
ADDIS ABABA UNIVERSITY 
SCHOOL OF GRADUATE STUDIES 

FACULTY OF INFORMATICS 
DEPARTMENT OF INFORMATION 

SCIENCE .. 

APPLICATION OF DATA MINING TECHNIQUES FOR EFFECTIVE CUSTOMER RELATIONSHIP MANAGEMENT OF MICROFINANCES: THE CASE OF WISDOM MICROFINANCE 

A THESIS SUBMITTED TO THE SCHOOL OF GRADUATE STU DIES OF 
ADDIS ABABA UNIVERSITY IN PARTIAL FULFILLMENT OF THE 

REQUIREMENTS FOR THE DEGREE OF MASTER OF SCIENCE IN 
INFORMATION SCIENCE 

BY 

WAKGARI DIBABA WAKJ IRA 

AUGUST, 2009 



ADDIS ABABA UNIVERSITY 
SCHOOL OF GRADUATE STUDIES 

FACULTY OF INFORMATICS 
DEPARTMENT OF INFORMATION SCIENCE 

APPLICATION OF DATA MINING TECHNIQUES FOR 
EFFECTIVE CUSTOMER RELATIONSHIP 

MANAGEMENT OF MICROFINANCES: THE CASE OF 
WISDOM MICROFINANCE 

BY 
WAKGARI DIBABA 

AUGUST, 2009 

NAME AND SIGNATURE OF MEMBERS OF THE EXAM INING 

BOARD 

1. Mill ion Meshesha (PI1 D .),Advisor ___________ _ 

2. Getachew H/Marialll (M.I.Sc.),Co-Advisor _______ _ 

3. ____ _ 

4. _____ --'-____________ _ 

5. ________________ _ _ _ _ 

6. ______ _ _ _ _ ___ ____ __ _ 

I I 

I 

I ' 
! I 
I I 

II 



ADDIS ABABA UNIVERSITY 
SCHOOL OF GRADUATE STUDIES 

FACULTY OF INFORMATICS 
DEPARTMENT OF INFORMATION SCIENCE 

APPLICATION OF DATA MINING TECHNIQUES FOR 
EFFECTIVE CUSTOMER RELATIONSHIP 

MANAGEMENT OF MICROFINANCES: THE CASE OF 
WISDOM MICROFINANCE 

BY 
WAKGARI OIBASA 

AUGUST, 2009 

NAME AND SIGNATURE OF MEMBERS OF THE EXAMINING 

BOARD 

1. Mill ion Meshesha (PhD.),Advisor __________ _ 

2. Getachew H/Mari am (M. I. Sc. ),Co-Advisor _______ _ 

3. __ _ 

4. _______ --' ____________ _ 

5. 

6 . ____________ _ ______ _ 

II 

I 
I 

I, 
II 

i I 
J 



AKNOWLEDGEMENT 

First or all , I would likc to extcnd my spec ia l gratitude to m)' ad visor Dr. M illion 

Mcshcsha for his unreserved support and nss istancc throughout my resea rch work. 

H is con stru cti ve com111ents and suggest ions, in 111)" study <1:1d ill wri ting the thesi s. 

were high ly va luable . fn general, his help ful personality, cooperativeness and 

dedicat ion are rema rkab ly worth mentioni ng. 

My spec ia l thanks a lso go to A to Getachew Hai lemariam, my co-advisor, whose 

co mme nts and suggestions were a lso highly crucial in the resea rch. My spec ial 

app rec ia tion and grat itude is not on ly for the comments and suggest ions he provided 

me, but also for his wil lingness to cooperate and ass ist me \-",henevcr r requested him. 

I wou ld like to thank the ent ire staff of the WISDu l',1 microllnancc Ilead unice, 

espec iall y A to Worku Tsegaye (General Ma na ge r), 1\10 Derejc Tade;se (1-llIm;'n 

Resource lvlanager), and A ta Tigislu and A10 Biniam who are I r nlTicels, ('or their 

cooperation and willingness to provide me with all valuab!e infornJation (IS and wheil 

I needed . 

Last, but !lot least, I am very Illuch grate I'u I 10 my rami ly for their constani ass istance 

and encouragement throughou t my study. 

III 

... i 



Tob ie of Contents 
Page 

AKNOWLEDGEMENT .. ............... .... ............ .... ............ ..................................... .. iii LIST OF FIG URES .. .. .. ............. ................. .... .. .. ................................ ... .. ....... ""'" " i LIST OF TABLES ... .. ................................ ............ ............ .. ....... .......... .. .. ... ....... . \ii LIS T OF A BBREVIA TlON S ............................ .. .. ................................ ........ .. .... vi i i A BS TRA CT .......... ..... .. ............. ..... .. .. ...... ........... ....... ........... .. ... .................... ....... i x CI IAPTER ONE ..... ... .. .. ................. ........... ...... ..... .... .. .. ... ..... ..... ....... .. .. ... .. ............ I I NT RO DUCT I Oi\ .... .... .. ...... .................. .. ................. ..... ... .. .. .......... .... ...... ... ...... .... I 1.1 Back ground .............. ...... ........ .. ......... .. ... I 1. 2 Statement of the prob lem and ./ustification... ................ .. .. . 3 1.3 Objective of the Study.... ................... .. .... 7 1.3.1 Genera l Objective .... ....... ....... .. ........... 7 1.3.2 Spec ifi c Objecti ves.. .... .. .. ................. ........ ..7 1.4 Appli cation of the resea rch.. . ................ .... .. .. .. .. ...... ..... .... 8 1.5 Resea rch Methodology.......... .... ................ . .... .... .. .................... .8 1.5.1 Literature Review & Business Understandi ng ........ .. ... .. . ................. .. 9 1.5.2 Dataset Identificat ion.. . ................................. .. ..... .. . ......... ....... 10 1.5.3 Data mini ng methods.............................................. 10 1. 5.4 Testing/Experimenta ti on Mechanism.. ................. .. ..................... 12 1.6 Scope and limitation of the Study ... .................... ........ .. .... .......... 13 1.7 Thesis Orga ni zat ion .... ................................................. .. 15 C I-I A PTER TWO .................................. .............................................. .. .. ... .......... 16 LITE RA T URE REVI E W ........ .. ...... .... ............................. .. ........ ...................... ... I 6 2 .1 Introduction ...................... ......... 16 2.2 Overview ofMicrollnance.. .. .. .......... ......... ... .. ............. .. ........ 16 2.2.1 Hi storical overview of Microfinance ............................... ...... ............. 16 2.2.2 M icrofinance in Ethi opia ..................... .. ... .. .. .. .. .. .... .... . . ...... .. .... I 7 2.2.3 Wisdom Micro finance Insti tution (WMFI) ................. .. .. ...... .. .. ..20 2.3 Data lVlin ing Technology (OM). ............... .... .. ...... .. .... .. .. .. .. .......... 23 2.3.1 Dclin itio n and overview of OM ..... .. ............... 23 2.3.2 Data mining and Knowledge Discovery.. .. ................... .... .. 25 2.3.3 Data Min ing and Data Wa rehous ing .................. .. ................ 25 2.3.3 Data min ing and Online Ana lytica l processing (OLAP) ................ .. ..... 27 2.3.4 Data min in g and Customer Rela tionshi p Manage ment (CRM). .. ... 28 2.3.5 Data M ining (OM) process .. .... ..... ........ ................ .............. . . .. . 29 2.4 Review of Related works............................ ...... .. .. ....................... 39 2.4. 1 Review of Rela ted works for Custome r Relationsh ip Management ........ 40 2.4.2 Related works on Application of Data min ing in financ ial ..... ... ... .......... 42 Institutions ...................... ............. .. .................... .. ....... 42 C I-I A PTE R THRE E .......... .... ..................... .. ........... .. ... ... ..... .... ............. .......... .. .... 46 THE DATA M IN! N G T ECHNI QUE .. .......................... ........ ........ .... ...... ........ .... 46 3. 1 Introd uction ...... ........ ... .............. ............... .. ........ .. ........ ...... 46 3.2 Mode l buildi ng tec hnique-Dec ision tree . . .. ............... ....... 46 3.2.1 The dec ision tree algorithm...... .. ........ .. ............. ..... . 47 

IV 



3.2.3 Data Eval uati on ....... .. .. ..... .. .. . ........... 50 
3.3 Ex perimental Dcs ign ........ .. ..... .. .............. .5 1 

CHAPTER FOUR ... ... .... .... ................ ..... ............ ... ..... ... ............ .................. .... .. .. 52 
EXPERIMENTATION .................... .... .................... .... ..... .. ............ ...... ............... 52 

4. I Introducti on .............................................. .. ... .. .... ... ....... ..... .. .................... 52 
4.2 Data Understanding and da ta prepa rat ion ......... .... . " .. .... ... .. .... ... ..... .... . ........ 52 

4.2. 1 Data Understand ing ................. .. .......... ............... 52 
4.2.2 Da ta Preparati on ...... .. .. ................ . . ........... ...... .. .... ............. ... .. . 53 

4.3 Runni ng the Experi menta tions .. ....... ....... . .57 
4.3. 1 Input data. .......... .. . .. ....... .. ...................................... . . ... .. . 59 

4.3.2 Experiments Run. . .............. . ............ ... . .. ... .... .... . ..... 59 
4.4 Sum ma ry of tbc experimcnts . . .. .... ...................... ... ....... 6S 
4.5 .1 48 pruncd trec ortbe predicti ve model ........ ................. 69 
-1. 6 l3est Rul es Generated.. .. ................. .. .. . .......... 70 
4.7 Disc uss ion Iinterpretation oftbe mode l................ ..... .... ... .. ......... 74 

CHAl'TER F IV E. ............. .. ... .. .. .. ........... .. .... .. .............. ..... ... ................. .. ..... .. ... .. . 77 
CONCLUSION AND RECOMMENDATION ... ................................................ 77 

5. I Conclusion .......... .. ...... .... .. .................... .. ........ ...... .. .............. ... 77 
5.2 Recommenda ti ons. .. .. .. ... .... .... ................ ... .. .. ... .. .... ......... .. .... 79 

REFERENCES ..... .. ................. .... ......... .................................................. ... .. .. ...... 81 
APPENDIX I .... .... .. ......... ............... .................... ............. ......................... ........... .. 85 
APPENDIX II ......................................... ... ............. ... .. .. ......................... ... .... ..... .. . 86 
APPENDIX III .......... .......................... ....... .. ... ... ..... .. .. ............ .. ... ........ ... .. ....... ..... . 87 
APPENDIX IV .................. .......... ...... .. .. ... ... .. .. ..... .... ... ........ ................. ........ ......... 89 

v 

I 
I 

J 



LIST OF FIGURES 

Page 

I. Figure 2. 1 Phase of CRISP-DM process cyc le .. . . .. 31 

2. figu re 4.1 :Data preparat ion phase taken from CRISP-DM ....... 56 

3. Figure 4.2: Components of Experimentation made ........ 60 

4. Figure 4.3: Result of Ex periment I ...... . .... 62 

5. Figure 4.4: Attri butes ranked based on WEKA 'S attribute selection 

eva luato r. . . ... .. 64 

6. Figure 4.5: Resu lt of Experiment Three . . . ... . . . . .. . . 65 

7. Figure 4.6: Result of Experiment Four .. . . 67 

8. fi gure 4. 7: Res ult of Ex periment Fi ve . . . .. (;8 

9. Figure 4.8: Result of Experiment Six. . .. .... 69 

10. Figure 4.9: Top two branches from the decision tree(Graphica l 

Representation) . . . . ... 69 

II. Figure 4.10: Pa rt of the decision tree tex t Representation .. ..70 

12. Figure 4.1 I : The decision tree .......... .... . .. ..... . .. . . .. 72 

Vl 

I 
I 
I 

J 



LIST OF TABLES 

Page 
I. Tab le I. I : Customer ciistribution based a ll 10al1 cycle .. . . . . . . .... ... 4 

2. Table 4.1: Attributes of borrowers' soc ial data .. . .. 55 
3. Tab le 4. 2: Summary 01' Experiments Run . . . .. ......... 71 
4. Tab le 4.3: Call fu sion matrix of ex periment 6 ... . .... 86 

V II 



ADP 

ARFF 

CR ISP-DM 

CSV 

DM 

GNU 

IT 

KDD 

MFI 

Ml 

OlAP 

SEWA 

TMFS 

WEKA 

WMF 

WMFI 

LIST OF ABBRE\/iATlONS 

Area Development Program 

Attribute-Relation File Format 

Cross-Industry Standard Process for Data Mining 

Comma Separated Value 

Data Mining 

General Public license 

Information Technology 

Knowledge l ;iscovery in Data base 

Microfinance Institutions 

Machine learning 

On-Line Analytica l Processing 

Self Employed Women Association 

Total Microfinance solution 

Wekato Environment for Knowledge Analysis 

Wisdom Microfinance 

Wisdom Microfinance Institution 

VIII 



1.1 Backgrolllld 

CHAPTER ONE 

INTRODUCTION 

i'vJ icro(inances are one of the criti ca ll y important sccto rs in any pa rt of the world for 

ils socio-economic valu e in the socie ty and in the coun try in genera l. Different 

li teratures definc i'vJicro linance in s li gh tly diffe ren t ways. 

M icrofinance is defined as bank ing the unbankable, bringing credit, savin gs and 

other essen ti al financia l services with in the reach of millions of people who are too 

poor to be served by regul ar banks, in most cases, because they are unable to offer 

suffi cient co llateral or the banki ng policy (Dows, 2008). 

M icrofinance is th e supply of loans, sa vings and other basic financiai services to the 

poor (Kiva, 2005). Since the targeted customer for the mierofinancc institutions are 

lilt" poor, the finan cial services lIsually involve sma ll amounts ,)t rlloney- smal l loans 

nnc! small sav ings that differentiate the microfinanct:: from formal banks. 

By providing small loans and sav in gs facilities to people who .. lre c.xc! l1 ckd frolll 

commercia l financial services, micro tinance has become .3 strategy for reducing 

poverty. Access to credit and deposit services is a way to provide the poor with 

opportunities to take an acti ve role ill their respective economies throtlgL 

entrepreneurship, building income, bargaining power ~1l1c! social empowerment 

amo ng poor women and men (i'vJc n,2006). 

The tinancial services offered by microfinance institutions include micro credit, 

micro sav ing, money transfer veh icles, and micro insurance. However, the most 

popu lar arc micro credit aile! micro sav ings espec ially for microfinancc of developing 

countries. Microcred it is a service fo r poor entrepren'eur or farm s that are not 

bankable for reasons Stich as lack of co llalerals, steady employment, income and 

ve rifiable credit hi story, but st ill possess entreprencuria l ca pability and possibility. 



T herefore miero linance plays an important role lor both deve loping and de ve lopeu 

countri es, the degree becoming grea ter lo r the deve loping countri es where the poor 

pr~vail s. 

For coun tri es li ke Ethi op ia where above 75 perce nt o f the soc ie ty IS poo r (World 

Bank, 2002), iVl ic rofi na nee ins ti tutions p laya key ro le in the we lfare of the soc ie ty 

and the ccono m ic and soc ial development of the country in gene ral. U.S. Agency 

(2005) s tates that Ethi op ia is one of the least developed countries in the world, 

rank ing I 68'h ou t of 173 countries in the 2002 United Nat ions Deve lopment progra m, 

I-Iuma n Development Index . The pe r capi ta GDP was $668 in 2000; 76.4 pe rcent of 

th e po pu la tio n lives on less th an $2 per day (World 13ank, 2002). Hence it is 

unq uesti onable that suc h iVl ic ro finanee institut ions play key ro le in Eth iopia . 

iVl ic rofi nance has evolved as an economic deve lopment approach intended to benefit 

low-income groups; the provision of fina ncial services to low income clients 

in c luding the se lf emp loyed. Sometimes it is sa id to be "Banking the poor" (Vala rie, 

e t.a l, 1976) that has bee n pro ven to empower ve ry poor peopl e around the worl d to 

pul l themselves out of poverty. Re ly ing o n thei r traditio na l skill s a nd entrepreneuria l 

ins tincts, ve ry poor people, most ly women, usc ::i lllall loans, other financial services 

and support from organization ca lled Microfi nance instituti ons [0 start, es tabl ish, or 

expand very smal l, sclfslIpPorl ing businesses . 

