they are sent a product offer by mail or otherwise. 

2. Scol'ing methods: - The scori ng approach assigns a separate score to each individual 

customer, ruld is interesting for tailoring the marketing campaign to indi vidual customers. The 

score is ind icat ive of the li kelihood of res ponse of the customer. The customers are then ordered 
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As PaI1 of relationship marketing programs, marketing executives are taking advantages of vast 

quantiti es of customer data. Models commonly used in the direct marketing arena to predict 

response to mailings and other forms of direct marketing promotions are increasingly being used 

to up-sell or cross-sell customers who contact companies through call centers. For example, the 

models can be used to decide which of various possible products or services to offer the 

customer based on a predicted probability of accepting an offer that is estimated on the fly from 

data already availab le on the customer or obtained with a couple questions . A class of such 

models is called response model s, in which the dependent vari able is a si mple response or not 

[31]. 

Response modeling for database marketing is concerned with the task of modeling the customers 

purchasing behavior. The information at the level of th e indi vid ual consumer is typically used to 

construct a response score. 

Response modeling is a well known technique commonly used by direct marketing analysts [8]. 

It has proven to be a profitable tool in fine-tuning direct marketing strategies, since even small 

improvements attributed to modeling can create great financial gains [47] . The substantive 

relevance of response modeling comes from the fact that an increase in response of only one 

percentage po int can result in substantial profit increases [45]. 

Given a tendency of ri sing mailing costs and increas ing competition, the importance of response 

modeling increased. Imp roving the targeting of the offers may indeed counter these challenges 

by lowering non response. 
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customer. Finally th e card directl y goes back to the parti cular branch and the branch gives the 

card together with a pin number, which is only known by the customer, to the approp riate 

customer. The bank has a help desk that so lves customers' problems which are concerned with 

th e visa card usage or malFunction of machines. In the case where customers forget their pin 

number they will be given another pin number. 

With the expansion of the banking industry in Et hi opia, the DASHEN BAK S.C needs to 

improve its old and backward way of handling relati onship with its customers. Parti cularly in the 

case oFdirect marketing th e bank has to do a lot of works which help it in th e following way s: 

~ Can maximize customers' response to a product offering 

~ Minimize the overall marketing cost 

~ Improve customer relationsh ip management. 

All th ese benefit s can be achieved by using the direct marketing teChniques properly to their 

customers' data. 

3.3.2 Direct Marketing Programs 

In the developed countri es, banks like the Imperial Bank of Canada are making use of target 

selecti on to identify potential customers for a new product. As being repeatedly indicted the 

main purpose of thi s research is to build a model that helps to classiFy book customers accordi ng 

to their probability of being a visa card user. To accomplish thi s purpose a clustering and 

predictive models using customer demographi c and financial data were built. 

One of th e main benefits of direct marketing is to select a target in a cost effective way. n,e key 

idea is to avoid inves ting in a scattershot means of advertising. Companies with a specific ty pe of 
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marketing campaigns and select the appropriate marketing channel and adverti sing for the 

campai gn. It is then possibl e to target th ose customers most likely to exhibit th e desired behavior 

by creating predicti ve models. 

But mos t of th e time in contrary to thi s idea of direct marketing the ban k uses mass marketing 

strateg ies, whi ch is believed to be obsolete. Thus one can easily observe the absence of 

automated sys tem in the bank makes the journey to the wo rld of direct marketing velY much 

diffi cult. [f the bank starts to use the data mining techniques for th e purpose of direct marketing 

campai gn, it can build strong marketing strategy that helps the bank to meet its obj ecti ves in a 

cost effecti ve means. 

3.4 Review of Related Works 

In recent year different researches made on the customer relation management are increasi ng in 

alarming rate. Currently CRM is appli ed in enhancing different business iss ue like customer 

identifi cati on, segmentati on, customer differentiation, customi zation and many more. [n this part 

the researcher has tli ed to review some of the research es conducted in the department of 

in fo rmati on sci ence at Addi s Ababa Univers ity and elsewhere in areas of CRM that employed 

decis ion tree and clustering as a technique. 

The work ofHen ock [171, entitled " Applicati on of Data Mining Techniques to Support Customer 

Relati on Management at Ethiopian Air Lines" is one of the works in the area of CRM . He 

attempted to study the possible applicati on of data mining techniques to enhance business 

produ ctiv ity . He used deci sion tree and clustering techniques, to support CRM at ETHIOPIAN 

AIR LI NES Corporati on. The research was conducted in fi ve major phases, namely business 

understanding, data understanding, data preparati on, model building and evaluation . He appli ed a 
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K-M eans clus tering algorithm to segment the customer data into meaningful groups. The study 

seems to validate the bus iness norm that customer value is based on the 'Total Revenue' 

contributi on. The decision tree model that was generated from the cluster results correct ly 

assigned 92. 18% of new record s to fi ve clusters with 'Total Revenue' as th e splitting vari able. 

Th is res ult was found to be lower than the result obtained with 'Total Trip ' and ' Tenure in 

Months' as splitting variable, but th e he said that "since the difference was quite negli gibl e, the 

deci sion tree model with 'Total Revenue' makin g the initial split was chosen as a worki ng 

model " but the researcher bel ieves that, there is no enough reason to ignore other spli tt ing 

variables as far as they can bring better accuracy . 

Generally the results from hi s study were encouraging, because it shows that it is possi ble to 

segment customer into different clusters that made business sense by using the K-M eans 

clustering algorithm. Finally, th e researcher do believe that, the research showed that knowledge 

o f data mining techniques, marketing strategies and business companies should be integra ted to 

success full y implement CRM. As a recommendation , he suggested the importan ce of further data 

mining projects by including more demographic data. 

The other research was conducted by Kumneger on customer relation management for Ethi opian 

shipping line [23]. In her study the entire populati on was used to train th e clustering model 

whereas for the deci sion tree model 60% was used for training the model and 30% served as a 

test data and the remaining data 10% was empl oyed as validation set. As she pointed initi ally, 

her major obj ecti ve was to segment customer into similar groups based on their revenue 

generating behavior. At the end, the result reveals that it is possible to segment customers based 

on their profitabi lity and hence long term poten tial to generate revenue. The Cross Industry 
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Standard Process for Data Mining (CRISP-OM) model was followed to complete th e data 

mining task. 

The researcher believes that, the result of her research seems to be acceptable because the expert 

at the ES L (Ethiopirul Shipping Line) observe and appreciate the res ult. This shows how the 

model accurately handles the business cases. In th e experimentation part she used different 

values for K, which were 3, 4 and 5. She got accuracy of98.37 %, 98.62% and 97.88% for 3, 4, 

5 values of K res pectively . On the other hand, for the validation set the accuracy was 98.45%, 

98.55% and 97.72% accord ingly for 3, 4 and 5 value of K. As could have been understood from 

the res ult , the decision tree and the K-Means clustering were good enough to segment and 

predict instan ces accurately. Finally , she emphasized the importance of taking further data 

mining researches in different area with different tools 1md techniques. 

Still other research was done by Hi wot on applying data mining tools ruld techniques for 

effective CRM at Ethiopia hotel [1 8]. In her research different CRM concepts were revised and 

one can understand that CRM is the best marketing strategy for acquiring, retaining and 

partnering with selected customers to create a hi gh value for the hotel industry . She appli ed data 

mining process and principles on customers data obtained from the Ethiopian Hotel. For the 

purpose of data understanding, data preprocessing, and modeling data mining so ftware call ed 

Knowl edge STUDIO was used. She used the K-Means clustering algorithm and )48 dec ision tree 

al gorithm. For the value of K different numbers were attempted i.e. K=6 , K=5, K=4. The best 

res ult was found when K = 5, in that case all the five clusters were different and meaning ful. At 

last, the decision tree was used to classify the customers into one of the fi ve clusters and the 

splining attribute selected is th e ' Room Revenue' because it sco res a test accuracy of 96.72%, 
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whi ch is greater than any other attribute. 

Other important wo rks , particularly those involves in applicati on of data mining in th e Banks are 

the work of Meretework [27] and Askale [2]. Both showed that the app li cati on of data mining in 

th e Bank indust!)' is invaluabl e and furt her researches are recommended by both of them. 

On the other hand , there are many researches made in di FFerent part of the wo rld concern ing the 

appli cati on of data mining techniques for effecti ve CRM. "Response Modeling in Direct 

Mark eting- Data Mining Based Approach for Target Select ion" was done by SadaF Hussein [38]. 

In hi s research, a res ponse model for target selection in direct marketing with data mining 

techni ques was const ructed for Pers ian Bank . As he explained, the bank is faced with challenges 

of increasing compet ition and decreas ing of response rate. To solve th e problem the bank need to 

select the "Customers" that shou ld be contacted in the nex t marketing campaign s. Hence he tried 

to pred ict whether an existing customer will purchase on the next marketing campaign or not, 

based on informati on provided by the purchase behavior variables. For thi s purpose, he 

developed a predictive response model with data mining techniques to select the customers that 

should be targeted in order to obt'lin a percentage as high as possible of positi ve responses. The 

cus tomers were divided into two classes, respondents and non-res pond ents. 