O ne o f the fund amenta l cha ll enges in the micro financ ing sec tor is the capac ity to 

design and implement an e ffec ti ve loan di sbursement mecha ni sm tha t ensures hi gh 

custome r attrac tion and re tenti on. The mic ro finan cing institutio ns can utili ze the ir 

past data using powerful techno log ies such as da ta mining techno logi es in o rder to 

he lp them devise new stra tegies that enable them to attract more customers and reta in 

ex istill g ones . 

Data I11l11l11g is defined as a process of extracting va lid, previously unknown, 

com prehensib le and ac tionable in forma ti o n and potential ly usefu l knowledge from 

large data base and us ing it to make cru c ia l busincss dec ision (Co nnall y, et.al, 1999; 

Ha n and Ka mber, 200 I). 
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Therefore microlinance plays an important role lor bOlh deve loping and developed 

cou ntries, th e degree becoming greater fo r the developing countries whe re the poor 

pr~vai l s. 

For countries like Ethiopia where above 75 percent of the soc iety is poor (World 

Bank, 2002), Micro finance institutions playa key role in the we lfare of the socic ty 

and th e cconom ic and social devclopment of thc countly in general. U.S. Agcncy 

(2005) states that Ethiopia is one of the least developed countries in the world, 

ranking 168'" out or 173 countries in the 2002 United Nations Devc lopmcnt program, 

Human Development Index. The pCI' capita C OP was $668 in 2000; 76. -1 percen t o r 

the population li ves on less than $2 per day (Wo rld Bank, 2002) . Hencc it is 

unquest ionable that such Microfinance institutions play key ro le in Ethiopia. 

Mic rofi nance has evo lved as an economi c deve lopmen t approac h intended to benefit 

low- income gro ll ps ~ the pro vision of financial services to low income clients 

inc luding the se lf employed. Somet imes it is sa id to be " Banking the poor" (Valari e, 

et.al , 1976) that has becn proven to empower very poor people around the world to 

pull themselves out of poverty. Relying on thei r traditiona l skills and entrepreneurial 

instincts, very poor people, m ostly women, lI SC small loans, other fimlJ1cia i serv ices 

and support from organization called Microfinance institutions to starl, estab lish, or 

expand very sma ll , scH' supporiing businesses. 

One of thc fundamental challenges in the mi cro linancing secto r is the capac ity to 

des ign and implement an effec ti ve loan di sbursement mecha nism that ensures high 

customer attracti on and retention. The micro financi ng institutions can utili ze their 

past data using powerfu l technologies such as data mini ng technologies in order to 

he lp them devise new strategies that enable them to attract more customers and retain 

existing ones . 

Data 1111l1111g is defined as a process of ex tracting val id , previously unknown, 

comprehensib le and actionable informa tion and potentially usefu l knowledge from 

large data base and using it to make cruc ial business deci sion (Connally, et.al, 1999; 

Han and Kamber, 200 I). 
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Th c area or data mining has got mu ch attenti on o r industry due to the ex istence of 

large collec tion or data and the inc rcas ing need o r data ana lysis and comprehension. 

Today, data mining is being used by seve ro I industries including bank ing and 

finan ce, retail , insurance, tclccoml1luni catio"s, et~ (Mad han, 2006). 

In banking and finance instituti ons, data lllllllng hns been applied for variolls 

pu rposes, which include customer segmentation and pro fitability, cred it scoring and 

appro val , predictin g payment deraulL, marketing; detec ting fraudu len t tran sac ti ons, 

cash management and f'orcclsling opera ti ons, op timi zing stock portfolios. and 

ra nking investmen ts mainly f'o r credi t risk assessment and clistomer scaling 

(Madh"n , 2006). 

1.2 Statement of the problem alld Justificatioll 

C us tomer attrac tion and re tention issues have become indispensable facto rs lor such 

business sec tors as fYl icrofinances in this inronnation age where evelY company is 

striving to win a competiti ve advantage. Competitive pressure is becoming very 

strong in microtinance enterprises that ca ll for continuous assessment and analysis uf 

customers' service lise behavior. 

1\ prel imina ry investi gat ion on thc microfinanc<: ac ti vity of \V isdom JVl icrofin<lnce 

(W MF) shows that the customer attraction and sati s faction is not as muc h as prc­

envisaged. This is ma in ly revea led from the number of ['cwer cus tomers comi ng to 

the company for loan serv ice repea tedly compared to the number o f customer 

appearing for the first few one to three in stances(Loan cyc les). 

Based on c ustomer data of the WMF, Table 1. 1 shows the number of eycks 

c ustomcrs li se the loan service from Wisdom iVlic ro finane c 
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Cycle Nu mber of Customer Re lati ve Percen tage 

I 3043 3 1.86 

2 2446 25. 61 

3 1223 
, 12 .80 

4 1284 13.45 

5 352 3.69 

6 323 3.33 

7 146 1.53 

3 322 3.3 7 

9 46 0.43 

10 33 0.34 

II 33 0.34 

12 6 0.06 

13 13 0. 13 

Table 1. 1 Customer di stributi on based on Loan cyc le, 

From Tal-de 1.1, one ca n observe that more th(11l SO percent used tile 1.):111 .;ervice for 

onl y few cyc les (less than 4) whi le less than I perce nt of the CUSlOmers used the loan 

se rvice repea tedly lor more than 10 cyc les. 

T his is an ind ication of the filc t that on ly few customers are stayi ng fo r long period 

wit h the company as clI stomers whi le large percen t of clistomers are 

churn ing/aba ndoning after the ir fi rst lew (one to fo ur cyc le) appearance I'or loan 

service. 

From the interviews and cii sclI ')S ions made with senior managers of the organization 

the ex isting system requires significan t impro ve ment in clistomer relationship 

management. There are, of course, attempts made by the company for attracting. and 

reta ining more clistomers. Tn the current system, as the ofrlcials say, there is a kind or 

incent ive when borrowers use the loa n serv ice for large number of cycles (repeated 

uses). Borrowers coming for increased number o f cycles for the loan se rv ice are 
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a llowed re lati ve ly lorge r loa n amounts w ith relative ly hi gher r'req ueney than those 
borrowers with less number of cyc les Cor loan service request. 

For exn mplc, nccord ing to the rul e orlhe organiz<Jtion when a borrower is :::omi ng for 
loa n cyc les of 4-6, he/she ca n be gran ted a 50% increment loa n amoun t on the 
prev ious loan amou nt. When the loan cyc le becomes 7 and above he/she is a ga in 
granted a 100% increment on the loan amount that he/she was orfercd ea rl ie r. This is 
clone because an increase in number of service cyc les is nil indi c<l lion for proving 
customers' loya lty 10 the company ,as the scnior orfi cials say, since there is no way 
to predict custo mers' loya lty (repealed usage). 

H owever, in the ClIITcnt system ,there is no way or means of predicting whether a 
new customer may stay borrowing loans for prolo nged time or not in o rd er to grant 
h im/her w ith a large loan amounts and frequ encies he/she needs. It would be highly 
beneficia l if a system or method were avai lable that would classify the customer with 
respec t to the ir loan usage (loan cyc lc) that would hclp to prcd ict new customers' 
c lass label. 

Business orga nizat ions gather transaction data through their clay to day acti viti es. 
That is why it i.< s tated that (h ttp :// intcllinova.com) most busines:;es own 1110ri. data 
than they can deal \V ith - prospec t and clI stomer list, sa les data. rnarket research, ana 
compla ints-and ye t thei r staffs do not use thi s data to e llect ivcly mana ge cu;;omer 
re la ti onship. 

Likewise, Wisdom Micro fi nance Instituti on(WMFf) currently co nsists 01' huge 
a mount of data (ove r 20,000) of the ir customers with re levant att ri butes such as 
employee s ize, Number of child ren, Area, type of engagement (sector), loa n cyc le, 
loa n type, customer address, etc. The datase t consists about 16 attri butes a nd over 
20,000 record s. They have bee n keeping track of such huge customer data wit h 
spread shee t programs on each of the computer systems they ha ve at thei r va rious 
branc hes, a copy of which exists at the head office as we ll. Hence the exis tence of 
huge data wi th potentia lly re levant featu res would be used to support the dec ision 
making process if the orga ni za ti on has to achieve its object ives and aspirati ons. The 
data stored ove r tim es may he lp to gene rate the borrowers c lassification Illode l that 
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wou ld enable to dcvisc and implemcnt appropr;'.I tc loan se rvice st rategy in support 

01" cLi stomer att raction and retentioll. 

Therefore the presen t research work is initiated to C()l11e lip with a data milling 
, 

tec hniqu e that helps to predi ct custo me rs ' loya lty uti liz ing the c us to me rs' ex is ting 

data , so that the company can pass proper loa n dec is io ns on the provis io n of loa n 

servIces. Th is has a significant impact in improving cu stomer relation shi p 

management 01" the company. 

Research Ques tion s: 

The research altempts to answer the fo llowing maj or qu estions: 

• W hat are the best features to cons ider in pass ing loan dec is ion s by the 

company? 

.,. Is data mining technique (like c lass i fi cati on) suitable fo r suggesting bes t 

features for loa n dec is ions? 

",. Is it possible to cha racte ri ze groups of customers with simila r patterns? 

,. Can the pattern s be use fu l for devising new strategies in custom er 

re lationship to s tre ngthe n ex is ting c ustomer loyalty and to attra ct new 

c II st 0 me rs'! 
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1.3 Objective of tile Study 

T he genera l and spee ili c objec tives orthe resea rch a re desc ri bed be low. 

1.3.1 Gener a l Objective 

The objective 0 1" this slLIdy is to ex pl ore the po tentia l appli cabi lity of· data m ining 

tec hniq ues to bu ild customer c la ss ilication modc l for beller customer rc latio nship 

mana gement or vVisciom M icro finance. 

1.3.2 Specifi c Objectives 

In order to ach ieve the general objective, the spec ific objec tives identified are the 

fo llowing: 

• To asses related docllments and previous works in the area so as to get an 

ins ight in to the area and to tind ou t re lated works and their contributions to 

the s tudy at hanel. 

• To col lec t relevant datase t req uired for the mi ning, ana lys is and perfOrllli1I1Ce 

evaluati on. 

• T o prepare the data for pattern min ing by se lec ting, cleani ng, I educing, 

summari zing and integrn ting. 

• To design a c lassification sc heme in o rder to li nd potentia l patterns fo r be lle r 

clI sto mer relat ionship management. 

• To eva lu ate the performance o f the c lass i.fi cation mode l in characteri z ing the 

custo mers of the co mpany. 

• To report on the results and ma ke recommendations fo r furthe r researches. 
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1.4 AppLicatio/l orthe research 

l3esides its being an academic exercise, the findings of the research can be lI sed ill 

variou s areas . The intended model would be ll sed to kliOW deeper abo llt the exi sting 

data and contributi o n of so me attributes lor customer c lass ilicatio ns. Thi s would help 

the manage ment of the organ ization to dev ise different strategies like differen t leve l 

of loan disbursement based on variolls f[j u ors slIch as number of employee, l~ul1i1 y 

size, level of inco me, ty pe or enga gemen t (sector), etc. wit h the he lp of the patterns 

mined. 

Other instituti ons slIch as banks and other financ ial institutions, whic h render silllilar 

loan services with s imilar poli c ies and procedures, could also benefit from the results 

obtained in orde r to make appropriat e dec is ions during the ir loan disburseme nts. 

Both rural and urban economica lly act ive poor indi vidual s, groups, households, and 

the co mmunity at large wO lild be the benefi c iaries from the final resuit or the 

expe rimenta l research. 

1.5 Research Methodology 

The ge neral approach of th!:! resea rch is a quantitati ve analys is in that tll/;! major 

processes include co ll ec ting and o rganiz in g the transactio n (customer) data. Soc ia l 

data (Soc ial data, in the con tex t of the organization and throu ghout thi s study as we ll , 

is lIsed to re fer the cus tome r data that cOl1min demographic [I nc! socia! related 

information suc h as the cus tomer icientiticalion , type o f grl' lIp, type 01' sec tor 

engagement, the loa n s ize req uested/offered, age, sex, Ilum ber of children, loan type , 

e tc) w hi ch was organized and made available for report and admini s tra tion purposes 

w ill be used as an input data for the data mining purpose . 

Howeve r it ha s al so inc lpcled a qualitative aspect in thal it requires an input frotll 

domain experts and business operations to draw meaning ful conclusions ('ro lll the 

patterns mined following data minin g procedures. To this end, interviews , fo rma l and 

infonllal d isc liss ions were made with some seni or oriicia ls and clerks as we ll. 
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The follow ing sec tions arc thcrc lore about thc mcthods lha t wc rc uscd to undcrtakc the resea rc h ~ literature Review ilnd Bus iness understanding, data co llecti on methodology, and the data mining methodology. ; 

1.5.1 Litel-ature Review & Busi n ess Understanding 

The researcher has made review of varioLi s litera tu res Sti ch as books, journals, arti cles. conference pages, etc pertaini ng to the subject matter of data mining and customer relationship manngcmcnt in Dreier 10 get (In in sight in to the area . For relevant and feasible decisi ons 10 be drawn from the da ta mining resu lt and for the business understa nding as wel l, interviews, observat ions, and doc liment rev iews ha ve been made. 

Inte rview is made with purposefu lly selected staff includ ing management and clerk wo rker in loa n related ac ti vitics for the bus iness understanding and to get supporti ve information in order to intcllJret the results orlhe data mining. 

Three senior offi cials (General 1\!lanager. 1-lul1lan Rt:~ource [vl anager and Chief Information Offi ccr) are interviewed lor the purposc (Th~ interview gu ide is attac hed as Ap pendix fI ). 

Freq uent forma l and infolllla l di sc uss ions arc al so made with 2 clerk wo rkc rs which are accountants in the organi zation and w ith an Information Technology (IT) o fli ce r. The discuss ions we re essential for the business understand ing, to get insight how the business rules are implemented and for understa nding the data in gent.rnl (The interview gu ide for the formal interviews made wi th the clerk workers is annexed as Appendix fll ). 

Observation: is made at branch l\IIicro fi nances while the loan servIce IS being offered to the customers. Thi s enabled to reveal the procedures for approving and entertaining a new customer fo r the loan service . 

Document analysis: docll lllents pertaining to the organization 'S policies and procedures have also been rev icwed in the process o f conducting of the research. 
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This gave an insight in to tht.: business po licic::: and procedures regarding loan services. 

1.5.2 Datase t Id entification 

The main sources of ciala for such researc h cmployi ng dala mining Icchnology is one or more reposi tories within the iden ti fied organization. For the sake of security, and to safcgunrd confidential issues, the nnal ys is made in this research is entirely based 0 11 soc ial c1ala. Accord ingly, social data avnilable in spreadsheet programs aTe found to be potentia l sou rces of daw. Thollsands of customer rela ted datn are being recorded in each month at the head office, which !!i\"t~ s a large number of datasets ~ . (which amounls to over 20,000 rcco rds) ca ptured over the pasl yea rs. From the , existing data only the social data was sepa rated from fina ncial statements and confidential data, and it is fina lly copied to different CD and accessed fo r the data mining purpose . The total dataset identified fo r this research work amo unts to 9715 (which is pure ly soc ial data). 

1 .5.3 Data m ining methods 

There are va ri ous tools avai lable for data mining, such as Knowledge Studio, \NEKA (Wekato Environment for Knowledgc Analys is), and others (Han :I nc! Kambe r. 200 I). Among thosc tools, WEKA is selected and used for dala mining tasks s ince it provides su ffic ient fac ilities and since it is easi ly accessible as we ll. 

',vEKA is a cco llection of machine- learning algorithm s with an 0pcll-source Java package that supports numeric, nominal , string, and date forma t files for process ing data on several me thods (Pa lous, I .D.). WEKA softwa re is issued under the GNU General Public License. It incorporates an assoc iation rule learner. [n addition to the learn ing schemes, WEKA a lso comprises severa l tool s that ca n be used for datasets preprocessing (Pa lous, N.D.). 

A mong the various data mining tasks, as also stated in the scope, classification is given emphasis and classifica ti on model building is applied for the mining process s ince it provides method for predic ting the va lue of a (categorica l) attribute (the c lass) based on the va lues of o ther attributes (the predicting attr ibutes). Moreovc r, 
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ilccordin g to ROlllc ri o, et.:d (2007). cl ilss il ieiltio n is one 01' the most i'reqLl entl y 
s tudi ed problems by Data Mining (OM) and Milchinc I.cilrning (ML) rcscarchers. 

In data mining, there are vari ous methods or al gorithm s lIsed l'or cln ss ification 
including Neura l network, Bayes ian Ne twork , Dec ision tree, Regression , etc 
(Zemke,2003 ).The dec ision tree met hod is used for the e UlTent reseil rch fo r its be tte r 
visual iza tion ca pability, very good generali zation capabil ity. and case of 
inte rpretil ti o ns compared to the othe r methods ( l3 i1k ir, 2006). The dec is io n tree 
meth od genera tes tree shaped structures in which cons truct ion of trees is simple, 
Unli ke the other methods su(; h as regression models, the decision trees C<I 1l ensily be 
und erstood a nd interpre ted by the users (Bak ir, 2006) . 

Important preprocess ing tasks are app li ed for the pa tte rn m ini ng task. CRoss Industry 
S tand ard Process for Data Mi ning (C RIS P-DM) is fol lowed in the present research 
work. C RISP-DM in vol ves the da ta mining processes, da ta mining goa l, da ta 
understand ing , data preparatio n, model buildi ng, mode l evaluation and deployme nt 
( I-Ian& Kamber, 200 I) . 

Il an & Ka mbe r (200 I) furtll~ 1 desc ribes th e CR ISP-Dlvl "s a dala miuing process address ing the following issues: 

• Mapping from business idea to data mining prob lem 

• Ca pturing and understanding data 

• Identify ing and solving probl ems wit hin the data 

• Applyi ng data mi ni ng tec hniques 

• In terpre ting data mining results w ithin the business con tex t 

• Deployi ng and maintaining the da ta m ining results 

• Capturing and transfe rring expertise to ensure futu re bene fit s from ex perience 

I-Ience most of the issues desc ribed by Han & Kamber (200 I ) a re add ressed in the 
same s te ps Sla ted above excep t tha i the las t two issues a rc no t incorporaled fo r the 
same reason spec ified under the scope. 
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1.5.4 Testing/Experim entation Meclwnism 

After all th e necessary data preprocess ing act iv ities slich as data sci ec ti on, deaning, 
slImmari za tion/aggregations are done and nner the dnln is put in a rormat Iha l . WEKA soft wa re can process, that is Attribute Relation f' ilc Format(;\RFF) lile, it is 
then lI sed to generate pattern s and models. Training the decis ion tree model helped 
10 ge l a IXlltcrn on borrowers status tha t are cl ass ified as "highly pri vileged". 
"modera tely privileged" or "less pri vileged" based. on ce rtai n variable inputs. 

1\ testing lllec hanism kll0wll as stratified tenfold cross val icb tion method is lI sed lor 

e valuating the model bui lt. Tcn t'old c ross va lidation is deti ned as testing mechanism 
where data is divided randoml y into 10 parts in whi ch each part is he lel out for testing 
in turn and the learning scheme trained on th e rC!maining nine-tenths and the leaning 
is executed 10 times as a result o f whi ch the average is taken as the o verall e rror rate. 
T he Tenfold c ross validation is call ed s tra ti fied type if random samplin g is do ne in 
slich a way as to guarantee that each cla ss is properly represented in both trainin g and 
test sets(Witten and f'rank, 2005). 

T he s l r~l ti l!.s-d tenfold cross va lidat ion method is fOllnd more appropriait: C\ ~ · ;d feas ible 
than ot her methods li ke partilionin3 the (;ala in 10 tra in ing and test se ts. n CC il l.l St: th is 
gives !he opportunity to make li se or all the avai bble Ll::lt clSd for the tJaill illg \vhilc 
st i ll testing far the <lccuracy of the model is possible. The datase t i ~, !"a ndolfll y splil in 
to 10 parts and the c lass is represe nted in approximately the same p roport io n as in the 
I·ull datase t. Testing will be then ma de 10 tim es in eac h tllrn I o f the 10 p,v titiolls are 
used t'or tes ting and the remaincle r is used t'or tr8ining . The me thod repea ts the 
procedure 10 times so that, in the end, every instance has bee II used e.(ac tly once fo r 
testing afte r whic h the average of the 10 times test results is taken ,IS the overa ll em;r 
rates. 

In eval uating the model, its accuracy, the number Jf leaves generated and the tree 
size arc taken into considerati on. The one \-'.l ith higher number of accu racy an ... i le;)st 
nllmber of leaves and tree size is se lec ted to be the best Illode l. 
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1. 7 Thesis Orgallization 

The Ihes is is o rgani zed in 10 fl vc chaple rs. The first chapte r is about gencral 
ove rvicw of Ihc resea rch Ih"t includcs b"cKgro und study, sla lcmcn t of the probl c m, 
app li ca ti on, o bj ec tive, methodology and scopc of Ihe prescnt rescarc h work. 

Chapter two is rev iew or literatures on fe lClted areas. In the first part, overview or 
mic rolilla nce~ dej-inilion and related concepts, the historical overview of 
mic ronnances in Ethi opia and the WISDOM microfinance, are di sc ussed, The 
second part of thi s chapter disc usses about data mi ning, re lated tec hnolog ies such as 
O nline Analy tical Process ing (OLA P), data warehouses, and the data mining 
processes , Review of related works on the app lication of data mining fo r customer 
relationship management and application of data mining in financia l institutions are 
al so prese nted in this chapter. 

C lwpter three deals with the di scussio n of the dec isio n tree c1assili cat ion a lgorithm 
lI sed for the model deve lopment, test ing I11c::hanis111 s and the experimental design in 
brief'. 

C hapter fo ur prese nts the experimentation o f the data m ining process and 
pe rfo rmance o f the c la ss ification model. Fi na lly, the conc lus io n and recommendatio n 
pa rt o f thi s researc h are de tai led in chapte r fi ve. 
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CHAPTER TWO 

LITERATURE REVIEW 
2.1 Introduction 

This chap tcr prese nt s review 01' lit erature on background 01' the domain 
area/organization, clata mining conce pt s, and re lated lcscarch work s. The purpose of 
the current study is to experiment on application of the data mining t e~h !1iqu cs lur 
improving customer relationship IllHnagemen t of i\licrolinanccs tak ing the case of 
Wisdom micro tinance. To this end, it is essential to sec an o\'c rvicw abou t the 
micro finance institution, conceptual disc ll ss ions regarding the data 111l1l11lg 
technology and review of related works. 

2.2 Overvie,v of Microjinallce 

This section presents the historica l overview of micro finance , microti nancc in 
Eth iopia, and finally the Wi sdom Microfinance including its overview, major 
services and automation efforts. 

2.2.1 Historical overview of Microfin<tllce 

T he hi story of tociay's microfinancc takes liS to the history o f early 1970', \\ hele the 
concept of credit union Wi,S developed by Fred rick Wilhdm Ra irre; sn and his 
sllpporte rs (Mercy Corps, 2006). Howeve r rormal clcciit and sav ing instit ll ti(\ns I·c)r 
the poor ha ve been around for decades providing customers who were Iraditi c. lla l\y 
neglected by commercial banks a way to obtain linancial scrvicl:s through 
coo peratives and deve lopme nt finance in slitutions (Mele), Corps, 2tl06). 

Accorcii ng to Littlefield and Rosenberg (2004), Microfl11ance tlbtitllti ons ha \·o 
eme rgeci ove r the past th ree decades proviciing financ ial services to lo·.v income 
c lients. They further state that 1110st of the early pioneer organi zati on.; in the 
microfinance movement operated as non prol~l, socially motivated non guvernml:lltai 
organi zations. 
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O'/er the las t 30 years, the Illicrofinancc industry has proven that the extremc poo r are ban ka ble. Not only do they repa y loa ns, but they also do so with ve ry low defa ult s a nd relat ively hi gh interes t rates. Mierol;nanec Institutions (MF I,;) ca n, and ha vc, be,' omc commcrcia ll y viable en terpri ses (iV!c Kin scy & Compa ny. 2005). 

Be tween the 1950 and 1960's gove rnme nts and donors focused on providing subsidized agricuilUrnl cred it to small and l11 ;]rgi nal l:lrlllCrS, in hopes of raising prod ucti vity and incomes (Kiva, 2005). In the ' 1990 's many o f the institutions tran sformed themselves into forma l rinanci,d institutions in order to access and 0 11 -lend cl ient saving, thus enhancing their out reach (Kiva, 2005). 

SEW A (Se lf Employed Women Assoc iation) registered as trade union in GlIIjara t, Ind ia in 197J;Garameen-Bank establi shed in Bangladesh in 1976 to address the banking problem; Bank Rakyat Indonesia, largest microfinance in deve lopin g countries during the mid 1980's were some or the early pioneer formal microfinances (Mercy Corps, 2006). 

Acco rdi ng to (Mercy CO'lJS, 2006), it' was not until the mid 1990's that the tcrm micro credit began to be rep laced by a new term that : ~~~It [d ed not only credit. but also sav ings and other fi nancial services. Since thL!l1, micro finHnce h ,l ~ been L1sed ,-tS the term or choice to refer to a range of financia l SCI vices to tilt: poor i'lc1uding credi t, service:; slIch as insurance anclmoney transfer. 

The microfi nance sector has been expanded in many countries as a stra tegy f'or poverty a lleviation si nce the mid o f 1990's (Mercy Corps, 2006). As Sla ted in Kiva (2005) , the World Bank estimates that there are now over 7000 mi cro t;nancc insti tut ions, serving some 16 million poor people in deve loping countries. The tota l cash turnover o f MFls worldwide estimated at US$ 2.5 billion and the potent ial for new growth is outstanding. 

2.2 .2 Micl"Ofinance in Ethiopia 

In case o f Ethiop ia, lack of finance is one of the fund amental prob lems impeding produc tion, prod ucti v ity and income of rura l and urban hou seholds. Hence lvl icrofinance Institutions (M rI s) in Ethiopia are recogni zed/and being used/ as the 
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key institutions to channel microfi nance to the pVD r inc luding fu nds under the food security program. 

The deve lop ment of micro fin ance industry in Eth,iopia CO" be traceci back to the ca rly 
1970', whcn NGOs in Ethi opia we re cie li ve ring re li ef and deve lop ment se rvices such 
as cmergency food , education, wa tcr and medicine to the underpri vileged; the NGO's 
were dircc tly funding micro cred it services as part and parce l of their reli ef program 
(Mercy Corps, 2006). 

Today, practi ti oners and donors are increasingly focllsing 0 11 expa nded lin<1llc ial 
services to the poor in fronli cr markets and 0 11 the in tegrat ion of mic l'o fi nancc in 
financ ia l syste m development (Mercy Co rps, 2006). Owing to the same fac t, various 
microfi nnnce instittllions ha ve been emerging in Ethiopia since a decade. 

Establi shment of sustainable mi crofi nanee institutions se rving large number of the 
poor ha s become one of the key com ponents of Ethiopia's development strategy. The 
government insti tuted a legal and policy framework for microfinancc institutions in 
1996 through proc lamation 40/ 1996; howeve r Non Gove rnmental Organi zat ion 
(NGO), C reci it sche mes and informal SUliices of finan ce ha ve existed in I.:thiop ia for 
many years be fo re (Gebre hiwot , 2002) . 

Sebstad (2003) states that since the institutiona liza ti on of the legal and po li cy 
fram ework lar J'viFI abo ut 20 MFls have reg istered with Nationa l bank o f Ethiopia 
and operate uncier the au spices of thi s proc lama ti on. These Mris in Ethi opia focuses 
on group- based lenci ing and promote compul so ry and vo luntary savings . 

As the mi crofi nan ce institutions do no t require as such co llatera ls unl ike banks and 
other financia l institutions, the l11i cro finance institutions 30 fhr · establ ished in 
Ethi op ia use joint liab ility, soc ia l pressure, a nd compu lsory savings as a lte rnatives to 
conventional fOIlllS of collateral. In fac t, sta ted in Sebstad (2003), currently the 
proc lamatio n requires the Mr ls to provide c redit throu gh group based le nding 
methodo logies which is sa id to mobili ze savings by restri c ting the s ize ot' loan up to 
max of birr 5000 a nd repayment term res tri cted to no more than one yea r. 
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In the concept of microfinancing even though the aim is to provide the poor with 
small loans or other financial servi ces in order to help them start their own busincss 
genera ting, or sustain (Ill income ancl often beg in to buildup wea lth (Inc! exit poverty, 
Ihc MFl s provide the slllall loa ns will , relali ve ly high inlerest rales. 

Thcre a rc Ihree basic rcasons why thc inte rest ratc becomcs hi ghc r than that o f bank s 
and olher linanee institut ions, as s tated in (Mercy Co rps, 2006). The re a re thrce types 
of costs a M FI has 10 cover when they make mi cro loans. Thcsc arc the cost of Ihe 
mo ncy it lends, COS I or loan del;llllts, and transaclion cost. Thc cost of' the money is 
just sorne amount or some percent of the money amoull t lent, which is attributed to 
Ihe money value for its use; cost or loan clcI~llIlt is some amount of money or percen t 
for defaults that is determi ned from experience, Finally, the cost o f transaction is just 
the cost of processing the loan di sbursement and payments and follow up monitoring 
and thi s is attributed to the staff, time and effo rt spent. Thi s cost of transacti on 
doesn ' t depend on the amount of money lent unlike the Iirs t two cos ts, once it is 
determined by the micro finance institution. 

[la sed on the ge nera! principle s tated abo ve the MFI s in Ethiopia have re lati ve ly 
higher rates than the banks and other formal finance intuitions. However there is no 
fi xed rate for all orga ni za ti ons to li se . The interest rates VC:lJY across organizations. 

M Fls in Ethiopia providc both non agricultural and agricultural loans, Both typcs o f 
loans are provided through g roup lending methodologies. The agri cultural loans 
generally require a o ne tim e or balloon payment at the end of the loan te rm whilc 
other loans typically arc paid on weckly or monthly basis. 

According to the repo rt of Sebstad (2003), a few mi cro linance institutions al so 
provide financia l serv ices beyond saving and credi t. For example two governments 
supported iVIns manage remittance for abollt 100,000 pens ione rs each month. And 
some MFls have initiated money transfe r services o n pilot basis. However, the c redit 
loan and saving servi ce remains the basic and major services, especially loan service 
being dominant, which is the roc ll s of this data miming resea rch as co llec tion o f data 
that is the maj or ingredient of data mining resea rch, is avai lable on the loa n se rvices. 
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Among the 20 reg istered M Fls, six arc supported by the regional govel !l ments 
(A mharn , O rol11ia , Tigay, SSN P, Addi s Aba ba and Bcn ishangul ), whi le 14 arc No n Government based Orga ni za ti ons (NGO), stated in the Sebs tad (2003) . All the NGO based Mrrs arc rcg i s:~ recl as share companies and they arc lin ked to the ac tiviti es o!: 
na ti onal and international non-governmen tal organ iza ti ons incl ud ing, for example, 
wo rld vision, cathol ic Relief service and Ch ristian Rel ief and devciopment 
associat ion. The Wisdom I'diero Finance Institution (WM r- I) is one or such MF ls, 
whi ch is hi ghl y li nked with the activ iti es of world vision. 