Various c1assilication methods (c1ass ili ers) were used for response modeling such as statistical 

ruld machine learning methods. Neural networks, decision trees and support vector machines. ' In 

the response modeling procedure different steps were taken , such as: data coll ecti on, data 

preprocess ing, feature constructi on, feature selection, class balancing, c1 ass ili cation and model 

eval uation. Finally he poi nted out that th e result obtained is satisfacto!)' and also recommend on 

future works that need attention . He suggested future work in the area of response modeling 
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using other techniques (other than support vector machine). 

Either directl y or indirectly all the above researchers impress the importance of identifying the 

best group of customers in the market. 
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Chapter Four 

Experimentation 

4.1 Overview 

To successfu lly accomplish the objectives of the research the contribution of thi s secti on is 

central and most important In order to enable successful CRM, the initial task is to identify 

market segments containing the hi ghest potential customers [46]. 

This research wo rk includes all th e fundamental stages that are inco rporated in th e data mining 

process and specifically in the Cross Indust!), Standard Process for Data Mining (CRISP-DM), 

which is shown in Fig ure 4. I. 

Business 
understand ing 

Data 
understanding 

Data 
preparation 

Modeling 

Evaluation 

Deployment 

Figure 4. 1: Phases of the CRtSp ·DM life Cycle [36) 
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4.2 Business Understanding 

Based on the di scussion in chap ter three (secti on 3.3.2), which focus on the current direct 

marketing program in th e bank, it is clear that the bank needs a qu ick solution to its current 

chall enges in conduct ing a successful potential visa card cus tomer selecti on process. 

4 .2.1 Data Mining Goals 

One of the data mining go al s is to identify the most important variabl es from th e data coll ected 

that can be used for cluster model building. Hence the next step, that is segmenting customers 

into different groups, is achi eved by using these selected variables. This will great ly helps to 

have a clearer and bi gger picture of the customers . As a matter of facl, better und erstanding of 

customers plays a great role in taking actions that are very much efli cient and effecti ve. 

Since the unders tandability of the clusters obtai ned is hi ghly dependent on the data preparation 

and analysis phases, these steps are given a hi gher attention in the process of thi s research. The 

data preparati on and analysis help th e identifi cati on of important attributes that could serve as an 

input for the mod el build ing. The las t data mining goal is to build a class ification model that can 

automatically assign a new record to the already identifi ed cluster indexes by using the deci sion 

tree leaming method. [n thi s classi fi cati on process the cluster index served as the dependent 

vari able whereas th e other attributes as the independent 

The successful accomplishment of thi s research is evaluated against the ab ili ty of the cl ustering 

model to come up with the appropriate number of clusters and at the same time the ability of the 

decis ion tree to class ify a new record as accurate as possible to the correct cluster index . 
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4.3 Data Understanding 

Hav ing defined the data mining goals, the next step is the understanding of the cus tomers' data 

(demographic and financial data). In th is phase an investigation on the avai lability of data that 

are useful for achi ev ing the research goal were dealt. Therefore, in order to fu lfi ll the data 

requirement, data was initi ally collected regarding customers behavior fro m the DASHEN 

BANK S.c. database. As carefu l analys is of data and its structure is invaluable, the researcher 

has gone through many processes that ensured the availability of a well organi zed data. As part 

of the researcher endeavor to come up with a best sort of data, the evaluati on of the relationship 

of the data with the problem at hand and th e particular data mining tasks were dealt with the 

experts at the bank . Figure 4.2 shows the differenllasks in the data understanding phase. 

Data _~ Data ~ Modeling 

"" 
Evaluation ~ Deptoyment 

understandi"/ preparation / 

/ / 
1 

Initia l data 
collect ion 

~ 
Description of 

data 

~ 
Data 

explorat ion 

t 
Data qua lit y 

verification 

Figure 4. 2: The Data Understanding Phase [36J 
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4.3.1 Initial Data Collection 

Identif)1 the sources of the data that will serve the mining process is onc of the major steps of data 

understandin g. The primary data source for thi s research is the DASI-IEN BANK S.C. database. 

The server wh ich stores the customers ' data is not connected to the rest of the banks servers 

instead it directly connected to the intemational visa and master card servers. The responsibl e 

body for storing and maintaining thi s database is the IT secti on of card payment department. The 

database stores demographic and financial data. The visa card customers ' data has been 

elect roni cal ly stored since 2006. 

4.3.2 Description of the Data Collected 

Thi s step hetps to describe the contents of the database . The collection has nearly 25000 records and 

more than 40 attri butes . Some Of the altri butes that were obtained from th e ini tial data coll ection 

using MS-Excel is shown in Table 4. I. 
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Attribu te Name Data Type Description 

Name Text The name of the customer 

Id .no Number Identificati on number of 
the customer 

Id iss ued by Text The authority that is sue the 
id 

Date of birth Date Date of birth of the 
customer 

Place of birth Text Place where the customer 
born 

Gender Text sex of the customer 

Na me of employer Text Name of the company 
where the cus tomer wo rks 

Employer address Text Address of the company 
where the customer works 

Position Text The posi tion of the 
customer in hi s company 

Occupati on Text The occupation of the 
customer 

Monthly income Number The amount of monthly 
income of the customer 

Ci ty/town Text The city where th e 
customer Ii yes 

Sub city/woreda Text The sub city where the 
customer Ii yes 

Kebele Number The Kebel e where the 
customer Ii yes 

House no Number House number of the 
customer 

Home tel Nu mber The home phone number 
of the customer 

Offi ce tel Number The office phone number 
of the customer 

Mob il e Number Mobi le nwnber of the 
customer 

Table 4. 1: Some of the Attributes of Customer Registration Sheet 
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4.3.3 Data Quality Verification 

The reli ability of th e data and completeness of records are relatively good as the data is produced 

electronically. Since demographic and financial data playa great role in determining a customer -
response to the direct marketing campaign, the researcher believes that the availabl e data is 

enough for the intended purpose. Despite the above fact , some of the collected data have 

mi ss ing, incomplete and irrelevant values. The researcher has tried to solve these prob lems in the 

data preparati on phase. 

4.4 Data Preparation 

This phase in volves a number of steps to pro vi de the final dataset for modeling. As shown in 

Figure 4.3 , it includes data select ion, cl eaning, construction, integration and formatting. 

Data mining 

goals 

Data 
understanding 

Da ta 
preparation 

Data select ion 

Mode ling 

~ 
Data clean ing 

f-> 

Evaluation Deployment 

Data 
~ - integrat ion and 

f-> transformation 

Figure 4. 3: Data Preparation Phases [36] 

4.4.1 Data Selection 

The coll ected data for thi s researcher was selected from huge collection of customers ' data. 

Since it was very much difficult to personally access the database, the researcher used those data 

that were made availab le by one of the experts at the bank . As noted in Appendix C, there are 
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nearl y 40 attributes. By discuss ing wi th the experts at the DASHEN BANK S.c. some attributes 

th at were considered crucial for the analysis purpose were selected . The criteria used for the 

selecti on include relevance to the data mining task as well as quality constraints. The initial 

attri butes collection includes some irrelevant ones like address of the customer, name of 

emp loyer, identificati on number, phone number, and employer address of both primary and 

secondary applicants and others. Since th~ a!tributes are bel ieved to have less significance for 

thi s researcher, al l of them were excluded from the dataset. The " Age" attribute was obtained by 

subtracting th e "Date of Birth" attr ibute from the curren t date. Therefore the " Date of Birth " 

altribute was excluded. Since customer information is recorded only once, there is no any work 

done with respect to excluding redundant records in the collection. After the data preparation 

process was done, the dataset has left with 5110 records and 8 attributes . Since th e data mining . ~ 

task to be performed need relati vely hi gher number of records , all of the 5 110 records were used 

for the experimentation purpose. 

4.4.2 Data Cleaning 

Data cleaning helps to clean the data by filling in the missing values, smoothing noisy data, 

identify ing or removing outl iers, and resolving inconsistencies . Different methods were used to 

handle the missing values such as ignoring the tuples, fil li ng the miss ing values by us ing the 

modal value (for nominal and ord inal variab les) , and the mean (for continuous variabl es). The 

researcher mainly used four methods namely: using mean value, modal value and fi lli ng the 

mi ssing value manually and also ignoring tup le. 

From the available attributes " Month ly_Income", "Educational_Level" and "Occupation" were 

found relatively to have the highest mi ss ing value. In the case of" Monthly-I ncome" th ere were 
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180 missing values , so that to fill in the mi ssi ng val ues the researcher used the mean value of 

monthly incomes of the customers who are in the same group with res pect to the ty pe of 

occupation(h ired or private). For the attribute " Educational_Level" there were 163 mi ssi ng 

values, to handle this si tuation the technique of filling the most frequent value (College) for the 

variable "Educational-Level" was used. 

In the case of "Occupation" there were 60 mi ssing values, to handle thi s situation the researcher 

has gone through the dataset manually and filled the value "hired" for those customers who earn 

a monthly income less than 5000 and " private" for those who have a monthly income greater 

than 5000. There were also 28 missing values for the attribute " Marital_Status" and filled by 

considering th e age aJ1d gender of the customer, if the age is greater than 26 and the gender is 

female or if age is greater than 30 and the gender is male then the missing value was filled with 

" Married" Ulliess "Single" was filled. In additi on to this some records whi ch contain large 

number of missing values were discarded. For the purpose of data cleaning Microsoft excel was 

used. 