2 .2.3 Wisdom Microfin ance Inst itu ti on (WMFI) 

As the case under study is the \V isc!olll mic rolinanee inst itution, this scct i011 presents 
an overview of the institution , relcvn nt se rvices rendered at the instituti on and the 
automation effort taking place in the orga ni za tion. 

2.2.3.J Overview of WMFI 

WMF is a Micro finance Inst itution registered as a bus iness ellti ty under the 
Eth iop ian commercial law and proclamation No. 4011996 to undertake delivery of 
fillar~ci(ll and non fina l1l.:ia I services 10 the able poo r who are willi:t?'.:, capab le ('illd ready to engage in to productive ecollomi c ,(c liviti cs. 

The inst itution started operations in 1998 as spin-o lT World Vis ion in areas where 
World Visio n Ethi op ia curren tl y undertakes Area Devc lopmell1 Programs (AD Ps). It 
focuses upon de li very of basic se rvices an d crcr. ti oll of enabling environmen t f{) f the 
culli vation) deve lopment ,-~ncl expa nsion o f micro enterprises tlia [ create productive 
empl oyment and income generati on for the urban and rura l poor. 

The inst itution, WMFI, supports income ea rning opportunit ies and helps its cl ients to 
achieve food security, and has become very im portant ill slI pporting the soc iety 
espec ially th e poor. Produc ts/o r se rvices of the WMF ls are centra l to the we ll be ing 
o f the society, to women and child ren in parti cular. 

As the offi cials of the institution sta te, the microlinance inst itution has shuw ll a rapid 
growth and ex pansion that is retkcted in te rms of an inc reased numbe r of its 
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area/branch microfinanccs and its ca pi tal over lht.; I,I SI few years si nce its 

es ta bli sh ment. /Is 01' Dece mber 31 1 2004 WM rI was servi ng 19,912 people, 42 

percen t o f w hom we re wo men. In 2004 the institution 's .]cl ivc clients grew 57 

pe rcen t. Wi sdo ms ou ts tand ing 6. 757 loans wcre worth $2.162 milli on wit h an 

ave rage loa n si ze of $ 109 (U.S . Agency, 2005). Thi s s ignifi can t rate in its outreach 

and capital indicates that the ins titu tion is playing a gren t role to bring changes to the 

li ves of the society in general. Furt her the prosperity and increased rflte of clistomers 

wi th large collection of data, transaction data', makes it a poten tial area for 

applicalion o f data mining resen rch. /\ ccord ingly, the cu rren t resea rch foclises on the 

customer data avai lable in the organi zati on. 

2.2.3 .2 iVlajol' services/function of the WMFI 

Loan and sav ing servi ces are at th e core of any microfinance institut ion. Likewise 

WMF ls currently renders significant leve l of loa n and sav ing serv ices to the eve r 

increasing of its customers. The loan services are based on the diffe rent sector areas 

where the borrowers are to invest. Accord ingly, the services \VMF I delivers ,Jre 

catego ri zed under the following fi nancial and non-financial service types: 

Loan Products 

I. Business Loa ns 

2. Ente rpri se Loans 

3. indi vidu al Loans 

4. Agri-bus iness Loan s 

5. Agricultura l Loans 

6. Consumpti on Loans 

Savi ng Products 

I. Compulsory Saving 

2. Vo luntary Saving (IInde r pilot) 

In line with the objective o f the da ta mining, the resea rch focu sed o n soc ia l data of 

the loa n serv ices that contai ns the product type the customer was rendered in the loan 

type column. 
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According to the organi zat ional poli cy obtai ned frolll docum ent anal ys is and 

interviews, there is a rul e that determ ine the maximulll loan size fbr each new 

borrower depending 011 the group type. I fowcver the maximulll loan size will 

increase wit h some percent as the number of 10<1 1; cyc le increases regardless of the 

group type. For the first three loan cycles, 1-3 (w here he/she is conside red as less 

privileged) the borrower is just allowed to get lip to the ma ximulll of fixed amounts 

similar to the initial service. \,Vhe ll the borrower is requesting loan f'or loan cyc les 4th. 

5'1. and 6'1. times (where he/s he is considered as Illoderatdy privileged). he/she coul d 

he grant ed loan amount to the max imum of 50(,Vo increment on the loan size he/she 

lVas given in the ear licr cyclcs (1-3). ICor rhe loan cyc les greate r or cqu:lI [0 7 (in 

which case helshe is cons idered as highly pri vil eged») the borrower is al lowed a loan 

alllolint 10 the maximum of 100(Yo increment on the loan amounts helshe was given 

durin g 4'1._6'1. cyc les of his/ her loan usage. 

2.2.3.3 Automation effort at WMFI 

WMFI can be rega rded as one o f the pionee r microttnance instituti ons in its effort to 

put in placc the Information Tec hnology (IT) solutions for the enhancement of all its 

operationa l and managerial acti v iti;:,~. Di scuss ions made with IT offi cers regarding 

how the operations arc handled, how the d,Jta ~1I1 d reporting acti viti es arc handled 

reveals th is. Accord ing to them all the transaction data handlings and report 

generati ons mude in each department at all area branches arc supported by powerfu l 

system s. Currently, a Transaction Processing System c.dled Towl Nlicro Financing 

Solution (TMFS) is used to handle the data such as financial (i ncluding di sbursement 

and collection data), balance sheet, income statement, and reports. The TMFS is 

currently be ing replaced by a more powerFul and sophisticated syslem/softwa re 

kn ow n as Global I, produced by Indian company In fra so ft. The so Ftwa re is on the 

implementa ti on phase, and as the IT profess ional say, by the time it is complete ly put 

in place it makes every opera tional and manageri al tasks more effic ient. 

This cUlTent movement to implement the most powerFul system that highl y improves 

the transaction and reporl iilg process in the organ ization is on the pilot basis with a 

Ii nane ial sponsor obtained from an international f:md known as Vision Fund. This a ll 
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in al l, say the IT proless ional s in the orga niza ti on, indicate the rc markable in iti ation 

and rc"diness o f the institutio n to adopt IT sol utions for its operations. 

Howcvc r up to th e date o f the acqu;si tion or th~ da ta l'o r the researc h at ha nd , the 

data was ava ilab lc o n the TMFS. 

2.3 Data Millillg Techllology (DIVJ) 

T hi s section presen ts the conceptua l s tudy made rega rd ing the data mini ng 

tec hnology . Definition Jlld o\"crview of cl ata mining, related co ncepts where data 

mining is importan t (such as know ledge di sco\ 'c ry, On li ne /\na lyt ical [)roccss ing, 

and data wareholls ing), and the data mini ng process are di scli ssed in th is sec tion. 

2.3.1Definition and overview ofDM 

Databases today ca n ra nge in s ize into more tha n terabytes - I ,000,000,000,000bytes 

(T wo Crows Co rporation , 2005). T his ind icates the existence of ma ssive amount of 

data co ll ect ion that has st rategic importance (Two Crows Corporatio n, 200 5). 

Compu teri zation of Illany businesses, sc ientific and govemmenlal transacti ons, 

advances in data colkdion too ls ranging from scanned lex t and image platform s tu 

sate lli tc remote sens in g system s, pop ular usc of the World Widc Web (WWW) as a 

g lobal info rmatio n sys tem, are some of th~ contributing I~l c to rs for the a vai lab ili ty of 

large co llect ion of data in d iffe re nt orga niza tion s. 

The fast growin g, tremendoll s amount o f data, co llected and stored in large and 

num erou s da tabases, has far exceeded our huma n capab ility for comprehens io n that 

requ ires a power (\i ll tool in orde r to process the data and gai n the adv" ntage. To get 

bene fit fro m the co llec ted data, there should be a way to ident ify relevant and useful 

information (Han and Kamber, 200 I). 

The re a re a numbe r of de finiti ons fo r datu mining in va ri ous lite ratures eac h with 

s ligh t va riations. 

W illen and Frank(2005) define da ta mining as the process of di scovering pallerns in 

claw where the process must be automnl ic or (more usually) se miautomati c res ulting 
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in patterns t ha~ must be meani ngrul in that they lead 10 some advantage, uSllally an 
economic advantage. 

Acco rdin g to I-land, ct.a l (2001) , and Larose (2005), Da ta mining is the analysis of 
(orten large) observationa l da tasets to tind 'unsu spected re lationships and to 
sU lllmari ze the data in novel lVays that a re both understandab lc and use fu l to the data 
owner. 

Bcrry and LinolT (2004) define Data mining as the exploration and analys is of large 
quantities of data in order to di scover meaningful patterns and ru ks. 

The one IVhi ch is essentially re lcvant fo r the rcseareh at hand is takcn Cro n, Giudic i 

(2003), 

Data mining is the process of selection, exploration and modeling of large quantities 
of data to d iscover regularities and re lati ons that are at first unknown, lVi th the aim of 
obta ining c lear and useful resu lts for the owner of the database (Giudici, 2003), 

Data mining e mploys much of the tools and techniques of s tati s tics, HOlVever, the 
data mi ning is more powerful in tha t it can do more tha n the stati stical analysis 
(Be tTY and L inoff~ 2004), For ins ta nce some prob lems may de;l1a na lea rning from 
experiencc which cannot he addressed lI si ng sta tistical !l1elhod~. rvforcuver s lali ~: I_ ic s 

usuall y em ploys sample data (part of population darn thon gllt to be rerrc,'cllt<tti\'e l 1<) 

build stat istic models and ~hi s lllClhocis can miss large body of infcJrlnation nbout the 
population whil e data mining essentially requ ires larger data (Thearling, 1999), 

Data mining typ ically de,.!s with data that have a lready bee n co ll ected for some 
purpose ot he r than the data mining ana lys is (for exa mple. they m" y ha ve bee n 
collected in order to maintain an up-to-date record of ail the transac tions in a bank). 
T his is one way in which data mining dirfe rs from Illl!eh of stati stics, in which data 
are often co llec ted by using e ffici ent s trategi es to answer speeilic questions, 

Data mining is becoming an essen tin I technology in sc ience and business areas where 
there is large co llection of data. Next secti on di sc lI sses the data min ing technology 
wit h respec t to related concepts, 
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2.3.2 Data mining and Knowl edge Discovery 

In ITlOs t cases, data mini ng is treated as synonym for knowledge D;scovery in Data 

baoc (KDD). Howevcr, according to Han an\1 Kambcr (200:), Gcobe l and Le 

Gruenwald (1999), Fayyad, et.al (1996), Pal and .lain (2005), data mining is viewcd 

as an essential stcp in the proccss of knowledgc discovcry in data basc. Acco rd ing to 

th em the know ledge discovery rclers to the overall process of di scovering useful 

knowledge from data , and dat a mining refers to a !Ja rti cu lar step in thi s process. 

In the vicw of the abo\"c di stinc ti on, DM is concerned with the {lClwl1 extrac tion of 

knowledge from data. while the KOD process is conce rned wi th 1"f!<I11Y ot her 

activiti es. There fore the data min ing process contributes to the knowledge di scovery 

in clata base in sLich a way that the results obtained frol11 the aChla i data mining 

would be an input for the remaining steps in the knowledge di seovelY process 

according to these distinctions. 

Due to the popu larity of the term data mlnll1g than the longer term Knowledge 

Discovery in Databases, Han and Kamber (200 t) favo red to adapt and use tile term 

data min ing with the broader view of clata mi !!ing fUllctionality. In thi s study, 

however, the terms data mining <lnd knowledge discove ry process are both used to 

refer to the entire process from data co llecti on through pattern itiel ,.iti catl ol1 :J nd 

deployment and usage of th~ res ult s. That is just to b~ consistent with Illaj" r data 

mining projects, to li se the co rresponding experiences, and avoid (l ny confusion 

be tween the two phrases, 'data mining' and ' knowledge di scovery in databases' . 

2 .3 .3 Data Mining a nd Data Warehollsing 

The ab il ity to automate every operational system in a business through wider 

applicability of computer and Informati on Techno logy (IT) resulted in enormous 

data available in dozens of separate systems. This has brought about the need of 

integrated system and powerful technology such as data warehousing to deal with the 

eve r increasing data. 

Data warl:! housing is the process of bringing diverse data together from throughout an 

organiza ti on for decision support purpose (Be ny and Linoff, 2004). 



Data wa rehouse is all enterpri se database from which the data to be mined is 

ext rac ted. lI an and Ka mber (200 I) a lso de llne data wareho use as a subject o ri ented, 

in tegrated, time va ria nt and non volat ile co llec ti on of dat a in support of management 

dec ision making process. The data warehollsin'g, hence, refers to the process of 

constrllcting and using data warehouse. 

I f the data warehouse already exists in (In enterprise, it wil! be beneficial fo r the data 

mining process. A data mining endeavors includc's the effort to identify, acquire and 

cleanse: the data . I3ut if the data is alrea ely put ill term s of da ta wa rchollses, most 

lik e ly, thc r~ will be no need of repeating some o f the <l c tivities such as the data 

clean ing Clnd integration, for the mining purpose since these are also the essentia l 

ta sks in the da ta warehousing (Beny and Linon: 2004). 

Acco rding to Berry and Linoff (2004), the data mining converts the essenti a ll y ine rt 

SOllrce of data in to ac tionable in fo rmatio n. Therefore, even ifit is not prereq uisite to 

have a da ta warehouse be fore the da ta mining, it would make efforts much easier if 

the data warehollse already ex ists as it add ress the issues of conso lidat ing data from 

Ill ul tiple sources, da ta integri ty problems, e tc which wou ld be SO l11e o f the task s in 

the m ining process a lso. But this i<, no t much practica l in the rea l wo rld, especially 

when it comes to developing coun tries like Ethiopia. This means that having data 

warehouses is really advan tageo lls for erticicnt handling of the data nnd for 

applicabili ty of slich data anal ysis as dat:I mining as \ve ll , ho\\·ever data warehouses 

remai ned UnC0l11 1110n becau se of some constra in ts . Putting large database lip becomes 

enormOliS task, laking over a number of years and costing over mil lions of dollars 

that makes ava ilab ility of the data wa reho uses less com ill on ill ente rpri ses. 

Tn fac t it is possible to apply the da ta mi ning on o lle o r more operatio na l or 

transac ti onal data bases after simply extrac ting it into r~ad-on ly database, where the 

new database fu nct ions as data marl. Sim ilarly, th is invest igati on uses a sepa rate ly 

created da tabase to whi ch the soc ia l cla ta a re ex tracted to make it ready fo r the 

mllllllg purpose. 

Even lhough the da ta mining task may depend on the data warehollse, where i t' exists 

prio r to the milling task, the data mining has, in othe r way, brought grea t 

influe nce/in iti ation for the deve lopments of the data ware ho uses. Researches (Mento 
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and Rape l, 2003) indicate thai a nll mber of data wa rehouses have been developed l'or 

institutions with the in itiatiol1s of data mining l'or diverse informati on. 

2.3.3 Data mining and Online Analytical processing (OLAP) 

On line Analyt ica l Processi llg (OlAP) is the dynamic syn thesis, analys is and 

co nsol idation of large voilimes of Illulti di mcnsional data (Fay)'ad, c l.al, 1996). 

Accordi ng to Pnl and Jain (2005), OLA P gives ra s,t, consistent , interactive access to a 

vnrie ly of views of any informMion and invol ves many short, upda te- intensive 

commands incl uding clay to day operations like purcha sing. inventory, banking, 

l1lamlf~lc tllring, pnyroll, regi strati on, acco llnting, Cic . 

O l A I' is a popula r approach fo r data analys is; hence it tS a primary task o f data 

warehou se system. A s to Fayyad, el.a l (1996); Han and Kamber (2003), OLAI' and 

data mining are very different tools that complement eac h other. O LAP is used to 

answe r why certain things are true as hypothes is verification. In thi s case, the user 

gives a hypothesis about a rela ti onship and verifies or disproves it with series of 

que ries aga inst the elata . 