4 .4.3 Data Transformation and Integration 

Since the attributes were derived from customers ' profi le, this data construction step was 

important This is because the customer file contains raw data, which is not in the form 

appropriate for the business goal to be addressed, and the corresponding data mining tasks to be 

performed. In th e case of data formatting the data was converted intoarff format , wh ich is 

suitable for the data mining tool. Since all the data available for this research purpose was 

'---- --:?' 
available in a single file there is no need for integrating different data so urces. Creating the new 

att ri bute from the existing attributes can improve the resu lt of data mining models [39]. As 
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di scussed earli er in thi s secti on th ere was a derived attribute. This attribute is "Age" which was 

derived from "Date-of-Birth" Age = current date (2008) - Date-of-Birth . Finally , the attributes 

that are ready fo r the analysis purpose are shown in Table 4.2. 

Attribute/Field Name Data type Description 

Age Number Age of th e Customer 

Gender Text Sex of the Customer 

Occupation Text The Occupation of th e 

Customer 

Monthly income N umber The Amolmt of Monthly 

Income of the Customer 

Educat ional level Text The Educational Status of th e 

Customer 

Accommodation Text Accommodati on of the 

Customer 

Marital status Text Mari tal Status of the Customer 

Money deposited Number The amount of money 

deposited . 

Table 4. 2: Final Attributes of the Final Dataset 

4.5 Model Building 

Thi s is the major phase of the CRISP-OM process and hence there are a nwnber of tas ks the 

researcher has gone through. These include selection of the modeling technique, laying out a test 

design, bu il ding a model , and finally the assess ment of the model built 
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The K-Means clustering algorithm examines all the records and ass ign s each record to th e ne~rby 

cl uster center. The main thing to be remembered here IS that to come up wi th a good 

segmentati on model, a great deal o f care should be taken m sel ecting of deci sive attri butes, 

scales and con fi guration informati on for the K-Means algori thm. In this research a thorough 

rulalysis and interpretation of each and every cl uster is made by the researcher an d the domai n 

experts. For the lmderstanding and interpretati on purposes the foll owing approaches were used: 

> Visually understand how th e output differs by changing in the input variabl es. 

> Examine the di ffe rence in the distributi on of variables from cl uster to cl uster, one 

variable at a ti me. 

> Lastly, automatically grew a deci sion tree with th e cl uster indices as the 

dependent variabl e, and use it to deri ve rules explain ing how to ass ign new 

records to the right cl us ter. 

4 .5 .2 Test Design 

During th is step data should be partiti oned into training and tes t sets. It is importan t to create 

both a trai ning dataset, which is used to build the model, and a test or hold- back dataset, whi ch 

is used to tes t the model. 

Mos t of the time researchers randomly split data into training and test sets. Training is ty pically 

done on a large prop0l1ion of the total data avai lab le, whereas testing is done on some small 

percentage of the data that has been held out exclusively fo r thi s purpose. 70% of the data was 

used for tra ini ng purpose while the remai ning was used fo r test set. 
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For the clustering purpose all the records of dataset was used for the training purpose, because 

clustering is un supervised learn ing, where the algorithm is provided with th e data points wi th 

out labels, th e task is to find sui table representation of the underlining distributi on of the data. 

4.5.3 Clustering Modeling ~ 

After the completion of all the above steps, the next step is to build the cl ustering model 

fo ll owed by decision model using the selected tools. The basic configuration parameters 

available in WEKA fo r the K-Means algorithm include: 

~ Display standard deviation: -Display standard deviations of numeric attributes and 

counts of nominal attrib utes. The available choices are true and false. 

~ Do not replace mi ssing values: - To replace or not mi ss ing values globally with 

mean/mode. The available choices are true and fa lse. 

~ Number of clusters : - The number of clusters (K in K-Means) that need to be created . 

This value has to be manually inp ut into the system. Most of th e time the val ue o[ K 
---

ranges [rom 2-20, but it has to be determined by the number of seg ments that th e business 

can successfull y handl e or manage. 

~ Seed: -The random number seed to be used. 

In this research four clustering ex periments (experiment 1,2 ,3,4) were conducted by changing 

the values of K. 

Experiment 1 

Before starting thi s experimentat ion part, the researcher bel ieves that it is important to mention 

the fact that there was a discussion with the experts at the DASHEN BANK S.c. This discussion 

focused on assessing the inOuential factors [or being a visa card customer. Generally the experts 
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were discussing some of th e most important variab les that are used to select a potential customer 

of the visa card service. Thus the researcher would like to point out the important points raised 

by the experts in the following paragraphs. ,\ (;.;'1 , ~t...,...( 

t-"--e-.e-- (. l­

.........-. :> c.
t 

There is no actual quantitative definition of a good segmentati on output, 
_ , . ..l, -

assessing the clusters 
~ "i.A-~ '- ,. I; ~ 

based on certain decisive attribute is sensible (34) . Thus the attributes " Monthly_Income", 

" Money_Deposited", "EducationalJevel" and " Age" "rgiven a velY high weight by the 

experts. Consequently , in the experimentation part the analysis and in terpretation of each and 

evelY cluster was highly dependent on these attributes. But thi s doesn't mean that the rest of the 

attributes have no importance, rather it is to note the weight given to these variables in the real 

world by the experts. As the experts explained, if a customer has the following characteris tics 

he/she considered as having a higher probability to be the potential customer of the visa card 

service: 

'" very high score in the variables Monthly_ Income and Money_Deposited 

'" The age categolY is in the young and middle age group , like thi rties and twenties 

>- The Educational status is high like college 

On the other hand the customer will most probably consider as hav ing a low probability to be a 

potential customer of the visa card service if the fol lowing conditions are met: 

'" A low score in the variables Monthly_Income and Money_Deposited 

'" The age category fall around late Forties, Fifties, above these 

'" The educational level is low like elementary 

Finally, all the other possible combination of the above value together with the rest of the 

attributes values evaluated as being fall between these two extreme cases and hence evaluated 
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accordingly. Thus, it is impo rtant to note that the evaluation an d in terp retati on of the clusters 

was full y dependent on th e abov e points and additional advices of the experts. 

As shown in Table 4.3, th e final allributes th at were taken fo r the ex perimentati on purpose are 

" Money _Depos ited", "Age", "Gender" , "Occupation", "Monthly _Income", 

"Ed ucati onal_Level", " Accommodation" and "Marital_Status" . The rest of the allributes whi ch 

are shown in Appendix C were excluded. TIle decision was based on the consensus reached by 

th e researcher and the experts on th e degree of useful information prov ided by the variabl es. The 

d i scard ecL~~ri abl es were beli eved to provide vel)' littl e useful informati on. Rather they may 

red uce the accuracy of the algorithm. Since clustering is unsupervi sed data mining technique, all 

the selected variabl es were set as independent variab le. 

In ord er to eas ily see the pattern di scovered, the researcher used the dataset mean , max imum and 

mi nimum values together with the sugges tion of the domain ex perts to determine threshold 

values. This thres hold values are found at Appendix D. 

To represent the values of the vari ables the researcher used short fo rms, which is shown in Table 

4.3. 
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Values of the Variables Sho,'t Form 

College CO 

El emental), EL 

Hi gh School HS 

Forti es FR 

Firti es FT 

Thirti es TH 

Twent ies TW 

Hi gh H 

Low L 

Med ium MD 

Ve,), High VH 

Marri ed MR 

Single SG 

Femal e F 

Male M 

Pri vate PT 

Hi red HD 

Rent RT 

Ta ble 4.3: Short Forms for the Values of the Attribute Used 

Fi gure 4.4 shows the training result of the clustering model including the name, the number of 

anributes used, the number of records used, the tes t mode, and other information, 
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== Run information == 

Scheme: weka.c1usterers.SimpleKMeans -N 5 -S 1 ORelation: dataset both numeric and 

nominal-weka. fi lters. unsupervised.attri buteo Remove-R3, 6, 9 

Instances: 5 11 0 

Attributes: 8 Gender, Occupati on, Month ly _Income, Marital Status, Age, Educational 

Level, Money_Deposited, and Accommodat ion. 

Nu mber of iterations: 3 

Within cluster sum of squared errors: 11051 .0 

Figure 4. 4: Training Result of the First Cluster Run 

Cluster Frcq . Gender Occupation Monthly Marital Age Educational Money 

index records Income status Level Deposi ted 

I 166 1 M HD L SO TH CO L 

2 764 M HD L SO TW CO L 

3 2079 M PH VB MR FR HS VH 

4 150 F [-ID MD SO FT EL H 

5 456 M PT L SO FR HS L 

Table 4. 4: Summarized Res ult of the First Experiment. 
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As sholVn in Table 4.4, on the summary report, all the variables are taken as independent 

variabl e. It also shows the size of the dataset used in the cI ustering analysis i.e. 5 11 0 records (all 

the dataset).The algorithm ass igns appropriate cluster index for each of the records in the dataset 

This type of visual output prov ides a descri ptive classi fi cat ion model of the clusters, which plays 

in valuable role in ex ploring and identifying the characteristi cs of tile clusters. 

The result shows that Cluster_ 4 has very small number of instances (3%). Th is condition 

prompts the researcher to suspect the presence of some outli er values , whi ch contain values that 

are beyond the normal trend. Most of the clustering algorithms consider these types of 

exceptional values as customers who have a unique character, so that put as a single cluster. Thus 

the researcher go th ro ugh the clustering result and found that there were figures beyond the 

normal value, which were assumed to be encoding error on the al1ributes "Marital_Stat us" and 

"Age". Then the dataset was assessed visually for the part icul ar values of the two attributes and 

found that there are unusual or strange values for these two attributes. Consequently nine records 

were manually removed from the dataset. In addition to thi s, Cluster_ I and Cluster_2 contain 

customers who show more or less a simi lar pal1ern. Thus the researcher believed that the 

produced clusters are not good enough to represent different group of customers. 

As indicated at the beginning of this experimentati on, the researcher together with the domain 

area experts' selects attributes th at are considered important for class ify ing customers according 

to their likelihood of being a visa card customer. In addition to thi s, the researcher bel ieves that it 

is also . possible to improve the performm,lce of the model by selecting the mos t stati stically 

significant attributes by using decis ion tree. For this purpose the researcher used deci sion tree to 

classify the records to the appropriate cluster index . Finally the attributes that are fO lmd at the top 
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most of the decision tree and that are believed to increase the performance of th e model were 

selected as statistically signi ficant variables. Thus by including the above adjustments the next 

experiment was conducted. 

Expedment 2 

The foll owing attributes were selected by the deci sion tree as statist ically significant attributes: 

Gender, Occupation, Monthl y_ Income, Age, Educati onal_Level, Money _Depos ited , and 
Accommodation. 

After the removal of the records that have outli ers and also by selecting the above attributes, thi s 

second experiment is conducted. The specific values and percentage of composition for each 

attri bute in each of the clusters are shown in Figure 4.5. 

== Run information === 

Scheme: weka.c1usterers.SimpleKMeans -v -N 5 -S 6 

Relation: dataset-weka. fi lters. unsupervised.attri buteo Remove-R3 , 5, 8 

Instances: 5 10 1 

Attributes: 7 Gender, Occupation, Monthly_Income, Age, Educat ional_Level , 

Money _ Deposi ted, Accommodation 

Test mode: evaluate on training data 

=== Model and evaluati on on training set == 

KMeans 

Number of iterations: 3 

Within cluster sum of squared errors: 10708.0 

Figure 4.5: Training Result of the Second Cluster Run 
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Cluster Freq. Gender Occupation Monthly Age Education Money ~ccommod 

index records Income Deposited tion 

Level 

I 1087 81%1' 72%PT 65%L 53%TH 60% CO 54% L 7 1% PT 

19%MD 24%TW 25% I-IS 17%MD 28% RT 

10% 1-1 31%FR 14%EL 16%H 

4%VH 13%FT 12% VI-I 

2 1339 87%M 78%P'f 7%L 8%TI-1 59% CO 12% MD 94% PT 

27%MD 7%FR 21% I-IS 17% I-I 5% RT 

12%1-1 28%FT 18% EL 70% VH 

52%VI-1 

3 955 80%M 86%\-ID 95%L 68%Tl-I 66% CO 86% L 12%PT 

4%1-1 32%FR 32% I-IS 4%MD 87% RT 

5%FT 7%VI-I 

4 692 6 1% M 76% I-ID 94% L 100% 81%CO 83% L 5%PT 

5%MP TW 13% HS 16%MD 94% RT 

5%EL 

5 1028 67% M 95% PT 30% L 16%TI-1 80% I-IS 14%MD 86%PT 

18%MD 83% FR 19%EL 10%1-1 13% RT 

21% H 74% VI-I 

28% VI-I 

Table 4. 5: Summarized Resu lt of the Second Experiment 

From th e result of the second expeliment shown in Table4.S, the third cluster and the fourth 

cluster have a veIY si mi lar pattern except for the variable "Age". Even the dissimi larity of the 

" Age" attribute is the small es t possib le disparity that is Cluster_3 is dominated by customers 

arollnd the age of thirties whil e in Cluster_4 the majority of customers are at the age of twenties . 

In simp le word both o f the clusters represent customers who have a low probability to be the 

poten tial customers of the visa card serv ice. The experts believe that it is not a wise decision to 
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Cluster Frcq. Gender Occupat Monthly Age Educational Money ACCO IllIll O 

index records 1011 Income Level Deposited dation 

I 1598 94%M 8 1%PT 17% L 22%T H 48%CO I% L 92%I'T 

35%MD 2%TW 26%HS 18%MD 7%RT 

22%H 45%FR 24%EL 22%H 

24%VH 29%FT 57%VH 

2 1259 64% F 96%PT 8%L 19%TH 12%CO 5%L 83%PT 

14%M D 52%FR 73%HS 8%MD 16%RT 

II %H 28%FT 24%EL 12%H 

65% VH 72%VH 

3 1450 65%F 78% HD 92%L 63%TH 77%CO 86%L 27%PT 

5%MD 28%TW 17%HS 10%MD 72%RT 

2%H 7%FT 5%EL 2%VH 

4 794 100%M 65%HD 100%L 63%TW 74%CO 80%L 22%PT 

29%FR 25%HS 14%MD 77%RT 

6%FT 4% H 

Table 4. 6: Summarized Result of the Third Experiment. 

As clearly shown in Table4.6, ClusteT_3 and Cluster_ 4 have customers with a low probabi li ty of 

being a potenti al visa card customer and at the same time these two clusters have si milar pattern . 

The characteri stic of these clusters with respect to th e different attributes is summari zed below. 
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the same as that of Cluster_ I and classified it as containing hi gh probabi lity customers. On the 

other hand, oth ers said that it contains the mi xture of those customers with very high, hi gh and 

medium probability of being a potential customer of the visa card service. 

C1ustcr_3 

This cluster contains the second largest number of customers (1450). Most of the customers 

(92%) earn a low Monthly income, 86% and 10% of the customers have low and medi um 

amount of money deposited res pecti vely. In terms of educational level 77% and 17% of the 

customers are coll ege and high school graduate respectively. As being evaluated by the experts 

and the researcher thi s cluster was considered as containing those customers with low probability 

to be the visa card customers. 

Cluster 4 

This cluster contains the least number of customers 794(1 6%). All of the customers in thi s 

cluster earn a low Monthly_ Income, 80% and 14% of th e customers have a low and medium 

amoun t of deposited money res pect ively. In the case of EducationaUevel 74% and 25% of the 

customers are coll ege and hi gh school graduates ' respectively. Thi s cluster also considered as 

contain ing those customers that have a low probability of being a potential visa card customer as 

that of Cluster 3. 

Accordingly , the two clusters, C1uster_3 and Cluster_ 4 have almost similar pat1erns in terms of 

the variab les " Month ly_Income", "Money_Deposited" and " Educational _ Level". In addition to 

thi s, the two clusters show a very similar pattern for the variabl es " Accommodati on" and 

"Occupati on". The only difference between these two clusters is in the variable "Age" and 

"Gender" even in thi s case it is not a big one. Thus it becanle difficult to differentiate between 
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the two clusters; rather the researcher fou nd himself in dilemma to say Cluster_3 contains 

customers with better probabil ity to be the poten ti al customers than Cluster_ 4 or vice versa. 

Consequently, the researcher bel ieves that all th e above problems happened because of the fact 

th at th e clustering algorithm did not perform well . A good clustering algori thm tri es to 

max imize th e similarity within the class while decreasing similarity between classes. But in this 

experiment not only the third and fourth clusters but also the first and the second clusters show a 

close similarity. If th is model were a good model, it would be simple to rank clusters according 

to th eir probabi li ty of being a potential visa card customer. Because of the above mentioned 

points, the nex t experiment was conducted by changi ng the val ue of K to 3. 
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Experiment 4 

In thi s ex periment K was set to three but everyth ing includi ng the number of records are same as 

the previous experiment (experiment two) 

== Run information === 

Scheme: weka.c1usterers.SimpleKMeans -V -N 3 -S 6 

Relation: dataset-weka. filters. unsupervi sed .attri bute.Remove-R3 , 5, 8 

Instances: 5 10 1 

Attributes: 7 Gender, Occupation, Monthl y_Income, Age, Educational_Level , 

Money_Deposited , Accommodati on 

Test mode: evaluate on training data 

== Model and evaluation on training set == 

KMeans 

==== 

Number of iterations : 3 

Within cluster sum of squared errors: 8958.0 

Missing values globally replaced with mean/mode 

Figure 4. 7: Training Result of th e Fourth Cluster Run 
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Cluster Freq. Gender Occupation Month ly Age Eduea tio Money Accoml11 

index records Income nal Level Deposited odation 

1 1184 34%M 83% PT 49%L 21%TH 10%CO 17% L 75% PT 

65% F 28%MD I O%Tw 68%HS 36%MD 24% RT 

12% H 43%FR 21%EL 22%H 

9% VH 22'X,FT 23% VH 

2 2006 85%M 86%PT 7% L 19%TH 48% CO 3% L 92%PT 

14%F 19% MD 3%TW 33% HS 6%M D 7% RT 

17% H 45% FR 17% EL 12% H 

55% VH 3 1%FT 77% VH 

3 191 1 58%M 80% HD 93% L 44%TH 80% CO 89%L 18%PT 

41%F 4%MD 40%TW 17% HS 6%MD 81 % RT 

2%H 10%FR 2%EL 3% VH 

4%FT 

Table 4 . 7: Summarized Result of th e Fourth Experime nt . 