In contrast, a data :n!i1ing. instead of ve ri fyi ng hypothetical patterns, it Ilses the clat:. 

itse lf to uncover such pallems. In short, the OLA I' tools arc targeted towards 

simplifyi ng and supporting interactive data anCllysi s while (bta mi ni ng tools enhance 

the processes through automati ng as much of the ta sks as poss ible; it allows the 

automated discovery o f implicit pallerns and interesti ng knowl edge hidde n in large 

a mounts of da ta whi le OLAP is data summari za tion/aggregation tool that he lps 

s implify data analys is. 

Even though data mining and OLAI' ha ve different objectives as stated ea rli er, there 

are ways in whi ch the data mining process contri butes for the OLAP activit ies. For 

example, those tasks accompl ished in the early stages of the da ta min ing, such as 

exploring the data, identi fying importan t variab les, and understanding the data in 

general, lVould make the OLAP more effective and effic ient (Two CrolVs 

Co rporation, 2005). 
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2.3.4 Data mining and Customer Relationship Management (CRM) 

According to Two Crows Corporation (2005), many organizntions arc using da ta 

minin g to help manage nil phases orlll e customer life cyc le, including acqui ri ng new 

customers, and retain ing good clI stomers. 

iVIicrofin(lnccs, like any business orga ni za tions. have to take ill to co nsideration the 

cLl~tollle rs' behavior and inte rests so as to be competent in thl-:: marke t. Know ing 

cuslolllcrs' beha vio r and inte rest will he lp the microfina ncc in sti tut ions target loya l 

cli storllcrs and adjust the: service po lic ies in orde r 10 attT[lct <t nd retai n morc 

custome rs. This lias to do wit h custome r relationship llwnagclllcll t (eRN]). 

C RM is thc business pract ice that is intended to impro ve service deli very, bu ild 

soc ial bonds with customers, and sec ure customer loyal ty by precilcling customer 

behavi or and se lecting actions to influence that behavior (Prakashi and Kumar, 

2000). 

Accord ing to Ede lste in (2002), Customer Relationship Management (eRM ) hclps 

companies do a better job of ma tching products and service campai gns to c listomers 

and jJ I03pec ts fo r improved company's prof'ilabil ity and prcspu ity Hence 

relationship building and cLi stomer oriented management are key factors to which 

com pany's sliccess or fa il ure is c lose ly lin ked. Customer management reljuires thl! 

coll ecli on of s ignil-icant alllo unt o f (bin and set up of proced ures for in te rpret ing the 

elata. 

I-fence data mining has tremendolls ro le in improving CRfvl in a ny sec tor wherever 

hu ge co llection o f data re lated to customer and cli stomer behavior exists. The data 

mining can he lp for customer profiling. By determining characteristics of customers 

(pro til ing), a company can targe t prospec ts with similar characteri stics. For example 

by pronling clI stomers who have bought a particula r product, the company can fo c.; us 

a tte nti on on similar custom ers who have not bought that product. Similarly, by 

prolil ing customers who have show n up for long peri od of lime (ror more loa n cycle) 

the organi zati on can dev(se a strategy and re fine it s policy in wh ich case sllch 

customers ca n be priorit ized and given du e attenti on in the linancial se rvice for 

bank ing andmicrofinance. 

28 



O n thc othcr wa y, proliling custo mers who ha ve lert, a company can act to re tain 

clistomers who ;lre at risk for leav ing; because it is f<lr less ex pensive to retain a 

customer th an a acquire new one. 

Acco rd ing to Rucy-S hun, ct.a l (2005 ), the systcmatic applica ti on or data m ini ng 

techniqu es reinforces [he knowledge management process and allows marketing 

persollllel to kn ow their cus tomer we ll to provicl ~ better se rvices. Thl: dnta mining 

app roac h he lps usc rs to idcntiry va lu able patterns conta incd in diversc data and their 

rc lati on so as to help the majo r dec isions . 

Many rcsearc hes ha ve bee n conduc tcd on the ro le of CRt"l in var ious sectors, 

espec iall y in ban ki ng and finan ce. For example, a Researc h on the A pplica tio n 0 1' 

Customer Relati onship Management in Chinese Banking by Guangshi and Ni ng 

(2005) reports tha t CRNI will he lp ba nks to grasp customer dema nds deeply thu s 

he lps to provide exac t fina ncial service prod ucts to customers. According to the ir 

co nclus ion, C RM syste m is he lp ru l to optimize market va lu c chain. It w ill enable 

commercial banks to timely catch up with market demand s, and attract new 

clIstomers on the basis of retain ing old ones by COl1 tillli G ~~s ly improving clistplllcrs' 

sa ti sfa ction and loyalt y. 

2.3 .5 Da ta Mining (OM) process 

Data mining is a process that in vo lves series of steps 10 preprocess th~ data prior to 

mining and post process ing steps 10 evaluate nnd interprel the modeling resuit (Han 

and Kamber, 200 I). In 1996, a s tandard iza tio n e ffo rt resliited in C ross- i>ld us try 

S tand ard Process fo r Data Mining (CR ISP-DM1, (Larose, 2005). T he C:\)ss- Ind ustry 

S ta ndard Process l'or Data Mining (C RI SP- DM) tha t wa s de ve loped in 1996 by 

analysts represent ing Daimle rChrys le r, S PSS, ancl NC R. CR ISP pro'/ :cies a 

nonpropri etary and free ly available standard process !'or titl in g d~ 1a milli ng inlo the 

ge neral probl em-so lving s trategy of a business o r resea rch un:t (Larose, 2005). 

According to [-[an & Kamber (200 1), the C RJS!,-DM ;s another s ~aJ1d a rdi zatio J1 

e rfort re lated to data miniJig. Its aim is to define and va li date a data minin g process 

that is ge nerally app licabl e in di verse industry sec tors. 
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According to the Cross-Industry Process 1'01' li CI t" Mining(CR ISP-DM), the process 

tak es an itcrutive form consisti ng of six ma in phnscs :IS shown in fi gure 2.1 (TvVO 

Crows Corpora tion, 2005; Berry and LinolT ,2004; and L1 rosc,2005). 

Bu~jlh.'~' J.t : ~_'; If<.:h 

1.1,,: ... r~1.';·.'~J!l:; ;'IM~": 

l):p!0)'. I1':I1! l'ha;;(' 

n.t:.! \ I1 J:,~:.III,h ~::: 

l'/u-.: 

f)J!a Prq':lr.l! iIXl 

"ha<.i: 

r-'-:,'-J'-l "-'~-" h-'~-' -, jJ 
~----~. 

-~-------------

Figure 2. I Phase of the CRISP-OM process cyc le (La rose, 2005). 

In figu re 2.1 , the outer bigger arrow round ing the diffe rent phases of the modcl 

indicates the cyclic notion of the processes in general. The main phases are 

inten'e lated with lines betlVeen them. Once the data mining so lution is deployed, 

lessons lea rned during the process and from the dep loyed solution cal ls for new, 

more focused business question that could be solved through repeated data mini ng 

prob lem. Hence the data mining will be iterat ive in the business world if the business 

should ga in ma ximum benefits from the experiences of prev ious ones . The arrows 

pointing both le ft and right direc tions indica te the most signi fi cant dependencies 

be tween phases. For example, suppose tha t lYe are in the model ing phase. Depending 

on the behavior and characteri stics of the model, lYe may have to return to the clata 
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prc pmatio n phase lor fllrther rciinemen t be lore mo ving forwa rd to the model 

evaluatio n phase. 

As the resea rch at hand lollows the C I~ I S P-OM " lOdel de pic ted in the li gure 2. 1, the 

fo llowing sec ti ons give the sUlll mary of the phClses accordin g to Han and Kamber 

(200 I). 

2.3.5. 1 Busin ess Unders tflnding 

Thi s is the tirst phase in the CRI SP- OM s tandard process which is a lso termed as the 

re::;earch understanding phase. III thi s step OIlC works closel y with domain expert,:.; to 

de line the problem and determine the projec t goa ls, identifies key people, and learns 

about current solut ions to the prob lem. [t involves learning domain-spec ifi c 

terminology. Thi s step may also include initial se lecti on of po tential OM tool s. 

Bus iness understanding req uires unde rta king the fo llowing act iviti es : 

• A rticula te the proj ect objec tives and requireme nts clearly in tcrms of th e 

bu siness or research unit as a whole. 

• Translntc t hes~ !!.~als and restrictions into the formulation of a data 1111111112-

problem definit ion. 

• Prepare a preliminary stra tegy for achieving th ese objectives. 

2.3.5.2 Data tlndel's tanding 

After understanding the business environment data understanding comes next in the 

C RI SP-OM. Thi s s tep includes co llection o f sample da ta and dec iding which data 

w ill be needed , includi ng its form at and size. II' background knowledge ex ists, Some 

attributes may be ranked as more important. Next, we need to veri ry use fulness of 

the data in respec t to the Data M ining and Knowledge Discovery (OMKO) goa ls. At 

thi s phase data need to be checked tor completeness, redundancy, mi ss ing va lues, 

plaus ibility of attribute va lu es, and the like. 
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During datu understanding the following ta sks arc performcu: 

• Co ll ec t the data. 

• Use exp lorato ry data analysis to i,"niliari zc yourself with the data ane! 

di scover iniiial insights. 

• fOvaluate the quality o rthe data. 

• I f desired, se lee l inte rest ing subsets thaI may conlain ac ti onable patterns. 

2.3.5.3 Da ta prepm'ation 

This step invo lvcs preparati on from the ini tia l raw data to come lip with the ti n:'! I 

dataset that is to be used for all subsequent phases. This phase is ve ry labor in tensive. 

After the data is acqui red and the final data set is identi fied then nex t tasks will be 

done as pa rt o f the data preparation process. Thi s inc ludes the data preprocessin g 

activities slich as data cleaning, data integration, data se lection and transformation 

( Han and Kamber, 200 I; Be rry and Linorf, 2004). 

Data cleaning is where the noisy, incomplete ancl inconsistent data, which are very 

COIJ1iIlU JI in large rea l world data, are resolved [0 come lip w;il~ a complete and 

consistent data with the noi ses removt'ci. The ori ginal dataset may cuntain incomplete 

data l'or one or more reasons. Attributes of intercst may not a\wl\ys be avai !ablc or 

ot her data may not be included simply because it was not consi dered importclll l nt the 

time of entry. Relevant data may not al so be reco rded due to mi sundersta nd ing o r 

because of equipment malfuncti oni ng or the recording of the history or modification 

to the da ta may ha ve been over looked. 

Noisy data may arise from faulty data coll ec tion instrtunent useu or hum an or 

computer errors at the time of data entry, or inconsistencies in naming convent ions or 

data code used. I-Ience the firs t s tep in the data preparat ion is data c lean ing that 

clea nse th e data by filling in mi ss ing va lues, smoothing nosy data, identi fy ing or 

removing outliers and resolving inconsistencies. 
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2.3.5.4 Modeling 

This step involves usage of the planned data mining tools, and se lectio" 01' the new 

ones if needed. Although it is the data mining tools that discove r ne w inrormation, 

the ir appl ication usuall y takes re lati vely Jesser time than data preparation. As stated 

in Pal and .Jain (200:5), about 20%1 of the total effort is spent 011 the data mining 

(model building) and analysis of knowledge and knowledge assi mil atioll , 60%) is 

spen t on the clata preparation, <Indthc rest 20 % of the tOI;>I efk rt is spelll on bus iness 

and clata understanding. 

Two or the most commonly appl icab le data mining (modeling) techniques are 

c luste ring and classifi cation. Class ification is a data mining task that helps to build a 

Predicti ve model that is b<llned using data 1'01' which the va lue of the response variable is 

already known. This kind of training is sometimes ref cITed to as supervised learning, because 

ca lculated or esl"imateci va lues arc compared with the know:--:. results. By contrast. dcscJiptivc 

tech niques, slich as clusteri ng, are sometimes refclTcd to as unsupervised learnillg because 

there is 110 already-known result to guide the algorithms (Two Crows Coq)oratior.) 2005). 

Clustering IS the task of segmenting a di verse group (recore1s) into a number or 

similar subgroups or clusters; related records nre grouped together on tlw basis of 

having similar values fo r attributes (Two Crows COIvora tion, 2005). Clustering is 

sa id to be unsupe rvised lea rning method that wi ll help to identify segments without 

pri or knowledge about the number of segments and the cla ss labels to whic h the 

record s may be grouped. Hence according to Witten and Frank (2005), the clustering 

tasks cou ld be · app licable .where there is no spec i ti ed class in advance of the data 

mining, in order lO group the ircms that seem to fal l Ilnlllrally toge ther and al so in 
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search of' the clustering indcxes that would serv!:! as class labels in any further data 

mining tasks sllch as class ilicalion. 

Class ili ca li on assumes Ihal the re is a set of obj qcls c1'Q,acte ri zed by some allribute 

w hic h be long 10 diffe rent c lasses. The o rgani zalion Ihal is used as Ihc case o f Ihi s 

s tudy has a CUSlornc r dala (cac h reco rd) Ihat is esscnlia lly labeled as hi ghl y 

priv ileged, moderately priv ileged and less pri vi leged, corresponding to th e va lu es of' 

loan cyc le att ribute. Since there is an attribute ( loan cyc le) tha t is l! s~d to charact(;rizc 

the customer records in to di fferent segment in advance, the current study is aimed at 

bu il ding a c lassifi cation mode l that wou ld potc ntially he lp the company to predict Ihe 

like ly s ta tu s of a new borrower. There fore brie f di scuss ion about the c lass ifi catio n 

based data mining technique is made be low. 

Class ifi cation based Data i\'J inin g Techniq ue 

Classifica lion is the process of Gnding " SPc of model s (or flll1c tions) Ihat desc libe and 

distinguish data classes or concepts for Ihc pu rpose of being able t:> use the model to predict 

the class o f objects whose class Iobcl is unknown (I-Ian and Kamber, 200 I). In most cases, 

Ihe leamt model is represented in the fom1 o f c lassification IlIlcs, decision trees, or 

mathematical fonllulae that can be utilized to categorize future data samples. There are 

variolls data mining techniques for c1assi (jcation task- Decision tree, k-nearest neighbor, 

Bayesian Network, and Neural ne twork are some of the most commonly used techniques 

(Han and Kamber, 2001; Zemeke, 2003; Larose, 2005). S ince the study at hand employs 

dec ision tree technique, decision tee class ification is discussed with more emphasis below. 
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Classilicatiollilsing dccision trce 

!\ dec ision tree is a now chart like tree struc:ure, w here each interna l node denotes a 

tes t all nil attri bute, cnch branch represents an outcomc o f the .tcst, and lenf nodes 

represent classes or class distributions w here the topmost node in a tree is the root 

node (Han and Kamber, 200 I). 

In order to classify an unknowll sample, the attribute va lues are tested aga in st thl.! 

dec is ion tree. II pat h is traced from the root to leaf node tha t ho lds a class predi c tion 

lor thnt sam ple. At cach Icve l or the trcc, the applop ri"te va luc would be compared 

and a dec ision on which direct ion to go wou ld be Il1ndc. Th is means by navign ting 

the dec is ion tee one ca n assign a va lue or a class to a case (samplc) by deciding 

whic h branch to ta ke, starting at the roo t node and mov ing to each subsequent node 

until leaf node is reached. 

Dec ision tree models are common ly used in data mining to examine the data and 

induce the tree and its rul es tha t will be used to make pred ic tion . The sc t o f rul es 

produced consti tutes the predic ti vc learni ng of the response c lass/valu e o f new 

obj ec ts, where only mcaSlIffmenlS of the predictors arc known. As an example, a 

new client of a bank is classified flS a good client or a bad one by droppi ng it down 

tile tree according to the set of splits of a tree path, unt il a tenninzd node blbeled by a 

spec il ic rcsponsc-class is rcac hed (Aurelian and Adrian, 2007). 