In thi s experiment it became possible to clearl y dis tinguish between the clusters and also to 

class ify each of the customers to a different level according to their expected response to the 

direct marketing campaign (as high. medium and low). From the above ex peri ment, the 

following behaviors are detected from each cl uster. 

• Thi s is the small est cluster that consti tutes 23% of the total customers. Most of them are 

female (65%). 
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• The age gro up that dominate this cluster is forties (43%) followed by thirties (23%), fifties 

(22%) and twenti es (I O%).From the whole dataset 13%, 18%, 31 % and 27% of th e twenties, 

thirties , Corties and fifties are found in thi s cluster respecti vely. This indicates that, th e fifties 

and forties have a better chance to be the medium probability customer While the twenti es and 

thirti es have less chance to join these medium probability customers . 

• A great number of customers (83%) run their private business while the remaining customers 

are hi red by oth ers. From the whole dataset 3 I % of the private and 9% o f the hired customers 

are fou nd in this cluster 

• Almost halfofthe customers (49%) earn a low monthly income while (28%) medium, (12%) 

high and (9%) very high. In terms of monthly income, from the whole dataset 42% of the 

medium, 23% of the 1011', 29% of the hi gh and 8% of the velY hi gh are found in this cluster 

• 68% of them are hi gh school graduates, (21 %) elementary and (10%) coll ege. From the whole 

dataset 45% of the hi gh schoo l graduates, 40% of elementary and 3% of the college graduates 

are found in thi s cluster This shows that the college graduates have a negligible chance to have 

a medium probability. 

• With respect to the amounts of money depos ited, the medium depositors (36%) take the higher 

proportion foll owed by very high (23%) , high (22%) and low (17%) From the whole dataset 

64% of th e medium, 10% of the low, 52 of the high and 14 of the very high depositors are 

found in thi s cluster 

• The majority o f the customers (75%) have there own residence. From the whole dataset 28% 

of the pri vate and 14% of the rent customers are found in thi s cluster 

The researcher supported by the sugges tion of the domain experts analyzed thi s cluster and 

consider it as containing a "medi um" probability customer The number of customers with 

82 



medium monthly income in this cluster is greater than any other cluster. Whil e in terms of the 

variab le money deposited thi s cluster consists of the second larges t number of med ium 

depositors. Generally thi s cluster consists of customers who show an intermedi ate behavior 

between customers in Cluster 2 and Cluster 3. - -

Cluster 2 

• This cluster consists of39% of the dataset and 85% of them are male. 

• The maj ority of th em (86%) run th eir own business. From the whole dataset 56% of those 

customers who have their pri vate j ob are fo und in thi s cluster. 

• 55% of th e customers gain a very high monthly income, whil e the remaining 19 %, 17% and 7 

% are med ium, hi gh and low in that order. From th e whole dataset 9 1 % of the velY hi gh and 

70% of the high monthly income customers are found in this cluster. Whereas, only 5% of the 

low inco me cus tomers are found in this cluster. 

• In term of age gro up 45% are forties , 3 1 % fifties, 19% thirti es and 3% twenties. From the whole 

dataset 6%, 26%, 56%, and 65% of the twenties, thirties, forties and fifti es are found in this 

cl uster respecti vely. This clearly shows that, most of the customers with the age of fift ies and 

forti es are found to be hi gh probability customers , whil e very few numbers of customers with the 

age of twenties and thirties have thi s same chance. 

• Most of the customers are co ll ege graduates (48%) followed by hi gh schoo l (33%). From the 

whole dataset 54% of the elemen tary, 37% hi gh school and 37% coll ege graduates are fo und in 

this cluster. 

• 77% of them store a very hi gh amount of money. From the whole customers in the dataset who 

store a very hi gh and high amount of money 82% and 48% of them are found in th is cluster 

respectively . On the oth er hand only 3% of the low depositors are found in this cluster. 
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• Almost all of them (92%) have a private residence. From the whole dataset 60% of the 

cus tomers who have their private res idence and 7% of the customers who use a rent house are 

found in this cluster. 

As bei ng explai ned by the experts, thi s cluster contains those customers who are most probably 

merchants wi th good educati onal level and also who deposit and wi thdraw their money 

frequently . Moreover, the experts said that the highest amo unt of profit has been gai ned from thi s 

type of customers . These customers are al so considered by the ex perts as containi ng most of the 

POS service user. So that, this cluster is catego rized as havi ng customers who are highly 

expected to res pond positively to the direct marketing campaign and classified as "high" 

probability customers. 

C1uste,'_3 

• This cluster cons ists of the second largest number customers (37%). 

• The number of male (58%) and female (41 %) are considerably propo rti onal. 

• 80% of the customers are hired , while there are small numbers of customers who run their 

own business. From the whole dataset 76 % of the hired and 12% of the private customers 

are found in thi s cI us ter. 

• Majority of th e customers (93%) are characteri zed by low monthly income. In thi s cluster 

none of th e customers earned a high monthly income. Those customers with mediwn (4%) 

and high (2%) took very small percentage of the total. From th e whole dataset 7 1 % of the 

low income customers and only 7% of the high income customers are fou nd in thi s cluster. 

On the contrary th ere is no any cos tumer wi th a very high monthly income. 
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• The age composition of thi s cluster is highly dominated by thirties (40%) and twenti es (44%) 

The remaining 10% and 4% are shared by forties and fifti es respecti vely. From the whole 

dataset 8 1 %, 56%, 12%, and 8% of the twenties, thirties, forties and fi fti es are found in thi s 

cluster respecti vely. This clearly shows th at, most of the twenti es and thirti es are found to be 

low probability customers while very few numbers of the forties and fift ies are found to be low 

probab ility customers. 

• 80% and 17% of the customers are college and high school graduates in that order. In contral)' 

to thi s the numbers of customers whose level of ed ucation fall under th e categol)' elemental)' 

are negligible, only 2%. From the whole dataset 58% of the college graduates, 18% the hi gh 

school graduate and 6% of the elemental)' are found in thi s cluster. 

• The maj ority of customers (89%) accumulated a low amount of money whil e medium (6%) 

and velY hi gh (3%) depositors comp ri se the remai ning. In thi s cluster there is no any customer 

with th e label high. From the whole dataset 87% of the customers with a low deposit are fou nd 

here at the same time only 3% of the very hi gh are found in thi s cluster. 

• Mos t of th e customers (8 1 %) have not thei r pri vate home rather they rely on rent. From the 

whole dataset 78% of the rent and II % of the private customers are found in thi s clus ter. 

As being interpreted by th e ex perts, thi s cluster ty pically represents the young and middl e age of 

both male and female customers of the bank . Mos t of them are college graduates who are hired 

in different governmental or pri vate organi zati on and their monthly income is the primal)' source 

of their livelihood. This cluster is considered as having customers with a " low" chance to 

posi tively res pond to the direct marketing campaign. The experts ex plained that, in th e past 

three or four years these customers show a posi ti ve attitude toward the visa card service and the 
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bank has been tl)' ing to reach these customers in different ways . On the course of reaching these 

cus tomers, the bank has been in vesting much amount of money for convincing thi s group of 

customers (young and middl e age customers) . But th e res ult of thi s research shows that the bank 

would have been a beneficial)' if it has tri ed to in vest much on customers who are found in 

Cluster_ I and Cluster_2. The experts said that, the trend in the bank is to contact more of the 

young and midd le age customers with out givi ng much attention to their financi al status and 

other variabl es and thi s cost the bank a lot. 

From the output of thi s research the researcher reali ze that the vari able "Occupation" and 

" Accommodati on" play a great rule in determining customers' response to the visa card offer In 

thi s res pect if a cus tomer runs a private business, then the probability to res pond positi vely to the 

visa card offer is relati vely hi gh. Similarly customers with a pri vate res idence are fo und to have a 

hi gh probab ility to res pond positi vely. A large proportion of customers with educati onal level of 

elemental)' and high school are found in the high and medi um probability customers than the 

co ll ege graduates. The output also shows that [rom current visa card customers with elemental)' 

educational level most of them are grou ped under the hi gh probability customers whi le a vel)' 

Few of them are catego ri zed as a low probability customer With respect to the variable age, thi s 

research reveals that customers at th e age of fi fti es have hi gh probabi lity to respond pos iti vely to 

th e visa card offer. And the probabi li ty decrease as the age decrease. 

After seeing the result , experts understood that the ban k should not confine itself only to the four 

att ributes (month ly income, educati onal level, age and money depos ited) rather it should tak e 

in to consideration all th e att ribu tes that were included in thi s research . It is important to note that 

only one or two variables can not determine the probability of bei ng a visa card customer, rather 
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al l the above ex planation are meant to impress the importance of the attributes in influencing the 

response of the customers to the visa card offer. 

The overall res ult of th is experiment (the fourth ex periment) looks sati sfactory because of the 

fact that it sati sfies the criteria of a good segmentation model , it is th e clarity of the segments to 

be explained by the domain experts. The result shows different group of customer segments and 

most of th e drawbacks indicated in the previous experiments are solved. As clearly indicated, 

some of th e cl usters in the prev ious experiments are suffering from having pattems which are 

difficu lt to interpret. In addition to this, the clustering algorithm put cus tomers with similar 

pattern in different clusters. More than any thing else, thi s research found attributes that playa 

critical role in determini ng the customers ability to be a potential customer. 