A numbe r of d iffe rent algo rithm s may be used for building dec ision trees inc luding 

C HA iD (C Hi-S{J uircd Automatic In teraction D~ tect ion ), CA RT (C lassifica ti on Anu 

Regression Trees), C5 .0 and C4.5 (Two C rows Corpora tion, 2005). 

C HAID: Chi-Square Automatic Interacti on Detection developed in 1980 creates an n 

way spli ts and uscd for categorica l variable3 (Theari ing, 1999). Thc C1-I.,\ ID 

a lgorithm uses chi-sq uared testing to produce a n implic it stopping c rite ri on based on 

test ing the signifi ca nce of the hom0ge ne ity hypothesis; the hypothesis is rej ected for 

large va lues of chi -square ya ille. If homogeneity is rej ec ted for a certain node. then 

splitting continu es, otherwise th e node becomes term ina l. Unlike the CA RT 

a lgorithm , CHAl D pre fers to stop the growth o f the tree through a stopping c riterion 
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based 011 the sigllificanec o r th e chi -squared test, rather than throu gh a prwllng 

mcc hani sm (G uidici, 2003 ). 

CA RT: C la ss ifi cation and Regress ion Trees cr7ates binary splits and is used ror 

continuous variables (Thearling, 1999). The CA RT tree model cOlls is ts of a h ierarchy 

o r univariate binary dec is ions . Each inte rnaillode in the tree spcc ilies a binary test o n 

n single vnriab le, using thresholds on real and in teger-va lu ed variabks and subset 

mcmbe rship lor ca tego ri ca l variables (I-Ialld. et. a l, '200 I) . 

('4 .5: C4.5 developed by Quillian ill 1993 is ;liso used lor rli le induc tion (Th earling, 

1999) . According to Witten and Prank (2005), C4 .5 is the popular decisil)J1 tree 

a lgorithm, which, with its commerc ial successor C5.0, has eme rged as the industry 

workhorse for off-the-she lf machi ne lea rning. 

Depend ing on the al gorithm used, different trees may be built w ith each node having 

two or more branches. For exa mple, CA RT generates trees with on ly two branches at 

eac h node, while others may generate more than two branches at each nod e. Whe re 

there are only two branches at each node thc tree is ca lled bina ry tree, o therw ise, if 

there are 111 8 re thall two branches at each node, the tree is ca lled multi- .. va)1 tree (Two 

Crows Corporatio n, 2005). A classifie r algorithm knowll as J-lS, whi ch is an 

implementation ofC4. 5, is used lor the dce is ioll tree modeling. J48 is popularly uscd 

fo r it s case of understand ability and its bc ing relatively rast and be ing su itable lor 

catego ri ca l data according to Romerio ct.a l (2003). 

Attr ibllte Selection iVIeehani,,,,, 

No t all attributes a re equally important in c lass ifyillg given data sct with respect to 

some target c lass (Han and Kamber, 200 I). Therefore, the issuc of which attribute 

should be cons idered first, second, third, etc is the ba sic thing to be addressed in the 

tree construc tion step. Accord ing to Han and Kamber (200 I), most decisinn tree 

induction tools adopt attribute se lect ion measure kno\vll as information ga in to 
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determine the precedence of tile test attriblltes alllong the candidate attributes given 

in the datasct. 

The alli"ibute with the highest inform ation ga in is chosen as the test attribute for th e 

cu rrent node. This attribute minimizes th e information needcd to class ify the samp les 

in th e resulting p(trtitiolls and se lec ts the least r(! Jlclomncss or impurity in these 

partitions. Such an information-theoreti c approach minimizes th e expec ted number 

of tests needed to class i Iy "n object an d guara ntees tha t a simp le tree is lound. 

According to I-Ian and Kam ber (2001) information gain of an attributc A is computed 

as: 

I S 
GaiH(S. --".) = Entrop1'(S)- )' ~-'-' Elirropv(S) 

. . , L... i 5' 1 . , 
I el d ll . ,.;{. i) i ' 

Wherc Values (A) is the se t of a ll poss ible va lues for att ri bute A, and S" i.1 th e subset 

of S for which the attribute A has va lue 1' . 

Entropy(S) oj a measure in the informati on th eory th ar charac terizes impuri ty of a 

co llec ti on S. If the targct attribute takes on c difterent valucs, then thc entropy S 

re lative to tl: is c-wise class ification is defined as: 

EIHropy(S) = '} -Pi log: p, 
i=t 

Where Pi is the proporti on/probability of S belonging to class i . Logarithm is base 2 

because entropy is a measure of the expected encodi ng length measured in bits. 

Pruning Decision Tree 

The decision tree algo rithms operate in two phases; the construction and prlll1lng 

phases. The construct ion phase of decision tree usuall y results in a complex tree that 

o ften 'over tits ' the data, reducing its accuracy.'\ tree T 'over fits ' if there is another 
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tree T that gives higher error on the training data , ye t gives lower error on lest dnW. 

This wi ll especially happen if the training data ha s a few erroneo us insta nces in it. 

I lence the eonstrLlc ti on phase must be fo ll owed by anolher task that turns the tree to 

morc understandable, usable reduced form. This.is ashievcd through wha t is known 

as tree prLln ing (Ahmed, 2007; Gidole and Vyd iswma n, 2003). 

The Pruning pha se or dccision tree is thc proce ss of relliOving some 110n- promising 

branches to improve the accuracy and pe rforman cc of the dec ision tree. There arc 

two approaches in tree pruning: pre-pruning and post-pruning. In pre-pruning 

approach, a tree is pruned by stopping its construct ion by dec iding 110t to further 

partition the subset of training data at a given node. Consequcntly, a node becomes a 

lea f that holds a c lass va lue with the mos t frequent c lass among the subset of 

sa mples. Pre-pruning criteria are based on stati stica l significance slIch as information 

ga in (A hmed, 2007). 

On the other hand, as stated by Ahmed (2007), Post-pruning removes bra nches li·om 

the com pletely grown tree, by traversing the constructed tree and uses the estimated 

e n·o r o r contidence threshold to dec ide whether some undes ired branc hes shoLild be 

replaced by a lear noele or not. 

Thi s pruning will rcsult in a tree tha t is more understandable, easy to be interpreted. 

with less over fi tti ng. 

2.3.5.5 Evaluation 

The c lass iticat ion model crcated in the mode ling phase is e va luated for quality and 

effec ti vcness before dep loy ing it for use in the fi e ld. Here it is decided whether the 

mode l in fact achieves the objec ti ves set for it and therefo re come to a dec ision 

rega rding the use of the data min ing result or the need to undcrtake further research 

work to enhance its effic iency. 

Erro r rate, fa lse positives and fa lse negatives are some of the evaluat ion methods of 

predictive class ification 1110de l in the contex t of the decis ion tree algorithm s such as 

J48 (Larose, 2005). WEKA prov ides us with a matrix of the correct and incorrect 

c lass ifi cations made by the algorithm, te rmed as the confusion matrix. The negative 
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cla ss ili ca tions that were made in l:rror arc sa id 10 be nilsc ncgativcs. That is, a nilsc 

negative represent s a record that is c lass ified as nega ti ve but is nctually positi ve. 

Where as a fa lse pos itive represe nts a record that is c lassified as pos itive but is 

actually negative. The overall errD 1' rate, or simp.' y error rate, is the slim of the false 

negatives ami false positives, divid ed by the total number of record s. I-Ience, 

according to Larose (2005), lI sing error rate, l:llse positi ve rate, and fal se negative 

rate, alwlysts may compare the iJCCUrClCY orva ri olls model s. 

2.3.5.6 Deployment 

This is the last s tep in the process of data mining tasks, and it is in the hands of thc 

da taba se owncr. It consists of planning where and how the discovered knowledge 

wil l be used. The application area in the current domain should be extended to other 

domains w ithin an organ iza tion. A plan to monitor the implementation of the 

di scove red know ledge should be crea ted and the entire project needs to be 

documented. 

2.4 Review olRelated works 

Kim (2000) states that data mining can be applied in any organi za ti on that has large 

collec ti on o f data with keen interest to explore the possibility o f hidden knowledge 

that res ides in the data. 

Owing to ex istence of large data and advancements in technology adoption, however, 

some industries have already made s ignifica nt progress in the appl ication of data 

mining, more wide ly than the others. Exa mples inc lude banking and finonc c, airline 

industries, marketing, medical and insurance . These are some of the most common 

sectors where data mining is widely applied for different purposes such as customer 

ana lys is o r customer relat ionship management (e RM ), Ri sk analys is, predic tions and 

fraud ana lys is . 

39 



As stated by S inghal (200 7), data mining has been effectivcly applicd for IInan c ial 

data analysis where the data mining techniques are lI sed to unde rtake loan payme nt 

and cll stom er credit policy ana lys is in the banking servicc (sllch as c redit awl 

inves tm e nt se rvices). 

Seife rt (2004) states that severa l instances of the application of data mlllln!; 

techniqu es are (ll so emerging ill the banking and finance indll slry and in the 

MicrofinC1nce industries as we ll which is the foclIs ortlle research at baneL In banking 

and lin<lnce. the clata mining techniques arc frequent ly applied to as ~i gn a score to a 

particular customer or prospec t indicating (ile likelihood that the individu:11 1,\ ill 

behave in a particular way (Dass, 2008). Similarly, !'v1icrofinance in stitutions have 

got a w ide appli cat ion of data mining for the various purposes. Accord ing to Oass 

(2008), credit sc oring and customer classi fi ca tion and segmentations are the Illost 

com mon data mining application areas. The fol lowing sections di scuss summary of 

the mos t related works in re lation to the customer relationship management a nd 

financial areas. 

2.4.1 Review of Related works for Customer Relationship 
Management 

A llumber of researches have been conducted lI si ng dirferent data mining too ls and 

techniques on va rio ll s areas w ithin the co untry a nd abroad. In this section the most 

importantly re lated works on application of data mining are reviewed. 

Gashaw (2004) has co nducted data mining research in order to support c ustom er 

In sol ve ncy Prediction at Ethiopian Telecommunication Corporation. His objectivc 

was to build a c lass ification model that can classifY customers as potentially solvent 

or insolvent to support decision making process on the area. On his s tudy hc used the 

ne ural network back propagation algorithm, and iVlATLAB 6.5 neural netwo rk 

toolbox. The mode l accuracy regis tered on the test data set shows 90.74%. The 

researcher recommends that further researches ca n be done for s imil ar area with 

d ifferent variab le sets o r llsing other techniques like dec ision tree to investigate on 
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certain data in the fu ture. In addi tion, he states that da ta mining can be used to dcal 

w ith the pro ble m o f attrition, loss of customer to compctitors. 

To ex ploi t suc h bene fits of do ta mi ning, va rious, rcscarches have bcc n conductcd in 

the application of data mining in financial institutions slIch as banking and finance. 

Asko lc (200 I) has cond ucted a rcscarch on the possible app lication 01" data mining 

tec hno logy in su pporti ng loa n d isbursement ac tivity at Dashcn ba nk S.c., Ethi opi a. 

The objectivc of the research cond ucted by Askalc was to develop a mode l tha t 

supports the loan decision making process that would con tri bllte in alleviating the 

high dc l~lt tlt rate in the company. The resea rch focused 011 developing a class ifi cati on 

model for the customer's repay men t behavi ors (Regula r, Loss or De Faul t) tha t in turn 

could support the credit risk assessment. The research ca me up w ith a predicti ve 

mode l tha t could help predi c t whether a potenti al borrowe r would default or not, 

which further guides in assessing the credit dec ision processes. Hence it was mainly 

based on collec tion data (c red it report) and loan approva l data pe rta ining to the 

indi vidua l bo rrower of the bank for extracting predicto r fea tures fo r the dependent 

c lass ca lled repayment behav iors. The Feat ures ma inly considered include security 

types (building, vehicle, jJe rsona l guarantee, ctc) and collection rela ted altribute:, 

s uc h as tc rm o f repayment, mo nth/date of loa n disbursemen t, as inputs fo r the model 

bu ilding. 

Neura l netwo rk bac k propaga tion algorithm ,vas cmployed For the model ing and the 

researcher conclu des tha t the model, wi th 88% accuracy proved pote ntial 

appl icability o f the data mining in the area o f finan cial institutions. 

The researche r recommends that other data min ing tec hniques such as dec ision tree 

c lass ificat ions wou ld a lso be applied in financial areas to e ffecti ve ly util ize the 

borrowe rs' da ta for supporting loan decis ions with respect to diffe rent plllvoses such 

as customer re la tionship manage ment in addition to credit risk assessments. 

Koyuncugil a nd Ozgulbas (2008), from Turkey, have explored the poss ibility of 

des igning data mining techni ques for finallc ial institutions usin g data obtained by 

means of fi nancia l analyses of ba lance shee ts and income statements of companies 

under Turk ish Ce ntral Bank. They ca me up with a mode l for de tecting fi nancial and 
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operationa l risk indicators o f Sma ll and Mcdium Entc rpr iscs (SMEs).Thc stud y 

foc li sed on creating segmentati on model lIsing dec ision tree algorilhm f'or clIstom er 

pro filing wherc the n", thod of C HA ID (C Hi -Square Automatic Intc rac tion) is 

applicd as de fined in :he scope o f thci r s tudy. They rcportcd that th e dec is ion tree 

app roach usi ng the C IIAID method hcl ped to construc t best mocle l with acce ptablc 

acc uracy tha t cou ld be used to detec t fina nc ia l and o perat iona l ri sk indicators o f 

SJVI Es. A nd the ir recoml1le ndation states thaI fu rther data mi ning researches ca n be 

co nclu cted utili zing th e poten tial ly use fu l eus tOli1Crs' data through ap pli cat ion o f 

di fFeren t cla ssi licatioll techniques such as decision tree and :~ c llr<d network for 

eli ITcrell! mi ning obj ec ti ves. 

A gge lis (2005), at Uni versity of Patm s, Department of Computer Engineering and 

In forma ti cs, Greece, ha s conducted a research on Pred ic ti ve Mode l in Elec troni c 

Bankin g Data. He employed a s tepwise linear regressio n data mining method that 

models a res ponse va lue (daily logi ns) with Pred ictor va riables such as daily Athens 

Stock Marke t Rate (ASMR) and daily Bank Share Va lue (BSV). The resulti ng mode l 

\Vas aimed to help in prediction, decision mak ing and design of the Bailk policy, He 

concludes that the mode l is an acceptable one si nce it registers an acc uracy o f 780/" . 

Aggclis has recolllmended that fu rther re se(l rChC3 cou ld bc madt: to u lInc lip with 

cnh(lllccci pred ictive Illodeb using features that he diJ nut [ollsickr; ~xte rnal sources 

like in!lat ion rate. oil priee und others. Furthermore, he has r~col!lmc nded that 

var ious da ta mining resea rc hes could be conducted to deve lop li se ful model s 

including other features of the banking and finance data such as number o f 

transactions, number of ac t:ve users, and others. 

S iriku lvad ha na (2002), from Swedish Sc hoo l of Eco ilom ics and Business 

A dministration, has conducted research on data mining as financia l audi ting tool 

w ith the obj ec ti ve to dete rmine if data mining too ls ca n direc tly improve audit 

J.lerformance. The data mining emJ.l loyed c lu ste ring analys is 10 develop cl uste r mode. 

The mode l is a imed to assis t auditors to select the samples from some representatives 

of the groups categori zed in the way that they h(l\'c not distingu ished before and the 

obviolls ly different transac tions from normal ones or outliers. A n accounting 

tra nsaction archi ve with vast amount of uatasets \Vas used for the data mining 

process. [n his conclusion he sta tes that there are some inte resting patterns 
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o El se If A is nUllleri ca l Add two new branches corresponding to :!"IU 

tests 1\ ~ t/\ I or /\ > t/\ , 

o Le t Ins tance V; be subse t o f/lls/all ces that ha ve values V; lo r /\ 

jf Ins:ances(v.) is empty then , . 