4.5.3.1 Choosing the Best Clustering Model 

Four experiments were conducted to come up with the appropriate segmentation model. Finally 

th e segmentati on model that sati sfies th e criteria of good clus tering model more than anyone of 

th e others was selected. The best set of clusters may be simply the one that shows some ex pected 

pattern in the data [4]. 

There is no actual quantitati ve definiti on of a good segmentation output, assess ing the clusters 

based on certain decisive attribute is sensible [34]. Thus it is more of a subj ective judgment and 

hence in thi s evaluation part, the following major ,Uld common criteria are mainly used: 

~ Good clusterin g model majplize the iQJla class simil ar ity while minimi ze th e inter class 

similarity. 

>- A good clustering model is the one that cou ld be eas ily und ers tandabl e and interpretable by 

the domain ex perts. 
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The first ex periment, whi ch used five (5) for the value of K, indicated that very few reco rds are 

assigned to Cluster_ 4. The researcher suspects the presence of outli ers and by going through the 

dat aset some numbers of outliers were fowld . Cluster should contain enough customers to 

develop a separate marketing strategy [1 6] In addition to this the patterns generated in different 

clusters show si mil arity, as an example the pattern between Cluster_ 1 and Cluster 2. All the 

above reasons are hi ghly supported by the domain experts. 

Thus, this situati on brought the need for the second experi ment with same value of K (5) but 

with removed out li ers and al so without the anribute " Marital Status". As the result shown 111 

Table4.5 , there are customers showing similar patterns categorized in different groups. In 

additi on to th is it is difficult to give a clear interpretation to some of th e clusters because of the 

great degree of heterogeneity o f customers within the clusters. Particularly Cluster_5 shows thi s 

heterogeneity character. 

The third ex periment was conducted by reducing K to 4 and the result is summari zed in Table 

4.6 . Sti ll some of the problems that are clearly seen in the previous experiment (experiment two) 

could not be solved . Consequentl y, the researcher was forced to conduct other experiment. 

The fourth ex periment was conducted by sening the value of K to 3, and the res ult is shown in 

Table4.7 . As can be seen from the table there are three clusters behaving differently. There 

exists a better defi ned separation or differentiation among the three clusters and also the 

homogeneity within the clusters is better than th e previous experiments . In additi on to th is, all 

the clusters are di stinct and mean ingful to the domain experts and hence it is easy to develop a 

separate marketing strategy for each of th e th ree clusters. 
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Finally, the research er together with the suggestion of domain experts decided that the 

appropriate numbers of clusters are three and hence the fourth experi ment was selected as good .-
model showi ng a good segment ation of the visa card customers of the DASHEN BANK S.c. 

The output of thi s clustering model (cluster index) is used further as an input for decision tree 

building. 

4.5.4 Classification Modeling 

During thi s phase, the output of th e clustering model is used as an inpu t to the classi fication 

purpose. For thi s class ifi cation purpose the decisi on tree algori thm call ed J48 is used to class ifY 

an instance to the already identified cl uster index . The cluster index serves as the depenclent 

vari able and all the attributes as independent. 

The whole dataset is used ror classificat ion purpose and the dataset is divided into training and 

test set as shown in Table 4.8. 

Total Dataset Tl'ainin g Set (70%) Test 01' Evaluation Set (30%) 

5101 3570 1531 

Table 4. 8: Partition of the Total Dataset 
3-" ~.t> 

1.1- 3 1 
S1 v I 

':d, n "-
Decision tree performs best when all the attributes contain non-continuous values. Since all the 

continuous data were converted to the appropriate form th ere is no need to do the descritization 

task. 
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In this class ificati on sub phase two experiments are done. The fi rst one is by using the defaul t 

val ue for the parameter "number of minimum objects" that the leaf node should contain, it is 

two. For thi s default val ue the accuracy is found to be 96. 14%. The second experiment is 

conducted by using different values for the parameter, number of obj ects at each leaf node. The 

researcher found that the accuracy of th e classification model decrease for those val ues other 

than the defaul t value. As an example the researcher takes the value 25 for the number of 

minimum objects and found an accuracy of 95.25%. Finally , based on their accuracy level the 

default (96. 14%) is found to be better than the other val ues (9525%). 

Thus the decision tree with default value of parameter is selected as the best classifier. 

Actual Predicted [Total Score 

C1uster_ 1 Cluster 2 Cluster' 3 (Actual Rate) 
'. , 

Cluste,'_ 1 495 8 14 ~22 94.83% 

Clustc" _2 11 386 . 9 ~06 95.07% 

Cluster 3 5 4 ;;9~ 607 98.52% 

Total 511 398 621 1535 96.14% 

Table 4.9 : Output from the J48 Decision Tree learner by Using the Default Value of the 
Parameter Number of Objects 
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Actual Predicted Total Score 

Cluster_ I Cluster 2 Cluster 3 (Actual Rate) 

Clus ter_ 1 493 8 16 51 7 95.36% 

Cluster 2 10 373 23 406 91.87% 

Cluster_3 5 4 598 607 98.52% 

Total 511 398 621 1535 95.25% 

Table 4.10: Output from the J48 Decision Tree learner by Adjusting Value of 
the Parameter Number of Objects 

4.6 Evaluation 

During thi s phase the degree to whi ch the model meets the business obj ectives is assessed. As 

directly or indirectl y indicated in di fferent part of thi s research, the business goal is to come up 

with a model th at could find the appropriate number of clusters of customers according to their 

li kelihoods of response to th e direct marketing campaign and also to ass ign new customers to the 

appropriate cluster index . Consequentl y, the business can have appropriate res ponse modeling 

techni ques. 

The basic criteri on to evaluate the segmentation output is based on the probability of customers 

to respond pos iti vely to the direct marketing campaign. This customer response model was 

defined based on the different demographic and financial info rmation of the visa card customers. 

Thus cl ustering and cl assificati on models were developed to fu lfill the basi c business obj ecti ve 

of the ma rketing department of the DASHEN BANK Sc. 
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The analys is, which was closely undertaken with domain experts, revealed that the final 

segmentation experiment indeed di scover patterns that are real ly interesting. The bes t set of 

clusters may be simply the one that shows some expected pattern in the data [4]. As clearl y 

indicated, the clustering model brought customers into diITerent clusters according to th eir 

ex pected response to th e direct marketing campaign. Obviously thi s is th e underling cri terion of 

a good clustering model. In addition to thi s, the decis ion tree model(with the default value of the 

parameter) prov ides a very good description of the segments and it clearly shows a number of 

rul es that have in valuable help to ass ign a new customer record to one of th e clusters. 

Generally, the final result of thi s research is encouraging and at least it shows the possi ble 

appl ication of data mining techniques for the curren t marketing problems of the DASHEN 

BANK S.C, particularly direct marketing problem. TIle researcher believes that, if th e result is 

further analyzed by different marketing an d IT experts, it could give them much insight to their 

customers' behavior and helps the bank to improve its current direct marketing campaign in a 

cos t effective and well studied approach. 

4.7 Deployment o/the Result 

Since th e segmentati on res ult is encouraging, it could be used even for more sophi sticated 

marketing purpose. First and foremost to implement this output all th e generated rules should be 

converted to more specific rules, which are simple to understand and apply. [n addition to thi s, 

th e bank shou ld invest on all the appropriate precondi tions that are necessary for proper 

deployment and execution of the process. It demands the right integration and availabi lity of 

qualifi ed personnel , technology and resources. In addition to thi s, th e bank should keep every 

important information about its book customers to make use of thi s model. If all the above 
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conditions call be met, the output of thi s study can help the DASHEN BANK SC to conduct 

eFFecti ve and efficient direct marketing campaign. 
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Chapter Five 

Conclusion and Recommendation 

5.1 Conclusion 

The major focus of this research is the application of data mining techniques in the area of CRM 

and more specifically for direct marketing purpose at the DASHEN BANK S.c. To this effect 

related literat ures on data mining, CRM and direct marketing were reviewed. The investigati on 

was conducted based on the CRlSP _OM process modeL For the experimentat ion purpose 

clustering and classification models were built. 

The objective of the research is to come up with appropriate number of clusters of cus tomers 

according to their response to the direct marketing campaign. This model helps to identify 

potential visa card customers who should be contacted in the direct marketing campaigns by 

using the info rmati on available in the demographic and financial variables . 

Consequently, the researcher has tried to bui ld a model that segment customers in di ffe rent 

groups according to the likelihood of their res ponse to the direct marketing campaign and 

achieved encouraging result. The basic criteria for evaluating the segmentati on output were 

meas ured wi th respect to four main attr ibutes. These fou r attributes were " Monthly_ In come", 

" Money_ Depos ited", "Educational_Level" and " Age" . In addition to thi s, the research reveals 

that the attributes "Occupation" and "Accommodati on" have a very high impact on determining 

the res ponse of customers to the direct marketing campaign. With respect to the at1ribute "Age" 

and " Educational_Level" the ex perts have gain ed a new insight that was out of the ex perts 

previous th ink ing. This research shows that a better proportion of the visa card customers with 
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5.2 Recommendation 

Even though the in vestigati on is done for academic purpose, it revealed the possible appl ication 

of data mining techniques for modeling the response of customers in a direct marketing 

campaign. 

With the development of data mining techniques and databases technology, some areas which 

are not covered in thi s study are interesting and need to be explored. In addition , the limitati ons 

and shortcoming of thi s study also provide sugges ti on for future research. 

Thus based on the finding the researcher makes the following recommendations: 

Further data mining researches 

Thi s study was mainly focus on building a clustering and predictive response model wi th K­

Means clustering algorithm and deci sion tree classifier. It was not the researcher objective to 

compare the performances of different class ificati on and clustering algorithms when applying to 

response model. Other algorithms can be used for response model. Thus further research is 

suggested that to compare the performances of different clustering and class ification algorithms 

when app ly to response model. 

Customer segmentation and classification procedure consists of various steps. Different data 

mining techniques can be appli ed for implementing each step of modeling. Considering available 

tool s, time and literature the researcher tri ed to select the better possible techniques and 

algorithms for each step. Since data mining is an iterative and interacti ve process it needs 

refmement and update thus the researcher suggested that for future research , apply other data 
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mining techniques for c1assification(like neural network) and c1usteIing(EM). Therefore, the 

pred ictive accuracy of model mi ght even increase when other techniques apply for modeling. 

In thi s research mos t of the attributes are demographic customer information . Only the 

" Monthly_ Income" and " Money_ Deposited" contain financial informati on. Therefore, furth er 

research is needed to use more financial infonnation [or building a model. Predicti ve ability of 

model might even increase when more financial and demographic variabl es are included in the 

model. In addi ti on to thi s, the researcher believes that increasing the number of records could 

bring a better performance. Thus further research is recommended by including more attributes 

(financial and demographic) and increas ing the number of records. 

Develop a customer warehouse 

The researcher reali zed that th e data collection and preprocessing phase was by far the most 

dimcult j ob. Thus , the researcher strongly recommends that DASH EN BANK S.c. should stri ve 

to build a data warehouse that contains all the important information that could successfull y 

serve the data mining process . In addition to this , the bank should practice th e culture of 

collecting as much information as poss ibl e about th e book customers so that different analysis 

coul d be made. 

Providing the necessary support for' researchers 

The researcher observes that, the interest of the bank toward the differen t researches that are 

being done in different sections was very much low. Let alone providing help and support, they 

do not want to give information which are simple and nothing to do with pri vacy . Thus the 

researcher would li ke to recommend that the bank should come up with a special research center, 

which could facili tate and support the academic researchers endeavor in terms of giving the 
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required information and also experts ' adv ice. This will boost the fru itfulness of the researches 

which are conducted in the bank. In addi tion to thi s since the banking industry operate on a huge 

and com pl ex data, thi s research centers could explore the potenti al appli cat ion of data mining in 

di frere nt operati onal areas of the bank. 
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Glossary of Terms 

.:. ATM cm'd: - ATM Card can be used to withdraw money from ATM machines, at any time 

during 24 hour of the day . 

• :. Book customer : - The customer who has a savings or current account in the bank . 

• :. Dircct Marketing campaign: - It is a marketing strategy the bank uses to persuade book 

customers to be the visa card customers. The strategy communicates each person 

indi vi dually . 

• :. E-Banking: - It is used as a synonymous for Internet banking, though in reality banking 

activities carried out through the internet j ust constitute a part of the whole gamut of e­

banking . 

• :. E-paymcnt: - It is a transfer of fund from one person (payer) to other person (Payee) . In E­

payments, the fWlds are transferred through electronic mode . 

• :. POS: - It is an acronym for Point of Sale and it is online payment used for the purchase of 

goods and service . 

• :. Positive Response to Direct Marketing Campaign: - It is equivalent to positive response to 

th e visa card offer. It means th e customer is goi ng to accept the visa card offer. The degree of 

acceptance could vary as hi gh, medium or low . 

• :. Visa Card: - A Visa Card prov ides for online electronic payment (POS) like Credit Card but 

from sav ings or current accowlts of the cardholder for purchases and for withdrawal of 

money from ATM machines. Thi s card is a depos it access product where cardholder uses 

hi s/her own money in hi s bank accoun t through the visa card on th e principle of "Pay First 

and Use Later" . Visa card can be used to make purchase at retail shops and merchant 
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establi shments in th e same way as the credi t card is used. But in order to use the visa card, 

th e cardh older must have suffici ent balance in the account. 

.:. Visa Card Customer: - A customer who is registered to use either ATM card (to withdraw 

money) or POS service (for online purchase) provided that he/she has saving or current bank 

account. 
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Appendices 

Appendix A: Some a/the Rules Generated/rom Decision Tree 

I. If monthly income is equal to low and educational level is equal to high school and money 

Depos ited is equal to medium or high or vel)' hi gh and gender is equal to male and 

occupation is equ al to private then cluster index is I . 

2. If occupation is equal to private and accommodation is equal to private and gender is eq ual to 

male and educati onal level is equal to high school and monthly income is equal to low and 

money deposited is equal to low then cluster index will be 3. 

3. If occupation is equal to hired and monthly income is equal to low and money deposi ted is 

equal to low then cl uster index is 3. 

4. If occupatio n is equal to hi red and monthly income is equal to low and money deposited is 

equal to low and age is equal to thirti es and ed ucational level is equal elementary th en cluster 

index is equal to 3. 

5. If money depos ited is equal to high and monthly income is equal to low and accommodati on 

is equal to rent and occupation is equal to hired then cluster index I. 

6. If monthly income is equal to medium and accommodation is equal to rent and occupat ion is 

equal to private and educational level is equal to hi gh school then cluster index 2. 
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7. If monthly income is equal to very high and accommodati on is equal to rent and occupation is 

equal to pri vate and educational level is equal to college and gender is equal to male then 

cluster index I. 

8. If occupation is hired and monthly income is equal to low and money deposited is equal to 

medium and age is equal to forties and accommodation is equal to private then cluster index 

3. 

9. If money deposited is equal to medium and age is eq ual to th irti es and gender is equal to 

female and acconunodation is equal to private and occupation is equal to private then cluster 

index is I. 

10. If occupati on is hired and monthly income is eq ual to medium and gender is equal to female 

and educational level is equal to elementary or college then cluster index is equal to 3. 

II . If money deposited is medium and monthly income is equal to low and occupati on is private - - -
and age is forties and accommodation is equal to rent th en cluster index 1. -

12. If monthly income is very high and money deposited is very high and age is equal to thirties 

and gender is eq ual to female or female and accommodation is equal to private and 

occupation is equal to private then cluster index is 2. 

13. If occupation is equal to hi red and monthly income is equal to low and money deposited is 

equal to low and age is eq ual to thirties and educati onal level is equal high school then 

cluster index is equal to 2. 

108 

I 
I 

) 



Appendix B: A Decision Tree Generated from the J48 Pruned Tree Learner 

== Classifier model (full training set) == 

J48 pruned tree 

Occupation = pri vate 
I Accomodation = pri vate 

I I Gender = male 
I I I Educational Level = college: Cl us ter~ 1 (5660/ 17.0) 

I I I Educational Level = high school . 

I I I I MonthlL lncome = low 

I I I I I MoneLDeposited = low: Cluster_3 (6.0) 

I I I I I Money_Deposited = medium CluSter_ 1 (350110) 

I I I I I Money _Dep'osited = hi gh Cluster_ I (32.0) 

I I I I I Money_Deposit ed = very hi gh: Cluster_ 1 (2.0) 

I I I I Monthly_Income = med ium: Cluster_ 1 (116.0/3.0) 

I I I Monthly_Income = hi gh: Cluster_ 1 (147 .0/6.0) 

I I I MonthlL lncome = very hi gh: Cluster_2 (397 .0/9 0) 

I I Educational Level = elementary: Cluster_ l (270.0/6.0) 

I Gender = female 
I I Age = thirti es 
I I Money_Deposited = low 

I I I Educational Level = coll ege Cluster 3 (2.0) 

I I I Educational Level = hi gh school: Cluster_2 (37.0) 

I I I Educationa l Level = elementary Cluster_2 (0 .0) 

I I MoneLDeposited = medium: Cluster_ 1 (10) 

I I Money_Deposi ted = hi gh Cluster_ 1 (35 .0110) 

I I Money_Deposited = very hi gh 

I I I Monthly_ [ncome = low: Cluster_2 (00) 

I I I Monthl y _Income = medium: Cluster_2 (0.0) 

I I I Monthly _Income = hi gh 

I I I I Educational Level = co ll ege: Clus ter_ 1 (4.0) 

I I I I I Educati onal Level = hi gh school: Cluster_2 (34.011 .0) 

I I I I I Educational Level = elementary: Cluster_2 (0.0) 

I I I I Month ly _Income = veryhi gh: Cluster_2 (45 .0) 

I I I Age = twenties Cluster_ 1 (39.0/ 1 0) 

I I I Age = for ti es 
I I I I MonthlL [ncome = low: Cluster_2 (20) 

I I I I MonthlL lncome = medium 

I I I I I Ed ucati onal Level = coll ege: Cluster_ 1 (30) 