Below th is new branch, add a lea f node with labcl = most 

COllllllon va lu e o f Decision attribute ill in stances 

else 

Below th is new branch aclclthe sub tree 

DT (Instances (v); Decis ion att ribute; ,\lIributcs-IA Ii , 

Ell d 

End 

End 

End 

End BEGIN 

As indicated in the dec ision tree al gorithm, as to which attribute should come first, 

sec ond, e~::; is clerermineu uy the computati o n result of l he informa tion gain ratio 

obtained at eac h le ve l. At eac h node , attr ibutes are eval uated on lhe basis o f 

separating the c lasses of the (rainin g examples. In formatio n gain ratio functio n is 

used lor the eva lu ati on purpose. 

The informa tion ga in ratio is just a mod i fi calion o f information ga in that reduces the 

e ffect o f allributes with a l a rg~ number of values . According to Yang. ct.al (N . D.) 

Informati on ga in is bia sed towards choosing attributes \-v ith large values whi ch 

creates over tilting (se lec tion of attribute that IS non optimal tor predi ciion). For 

example, if icl of a customer is considered, the icl could have larger number of 

different values than any other attr ibute in the c1atase t as a result o fwhich the entropy 

of split becomes zero and information gai n becomes maximal. Therefore according 

I tA is a randomly selected va lue betwecn the lowcr and upper bOllnd ofa nUlllerical attr ibute A 

1 Repeat the tree ge neration process (with the da ta se t D, In formation gain ratio 
computation for each att ributes, with the early selected atlributes rel11oved) .Thc 
rec ursive partitioning stops when Samples for a g iven node belong to same c lass, o r 
there are no remaining a ttributes or there are no sampl es fo r the branch 
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considered to !.:-:..; most probable becau se they arc values with highest lnuLin i ;11 the 

o ri gi nal ciotase!. 

Most o f the att ri bllte ~;, except those with nllm erie va illes, have got their va ili es mi ss 
, 

spelt that create inconsistencies and noi ses Iltlrness ing the data mining result if used 

direc tly. I-Ience it was crucial to carefully inspect nnd correct the wrongly given 

valu es in all thc datase t. For exa mple, in the co lu mn "G roup type" the re were 

diffe rent ways of inpliited va lues as ·' Indi vidual"., "lndivid ll aIN"," Indi vi cluaIND", 

etc, just to mean th e same value " Indi vidual". In the column "Loan lype", there were 

about 7 v;:niations of inputted va lues only to mea n the sa me thing "J\griclI ltUft,·' . 

S imilarly the dataset had a bulk o r in consi stenc ies ancl no ises in other a tl ri blltes as 

well. Thercfore removing such inconsi stencies and noises by turning the varia tio ns in 

to uniform correct ly spelt wording with the frequent consu ltations of doma in experts 

were the essential tasks performed at thi s s tep. 

Data Trallsformation and Aggrega tion 

Transformations and aggrega tions of the data help to millimize thc va riations of thl! 

att ril"tllf! valucs in some of thc j-ielcl s and also to make results Illon..: ~~leanil1 g flll and 

eas ily inte rpre table . 

The va rying ages we re transformed in to morc aggregated va lues "youn g"," aciult" 

and "old ages" for the di f fercnt age groups determi ned based 0 11 ex peri~nces nllc! 

consultation with the domain experts. Since the dataset doesn't conta in any instance 

w ith age below 17, there was no need to inc lude another category li ke "Childrcn" 

even though Ihis was also logica l and permi ssible categorization for age. · I-rence 

young is considered to be between 18-30, while adult is considered to be betwee n 31-

50 and old age was co nsidered to be those w ith ages 51 and above. 

S im ilarly, to make it easier for d iscussions and interpretations of tl,e result, othcr 

field s like loan size and loa n cycle/statu s were gene,alized in to ca tegorical va lues. 

Loan amount s below 1000 are categori zed as Low, those which a re be twee n 1000 

a nd 10,COO were categori zed as med ium and those loan sizes above 10.000 were 

categorized as high. 
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For thc sa mc reason stated above and also because the research is cha racteri zing 

c ustollle rs with respce t to loa n eyelc/statu s that ha ve direct co nnecti on wit h the 

deg1ee of privilege the cllstomer mn y ha vc, it ~va s necessary t.) turn thc numeric 

va lues of Loan cyc le/statll s in to general categorica l va lu es such as highly privileged , 

moderntely pri vil eged and less privi leged. This was done based on consultat ions w ith 

the domain expert anc! based on the bus iness rule of the organi za ti on. Accordingly, 

va lu es from 1-3 is cons id ered as less privi leged , from 4-8 mode rately Pri vil eged and 

va lu cs with 9 a nd above arc considered to be hi ghly privileged. 

According to the insti tu tions' mlc it is ciefi ned Iha! \Vhen a customer is borrowing for 

large number of cyc les (like 9 and above), he/she wil l be assumed to be hi ghly 

privileged that is ma nifes ted by allowing large r loa n amounts w ith more loan 

frequencies as an incentive. But there is no system o r way o f pred ic ting if a new 

customer may stay bo rrowing loans for large numbe r of cyc les in order to assume 

him/her as highly pri vil eged and a llow him/her more loans with more frequencies. 

I-Ience the data min ing research builds a c lassifi ca tion mode l that hel ps to predict if a 

new customer w il l bc hi ghl y privi leged, moderate ly pri vileged or less pri vileged 

based on other esse nti al factors. 

4.3 RUllni/lg the Experimentations 

Several subseque nt ta sks are pe rfo rm ed in eac h cxperiment ut ilizing the WEKA 

software fo r the mode l building process. Figure 4.2 depicts some of the major task s 

perform""l during the ex perim entation. 
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be best because it shows best accu racy Icve l with a cO lllpro mi sed tree s ize and 

numbe r o f leaves in be tte r way than any o the r expe rimcnt shown . 

4.5148 pruned tree of tlI e predictive '/Ilodel 

As stated earlie r (i n cha pter One) the main o bj ec ti ve (l r bu ilding the c la ss ific ation 

mode l is to come up with a pattern fo r each D.OITOWer s tatu s (high ly pri vil eged , 

moderate ly p ri vileged and less privileged) tha t would he lp in predi c ting the li kely 

s ta tus or a ne w borrower in te rm s o f these features. Di ffercnt cla ss i li cat ion trees have 

been tried out us ing the 148 classifier al go rithm and a classificatio n model with 

re latively best ac curacy and tree size is c hosen in previoll s sec ti on. 

The J48 pruned tree is attached as appendix IV out of which the best rul es shown in 

the preced ing sec tion are selected, The algorithm result shows attributes whi ch a re 

eval uated to be Illuch relevant first , on the externa l indention, where as the inner 

indention shows feature occ ll1Teci as inte rna l c lassificatio n under the g iven attribute 

type in the text representation of the tree, 

In the g"aphi c represenl:ltion of the tree, those atmbu tes which are eva lu a ted to be 

mu ch re:'~van t are indica ted on top wh il e th ose whic h are eva luated le s ~ re levant are 

indi cated down in the tree branching and each ratite from the root node "to a leaf nod e 

correspc ,lds to a rul e for the c lassiticat ion, Fo r the purpose of il lustr'lI:c '.'l most of the 

top branchi ng of the tree and a segment/wing from the dec ision tree mode l are 

prese nter.! be low, 
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For Lhc sa me reason stated abo ve and also bccause the resea rch is charac tcrizing 

custOl'le rs w ith respec t to loan cycl e/status that have direct co nnec ti on wi th the 

deg1ce of pri vilege the customcr may ha ve, it ;vas necessary tt) turn the numeric 

va lu es of Loan cyc le/status in to genera l ca tcgorical va lues such as highly pri vileged, 

moderate ly privileged and less privileged. Thi s was done based on consulta tions with 

the clomain expert and based on the business rlile of the o rgan iza ti on. According ly, 

values from 1-3 is considered as less privil eged, from 4-8 moderately Privi leged a nd 

valucs \Vi th 9 and above arc con sidered to be highly privil eged. 

According to the institutions' rul c it is defined that when a customer is borrowing for 

la rge number o f cyc les ( like 9 and above), he/she will be ass umed to be highl y 

privileged that is ma ni fes ted by a ll owing larger loan amollnts with more loa n 

frequen c ies as an incenti ve. But there is no syste m or way of predicting if a new 

customer may stay borrow ing loans for large number of cyc les in order to assu me 

him/her as hi ghly privileged and a llow him/her more loa ns with more frequenc ies. 

1·le nce the data mining resea rch builds a c lassi fi ca ti on mode l that helps to predi ct if a 

new customer wi ll be hi ghl y priv il eged, mod erate ly pri vileged or less priv ileged 

based on ot her essen ti a l "Icta rs. 

4.3 Running the Experimentatiolls 

Several subsequ ent tasks are perfonned in eac h experim ent utili zing the WEKA 

so /1ware for the model building process. Figure 4.2 dep ic ts some o f th0 major tasks 

per fornk d during the experimentation . 
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In the earl ier secti on, all the preprocess ing acti vi ties per formed 011 the dataset were 

prese nted. Thi s section focuses on prese nt ing summary of the major expe riments 

made in the process o f arri ving a t the .:> ptimal model to achieve the object ive set in 

chap ter One. 

4.3.1 Input data 

Once the necessary data is passed through the preprocess ing act ivities as described in 

the ea rlie r scc tions, it is then loaded to the se lected so lhva re for the model bni lding 

required. The preprocessed data is converted using a spreadsheet progr<llll 1hat i ~ 

suitable for WEKA software. The res ul t of the conversion is Attributc Re lati on File 

FOrlna t (ARfF to rmat) wh ich is then load ed di rect ly by thc WEK A's Explorer. 

4.3.2 Experiments Run 

Series of Experime nts are conducted based on whi ch class ificati on tree models with 

va rying accuracies, sizes and Ilumber of leaves are obtained. 

This sect ion presents several ac ti viti es done related to running and evaluating model 

building experiments, selecting the best and appropriate mode l, and providin g 

explanations on the se lected mode l. 

Fo r bui lding thc c la ss ifica tion mode l, .1 48 c lass ifie r is used. 

4.3.2.1 Experiment One 

In this experiment a class ification tree mode l bu ilding was done us ing 148 C lassifi er. 

A ll the da taset, 9550 instances, with a ll of the pred ictor att ributcs, 13 attribu tes were 

used in this ex periment. The decision tree model find s the thirteen va riabl es to be 

influentia l on the response variab le bOlTower status, with "Loan s ize" bei ng the root 

node o f the tree. Thi s means that loan size that the borrowe r wants/o r borrows is the 

most imp0l1ant facto r to determine the bo rrower's status whether he/s he is highly 

privileged , mod erately privileged or less privileged . 

The results of th is ex perimen t serve as a base for c lass ifier performance up on whic h 

to eva lu ate a ll results of subsequent ex periments conducted with modifications of 

input variables such as modifi cation o f dataset size, incorporation of feature selec tion 

59 



(a utomatic featu re selectio n) or by manua lly se lec ting com binati ons o f ,,'-, per tl y 

selec ted a ttr ibutes, and modification of c la ss ifi e r 's parameters. 

The experiment y ie lds an acc uracy o f 70.92 15'%, 157 leaves and 229 tota l nodes 

(s ize o f the tree). Figure 4.3 is the run informat ion. 

T o:>sr 1 ( .. )<1(> · HI-fold O ·O:;'<;- 'i :-,lid .-, 1)0 11 

= Classi fier-model (full training 5(,1) = 

143 pruned tree 

r-hllf.),~r (If L (>:,H"S 1"' -: 

Time taken to build model: 2.46 seconds 

= Sl.1atified cross-valid3.Lion == 

= Surrnnary = 

('(lll"~r rly Cbssifie..:l llls t:,u('('s I) '7 73 

Ill(,Ol1. 1?(' rly Cl:\o:;sified Ins t.'u\c\?:'> ~ -; -: -: 

Kappa statistic 

Mean absolute e:tTOf 

Roo t mean squared error 

Relative absolute e:twr 

Root relative squared error 

Tot::.: !--lunilier of Instances 

0.368 

0.2567 

03639 

74.0338 % 

873875 % 

9550 

= Detailed Accuracy By Class = 

7 0 ~0::t :' 0 0 

~9 078:' 0 ' 0 

TP Rate FP Rate Precis ion Recall F -Measure CI2.sS 

0.416 0.072 0 .744 U.416 0.53-1 Moderat.e1 yPreviUadged 

0.9]2 0.584 0.707 0.922 0.8 Less Previlledgeci 

0.214 0.013 0.53 1 ,-'.]14 0 .305 HighlyPrevilledged 

= Confbsion IVIatrix = 

;) b l '. - t l:"ls.tifif'd :-IS 

13:!:, 1SO-l :'3 I ;) = I\ II)(I'?l"';) (€'ly Pr€'nlbdgl?(l 

389 :,3 :!O GO I b = L~s PI·€''iilledgl?(:l 

6 7 ~O~ l eS I c~ HighlyP1e'iIl"I ",,1 

Figure 4.3: Result o f ex periment One 

As depic ted in the confus ion matrix (fi g 4.3), the c lass ifie r assigns A,8 and C 

des ignations to the target cl asses according to rhe ir a lph3bets : A fo r iVloderate ly 

Pri vileged , 8 for Less Privileged and C fo r Highl y Privileged c lasses. 
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From the confusion matrix 389 in stances are misc lass ilicd as class A which were 

ac tuall y c lass 13 , GO in stances wcre misc lass ifi ed to c lass C wh ich a rc ac tually c lass 

13 , g iv ing tota l misclass ifi cat ion o f 4 19(389+60) o f c lass B ins ta nces. 

67 instances ancl 404 instan ces of c lass C were misc lass ifieu in to class A and class B 

respec tive ly . However larger num bc r o f m isc lassifi catio ns we re obscrved fo r c lass II. 

in s tanccs; 1804 instanccs and 53 instances o f the c lass A a re m isc lassified as c lass 13 

and class C respecti ve ly, giving to tal o f 1857 m isc lass ifi catio ns o f class II. ins tances. 

Even th ough the result of this experiment seems to be promising as far as accuracy is 

cO llcerncd it is wort h runn ing di fferent experiments with different inpul in order 10 

scc if thcrc coul d bc a bette r model with more acccpt ab le perfo rmance such as 

dec reased s ize(total nodes) in add itio n to improvements in accuracy. Accordi ngly, 

Ex perim ent Two was performed with so me in put modi ficatio ns such as attribu te 

red uctio n whe re the attr ibu tes are se lected based o n the information ga in ca lcula ted 

by the W EKA softwa re. 

4,3,2.2 Experimen t Two 

Th is experimen t is done on the who le da taset with reduced num be r o f attri butes to 

see if the accu racy leve l of the c lass ifie r a nd the comp lex ity of the model wou ld be 

im pro'/ed. 

To sei.,c t somc a ttributes fro m the to tal a ttr ibutes, the whole dataset was loacled to 

the W EKA so nware and afte r choosing SELECT ATT RIBUTE and IN FO Rtvlll. lON 

GA IN eva lua ti o n method, the ra nking o f the attributes is ob taiuecl. H~nee the ra nking 

o f the att ri butes is based on the ir in fo rmation gai n va lue as ca lc u la ted by the so ftware 

fo r each attri bute in dete rm ini ng the c lass labe l. T he at1r ib utes w ith thei r re la tive 

ranking order is given in Figure 4.4 . 
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= Attribute Selection on al l input data-

Search Method 
AtlJibute tanking 

.-\.udJU IE" E, -.lht"Hor t:<>r.,)€'l1i<;e<1. (,h~ (HOlfU.U.1n : 1-1 I3pnowE"l' .,\ I .1tU~) : 

ltLfOI In,'l lion Galll R., .... 1}.l:iJ~ Ftlre-f 

Koule",.! "n'lowes' 
005546 1 II Loc,tion 
0.054952 10 Area 

0.043247 2 Loan Type 
0.0.1259 6 Sedor 

0.032164 3 Sex 
0.029911 
0.025668 
0.025135 
0.00420 1 
0.003274 
0.000997 
o 
o 

4 Age 
8 NO.o fChilciren 
I Grmtp Type 
5 Loan Size 
9 avc 
7 No.ofEmp. 

13 NO.o fFem Emp. 
12 No.ofMaleEmp. 

SelectedatlJibutes: 11,10,2,6,3,4,8,1,5,9,7,13,12: 13 

Figure 4.4 Attr ibutes ranked according to information ga in calcu la ted by 

the WEKA so Ftware. 