I I I I I Educational Level = hi gh school: Cluster_2 (710/ 1 0) 

I I I I I Educational Level = elementary Cluster_1 (3 10/ 10) 

I I I I Monthly _Income = high 
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, " 

1 1 Educational Level = coll ege: Cluster_ l (5 .0110) 

1 1 1 1 Educational Level = hi gh school: Cluster_2 (40) 

1 1 1 Educational Level = elementary: Cluster_2 (63 .011 .0) 

1 1 1 1 Monthly_ Income = very high 

1 1 1 1 1 MoneLDeposited = lo w: Clus ter_2 (00) 

1 1 1 1 1 MoneLDepos ited = medium: Cluster_2 (0.0) 

1 1 1 1 1 MoneLDepos ited = hi gh Cluster_ l (2.0) 

1 1 1 1 1 MoneL Deposited = very high Cl uster_2 (193 .0/5.0) 

1 1 1 Age = fifties Cluster_2 ( ' 620/10) 

1 Accomodation = rent 

1 Monthly_Income = low 

1 1 1 Age = th irties: Clus ter_3 (267 .0112.0) 

1 1 1 Age = twenties: Cluster_3 ( ' 62 .0/9 .0) 

1 1 1 Age = forties 

1 1 1 1 Gender = male 

1 1 1 1 1 Money_Deposi ted = low: Cluster_3 (38011 .0) 

1 1 1 1 1 MoneL Deposi ted = medium: Cluster_ ' (2.0) 

1 1 1 1 1 Money_Deposi ted = hi gh: Cluster_ l (40110) 

1 1 1 1 1 Money_Depos ited = very high: Cluster_3 (0.0) 

1 1 1 1 Gender = female Cluster_2 (350) 

1 1 1 Age = fifties: Cluster_ I (3 .0110) 

1 1 Month ly_Income = medium 

1 1 1 Edu cati onal Level = college Cluster_ ' (90110) 

1 1 1 Educati onal Level = high school: Clus ter_2 (78.0/6.0) 

1 .1 1 Edu cati onal Level = elementary: Cluster_ ' (8.0) 

1 1 Monthly _Income = high 

1 1 1 Gender = male: Cluster_ ' (790) 

1 1 1 Gender = female: Cluster_2 (40 .0/3.0 ) 

1 1 Monthl y _Income = very hi gh 

1 1 1 Educational Level = coll ege 

1 1 1 1 Gender = male: Cluster_ l (1 0.0/ 1 0) 

1 1 1 1 Gender = fe male: Cluster_2 (4 .0) 

1 1 1 Ed ucati onal Level = hi gh school: Cluster_2 (48 .0/2.0) 

1 1 1 Ed ucati onal Level = elementary 

1 1 1 1 Gender = male Cluster_ l (6.0) 

1 1 1 1 Gender = female: Cluster_2 (30) 

Occupation = hired 
1 Monthly_Income = low 

1 1 Money_Deposited = low: C1uster_3 (13210/340) 

1 1 MoneLDeposi ted = medium 

1 1 1 Age = thil1ies 

1 1 1 1 Educational Level = co ll ege: Cluster_3 (33 .0) 

1 1 1 1 Ed ucational Level = high school : Cluster_2 (4 .0) 

1 1 1 1 Educational Level = elementary Cluster_3 (0.0) 

1 1 1 Age = twenti es C1uster_3 (750/20) 

1 1 1 Age = fort ies 
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Appendix C: Lis t of All Attributes Taken from User Registration Sheet 

Attribute Name Data Type Description 

Name Text The name of the customer 

Id .no Num ber Iden t ifica t ion number of t he 

customer 

Id issued by Text The authority tha t issue the id 

Da te of birth Date Date of birth of t he customer 

Place of birt h Text Place where the customer 

born 

Gender Text Sex of the customer 

Name of emp loyer Text Name of the company where 

the customer works 

Employer add ress Text Add ress of t he company 

where t he customer works 

Position Text The posi t ion of t he customer 

in his company 

Occupation Text The occupation of the 

customer 

M onthly income Num ber The amount of monthly 

income of t he customer 

City/town Text The ci ty where t he customer 

lives 

Sub ci ty/woreda Text The sub ci ty where the 

customer lives 

Kebele Num ber The kebel e w here t he 

customer lives 

House no Num ber House number of t he 

11 2 

1 

I 
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Secondary applicant woreda Text The sub city where the second 

applicant lives 

Secondary applicant kebele Text The kebele of the secondary 

applicant 

Secondary applicant house Number The house num ber of the 

no secondary appl icant 

Secondary applicant home Number The home phone number of 

tel no the secondary applicant 

Secondary app licant office Number The office phone number of 

tel no the· secondary applicant 

Secondary appl icant mobile Number The mobile number of the 

secondary applicant 

Secondary applicant's Text The address and name of the 

employer name and address company where the 

secondary appl icant works 

Secondary app licant position Text The position of the secondary 

applicant 

Secondary applicant position Text The posi t ion of secondary 

applicant 

Secondary applicant income Number The month ly income of the 

secondary applicant 

Date Date The date the form filled 
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Appendix D: Threshold Values for the Attributes Age, Monthlyjncome and 

Money_Deposited 

Monthly_Income (M!) : - The amount of money the customer earns per month . 

If MI <=5,000 then MI is Categorized as " Low" 

If 5,000 < MI <= 10,000 then MI is Categorized as "Medium" 

If 10,000 < MI <= 20,000 then MI is Catego ri zed as "High" 

If MI >20,000 then MI is Categori zed as "Very Hi gh" 

2. Money_Depos ited (MD): - The amount of money deposi ted by th e customer. 

If MD <= 10,000 then MD is Categorized as "Low" 

If 10,000 < MD <= 30,000 then MD is Categori zed as "Medium" 

If 30,000 < MD <= 50,000 then MD is Categori zed as "High" 

If MD >50,000 then MD is categorized as "Very High" 

3. Age (A): - The age of the customer. 

If A <30 then A is Catego rized as "Twenti es" 

If 30 <= A <40 th en A is Categorized as "Thirti es" 

If 40 <= A < 50 th en A is Categorized as "Forti es" 

If A >=50 then A is Categori zed as "Fifties" 
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Appendix E: Sample Dataset 

n : :;;~:e p:f;i~te 

Fi · fe:~a~.~ ;xi~(.te. 

l~ : 1~:~J~e pl'N~te 

1~ : :::~j~ ~W2d 

X0{) 1'1~~\m 

3~G~ iow 

f(}{! 1i~d !i;;n 

i)r;:~ h:ih 

U4i; high 

f!G::v m~d\:(() 

12B~ t,:gh 

l1c0Q h;gh 

JiJ:}O fo~<.; 

1~%{1 rngh 

4600 low 

2~: lW~ !11~1?~ 

30 ~l\f;i~~ 

26 i.wEn~:'?$ 

36 thr;!~~ 

SS ~hrtie~ 

5J]HU~} 

45 f(lrtle~ 

BO ~J~f;! i? 3 

4~ fnrtie~ 
.. ~ ,. lwen1:es 
33 tht~ie~ 

.~9 jMi~~ 

2S b)'~~t!~S 

35li:tUt:~ 

:~o ih~i~~ 

30 ifltle~ 

SOfh!l 

3% thrtie~ 

~ kn;~~ 

34 ~hl'ties 

25 twer:~:€s 

42 fort'" 
40 knllt~ 

45 krt:" 
43 kf;1~5 

11 6 

500HIG '<'~t~1f:!gh rer:t 

w!~~g~ 2DD{:v m~d!~m r~r:~ 

C{lr~g~ lC(,t't : G~:~ p(lJat~ 

hit: SCh::IC:: ~;XtD mj~j:~m f8m 

high 50':00: 33~7fi high pr:l}~l~ 

hg:1 ~ d:(IC!: 500) ;C\<; r ~nt 

C(!l:~ge 7GI:{ :m)' pnn!~ 

(ol;eg, 340W) ~'e!yNgh p(vate 

high scho0: 150)G me~f~irr (£;::1 

(ci:ege 55D(~; high ;f!~ate 

high ~(bG: 2DW kw.; re;:t 

(,piieg{ 2!XK f!'i~d!~ii~l pr:~'aie 

h igh ~(hoo: ]DDtf I]~r{high r~:~i. 
y •• l 

(,ot ege 23n{~; !:I~d:~an r~rt 

hig1: Hkl(l: 5Pg9 v~f,!higl1 9t·:I]~!~ 

l: i~~:~~bli 60~{~ v~!\i~lgh pf\'aie 

e !g:~d~ty 3%;0 hlgn r~::t 

C(l!\~ge sec·w \'f"l'lhigh (ent 

€i~:'(;iinh~t"t' ln~)4 veryhtgn plwa:e 

hit ~d~oo: ;'195 io~:.,: rert 

hiS,1 Sd'::XI: n~8-19 verybgh pf!Vgt€ 

j?le:::€mer, 20Gl)D medi';m fert 

({)! i~g~ 45%0 higt, prh'al€ 

h!gh ~(hoOi 5!JOQ({; vqrjNgh rer:! 

oltE' 66903 ver~:hjgh fe(:~ 

C(!ii~~e 76543 ver~'h;gh pr:n!~ 
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