The attributes we re li sted dOWll in the order of the ir decreasing information gain as 

ca lc ula ted by the WEKA so ftwa re. The las t two altributes; No. of Ma le Emp. and 

No. of Fem Emp are removed first because both have information gain value O. 

Inc luding or exc luding the third from bottom altributes, that is No.of Emp, does not 

ha ve any inl1uence on the class ifier's performance, \,'hi ch shows that this attribute, as 

wel l, is not significantly re levant predictor altribute with respect to the larget class. 

As a result, thi s experiment considers the first top ranked 10 attributes while the last 

three attributes namely No. of Emp., No. of Fem. Emp and No. of Ma le Emp are 

re moved. 

The mod ification on the number of attributes used brou ght no change on the tree 

built; it resulted in similar accuracy leve l (70.92%), number of leaves (i57) and tree 

s ize (229) wit h Expe riment One. 
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the previous ex perimen t. Hence it is necessary to go for other expcril(lenlS until it 

would be arrived at best resu lt that wil l compromise the red uced tree s ize and 

number of leaves, wi th improved accuracy. 

4.3.2.4 Expedment FO Ul' 

This experimen t IS aga lll perform ed on the whole datase t wit h e ight predictor 

attributes. The attributes are selected based on bo th the WEKA's a ltri bute Glter 

mechani sm and Ihe manual ex pert based attribute selee lion. Once Ihe first s ix top 

ranked att ributes(from figure 4.4) arc taken. Ihe olher two attribules name ly group 

type and loan size arc inc luded arter di scuss ing with the dOllla in ex perts on Ihc 

rel evance of these attributes to be significant ly influential in determining class 

va lues. The run information is given in the tigure 4.6. 

Test mode: I O·fold cross· validation 
~ Classifier model (nul training set) ~ 
J48 pnl!led tree 

Number of Leaves : 113 
II Size ofthelree : 152 

Time takEn to build model: 0.33 seconds 
~ Silatified cross·valicl3tion ~ 
~Summary~ 

Correctly Classified Instances 6761 70.7958 % 

hlCorrectly Classified Instances 2789 29.2042 % 

KapIE statistic 0.3601 

Mean absolute error 0.2647 
Root mean squared enor 0.3659 

Relative absolute error 76.3 167 % 

Root relative squared error 87 .8684 % 

Total Number of Instances 9550 
~Detailed Accuracy By Class ~ 
TP Rate FP Rate Preasion Recall F -Measure Class 

I 
0.393 0.055 0.782 0.393 0.523 ModeratelyPrevilladged 

0.931 0.611 0.699 0.931 0.799 Less Previlled'ged 

0.229 0.0 14 0.517 0.229 0.3 17 Highly Previlledged 

~ Confusion Matrix ~ 
abc <-- dassified as 

12521866 641 a~ ModeratelyPrevilladged 

3335372 64 1 b ~ Less Previlledged 

17445 1371 c~HighlyPrevilledged 

Figure 4 .6: Result of Experiment Four 
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As the run info rmation indica tcs ( in fi gure 4.7), the su mmary and confus ion matrix 

shows that this expe rimen t resultcd in better accuracy wh ich is 78.5445%. Howeve r 

the number of leave and the tree s ize got re lat ive ly larger in thi s case than in the case 

of previolls experiments, Hence a modification on thi s experi ment by cha nging some 

classifier pa rameter improved th e result of the tree size and number of leaves in 

Experi ment s ix. 

4.3.2.6 Experiment Six 

Se tting the J48 confidcnce lactor to O. I 5 (differcnt from the de fault value 0.25) 

he lped to cssentially dec rease the number of tree to 10 7 and thc size of the tree to 

164; hence this one gives the best result among all the experi ments taking the 

compromise between the tree complex ity and the accuracy level. 

Nwnber of Leaves : 107 

Size 0 fthe tge : 164 

COirectlyClassified Instances 
IncOirectly Classi fied Instances 

~ Confusion lIilallix ~ 

a bc <--dassified as 

7497 
2053 

200 91088 851 a ~ModeratelyPrevilIadged 
480 5281 81 b ~ Less Previlledged 
185 207 207 1 c ~ Higfdy Prellilledged 

f'i gu re 4.8: Result of experiment S ix. 

78.5026% 
21.4974% 

From this ex periment wi th c lassifier parameter modified, 7497 instances were 

co rrectly c lassified whereas 2053 in stances moved to the wrong class. S ince it is 

difficu lt to depict all 107 leaves of the tree, only the top three branching of the tree 

and a segmenUw ing [rom the decision tree model is presented below for the purpose 

of illustration. 
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=tJR =8 
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j~ 

Figure 4.9: Segment II·om the dec is ion tree (Graphical Representation) 

Part of the j48 le::>resenlali on o f the dec is ion tree is shown in fi gure 4.1 0. 

~==~========' ---============;===9 
l oan Size <::: 1750 
I l ocat ion = U: le:;s P revi ll edged (1 559 .01301 .0) 
I location::: R . 
I I Loan Twe::: Individual: Less Previlledged ((I 0) 
I I l oan T ~pe::: Consruction: lessP reviliedgeo (4 0) 
I I Loan T)pe::: Business 
I I I Group Type = Individual: lessPreviliedged (0.0) 
I I I Group Type = Sol idnary: less Pre .... ill edged (28 .0) 
I I I Group Type = Comm unity 
I I I I loan Size <= 11 00: Moderately Pre',;II')~1ged (3 . 0) 
J I J I Lo;.~n Sire :> 1·100: less Previlledged (4 .011 .0) 
I J Loan Twe = A{lribusiness: Less Previlledged (374 .012 0) 

Figure 4. 10: Part of J48 decision tree text Representation. 

Part of the dec ision tree shown in figure 4.10 gives examples of how the instances 

we re c lassified based on tlie predictor attr ibu tes. For example, from the fi gure, whi le 

the loa n size is less than or equal to 1750 br. and Locatio n is Urban (U), there wi ll be 
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C lo.nSiz 

<:: 1750 ~ 1750 

/ 
localion } l oan T'r,.e 

/\ 
~' \ // \ 

:: Anricul1u;;- Er:f:rpr.r ~ 

U Mod~ti!£!ty Prl!Ylll' lotaban '34 (J) 

fi gure 4.9: Segment from the dec ision tree (Graphical Representation) 

Part of the j48 ,~presenta ti on of the dec ision tree is sho wn in fi gure 4.1 0. 

rr===============I===='===================9 
LoanSize<= 1750 
1 Location = U: Less Pre~lIedged (1559.01301.m 
1 Location = R . 
I I l oan Type = Individual: less Previlledged ((I 0) 
I I Loan T)pe = Con5iruction: LessP revilledged (4 0) 
1 1 Loan T)pe = Business 
I I J Group Type = Indi'l-iclual: LessPrevilledged lD.O) 
I I I Group Type ~ Solidl.ry: Less P''' >i lledged (28.0) 
I I I Group Type = Community 
I I I I Loan Size <= 11 00: ModeratelyPre\,;lIa~~ged(3 . 0) 
I I I I L Ol~n Size> 11 00: Less Previlledged (4.0n .0) 
I J Loan Type = ~ribusjness: Less Pre ... ·illedge d (374.0f2 0) 

f igure 4.1 0: Pa rt o f 148 dec ision tree text Representation. 

Part of the dec is ion tree shown in fi gure 4 . 10 gives examp les of how the instances 

were c lassified based on the predictor attributes . For example, from the fi gure, while 

the loan size is less than or eqll al to 1750 br. and Location is Urban (U), there wi ll be 
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1559 instances c lassili cd correct ly and 30 1 instances cla ss iliecl inco rreet !y, as Icss 

privileged. 

The numbers appeari ng at the leaves of th e text based tree representat ion indicate the 

support in terms of observa tio ns at the leaves . For instance, the first leaf in the tree, 

" I.oan size<= 175, Locat ion =U", has a Stl pport of a tota l of 1760 rccorc!s o f which 

1559 support the Less privileged classificat ion anc! 301 do not. 

4.4 S UIIlIllWY a/ th e experiments 

Summary of the major experiments are given below. The ex pe ri men ts were 

compared against each other based on parameters such as the number of leaves, size 

of the tree anc! the accuracy of the class ilier. The foll owing tab le gives the summary 

of the comparisons made. 

No. Experim ent Labe l Attributes Accuracy Leaves 

Used Gene rated 

.. 

I Experiment One 14 70 921 5 15 7 

2 Ex perimen t T\Vo 9 
-=,.--.~--

70.921 :' -is:y-----

--
69.6859 3 Experiment Tree 6 42 

.j Experiment Four 8 70 .7958 
~;;----

'-' 

5 Ex periment Five 8 78.5445 176 

6 Experiment Six 8 78.5026 

I 
107 

Table 4.2: Summary of the expe riments 

Size of the treJ 

l~en~ "I~: __ 
1229 i 

I::' ---=1 
152 

-1--=:-,-----
274 

From Table 4.2, the sixth ex periment, wh ich is a moditica tion of experiment five as 

stated earlie r, shows best resu lt among a ll the differen t experiment s ru n. It is founel to 
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Figure 4. 11 The decision tree. 

The dec isiun tree illustrated in fi gu re 4. 11 ~o l1 '.eys informat ion about the rel evant 

att ri butes wit h g iven values in the order they were checked . 

As it cn n be observed from the trce, there are numerous pattern s generated in the way 

the classifier trained to classify the instances . Only some of the patterns are 

considered to produce the best rules class predict ion of instances for the purpose of 

s imp li city. 

4.6 Best Rules Generated 

Basical ly all the patterns observed in the c lassifier training can help to generate 

possible rules to be used fo r c lass predict ion. But for the sake of simp lic ity and 

manageab il ity, on ly those patterns with large number of instances correctly class ified 

were assumed to generate the best rules and these rules'are given below. 
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Rule II I 

IF Loan Size <= 1750, Location = R, Loan Type = Agrib'.lsiness: 

THEN Less Privi leged = (374.012.0) 

Rule #2 

IF Loan Sizc <= 1750, Location = R, Area = A: 

T I-I EN Less Pri vileged = (2766.0/53 2.0) 

Rule 113 

IF Loan Size> 1,400 AND Loan Size <= 1,750, Location = R, Loan Type = 

Agricullme, Area = N, Group Type = Soliditary: 

THEN Less Privil eged = (1 50.0/32.0) 

Rule #4 

IF Loan Size <= 1700, Location = R, Loan Type = Agriculture, Area = N, Group 

Type = Community, Sex = Female: 

THEN Moderately Privileged = (157.0/26.0) 

Rille #5 

IF Loan Size <= 1500, Sector = Trad~ THEN Less Privileged= (1 76.0/4.0) 

Rille #6 

IF Loan Si ze <= 1750, Sector = Agricu ltu re, Group Type = Community: 

THEN Moderately Privil eged= (336.0120.0) 

Rule #7 

IF Loan Size> 1750 AND Loan Size<=7500, Loan Type = Individual , 

THEN Less Pri vileged =(173012 1.0) 

Rille 118 

IF Loan Size> 1750, Loan Type = Construction, Locatio n = U: 

THEN Less Privileged= (475 .011 16.0) 

Rule 119 

IF Loan Size> 1750, Loan Type = Business: 

THEN Moderately Privileged (1 85.0/34.0) 

71 



Hu le # 10 

IF Loan S ize > 1750 I\ND Loa n Size <= 2500, Loan Type = Agriculture, Area = A, 

Location = U, Sex = Ma le, Group Type = Commu nity: 

TH EN Highly Pri vileged = (58.0/1 6.0) 

Rule # 11 

If< Loan Size> 1900 AND Loan Size <= 2500:, Loan Type = Agri cul tu re, 1\ rca = 1\, 

Location = R, Group Type = Comm unity, 

THE N I.ess Pri vi leged = (43 3.0/ 181.0) 

Rule # 12 

I F Loan Size> 2500, Loan Type = Agriculture, Area = A, Loca ti on = R. Group Type 

::::: Community, Age = Adult: 

THEN Moderate ly Privileged= (100.0/50.0) 

Rule# 13 

IF Loan Size> 2500, Loan Type = Individua l, Area = N Location = R 

THEN Mode rately Privileged= (440.0/86 .0) 

Rule # 14 

IF Loan Size > 2500, Loe" Type = Individua l, Area = N Location = R 

THEN Moderately Privi ieged =(210 .017.0) 

Rul e # 15 

IF Loan Size > 2500, Loan Type= Agriculture, Arca = 1\, Sex = iVla ie, Scc tor "~ 

Agri culture, Loca tion = R: 

THEN Hi ghly Priv ileged= (207.0172.0) 

Rule #16 

IF Loan Size > 2500, Loan Type= Agriculture, Area = 1\ Sex = Fema le, Loca tion = 

R: T HEN Moderate ly Privileged= (108.0/28.0) 

As dep icted in the above rules geilerated from the tree bu ilt, the expe rimentation 

he lped to get teature which characte rize customers which ar,; highly pri vil e.ged, 

modera te ly pri vil eged and less pri vileged. These rules will help to pred ict anew 

c ustomer to whi ch class label helshe may be g rouped. 
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Fo r example if a new customer is requesti ng for Loan s ize less o r equa l to 1750, and 

if he/she is from Rura i location and Loan Type is Agribus iness, then he/she is highly 

regarded as a custome r o f type less privi leged (as de fin ed in Ru le I) mea ning he/she 

wil l not probably haH)e n to usc loa n se rvice repepted ly fo r pro longed period of ti me 

the n he/she is not amo ng the custom er g roups to be given high pri vilege fo r large 

10(1 n or for high frequency loan service. 

Th ere are also rules that help to ex trac t fea ture tha t characterizes th e group o f 

clI stomers to be regarded as high ly privileged. For example i f a new customer is 

rcqu esting fo r Loa n Size > 2500, I'rom Loan Type of f\ gric ul ture, comes from Area 

D evelopment, Sex is ~ll a l c) engaged in Sec tor of Agricul ture, and Loccllion is Rura l 

then he wil l be cons idered as Highly Pri vil eged group (as de fi ned in Ru le 5) as a 

resuit o f w hich he/she could be g iven privil ege for increased loan amount and more 

frequenc ies as he/she may request. 

As stated in sec lion 2.2. 3.2, except fo r the loa n cyc le 1-3 where the borrower is 

a llowed to maximum of fi xed amoun ts determ ined by the o rgan izat ion policy 

accorning to their group type, the max imum amount allowed will increase as the 

c us tomer comes to the insti tu tion for increased loan cycle. Fifty perce nt inc rement 

could be granted whc n th e customer uses the loan se rvice from 4-6 cyc les a llLl 1000;., 

increment on his/her prev ious loa n amonnt could be allowed w hen the cus lomer uses 

for loan cycles 7 and al:o vc. In the current system) these increased loan amounts 

could be a llowed only whe n it is observed that the customer has used the loan service 

up to the loa n cyc les required. The refo re rules generated cou ld be used to pi ed ic t, in 

ad vance, the borrowers' status which is equi valent to the loa n cyc les range as 

described by the ru le o f the o rga ni zation. In accordance with the predi c ted borrower 

sta tus the organization could grant im proved loa n sizes even though the bo rrower is 

us ing the loa n service fo r the fi rst time in order to imp rove the cusiome r sa ti s faction 

a nd loya lty. For examp le, a bo rrowe r pred icted as " less pri vileged" would be granted 

loan size to the maximum per the organization's rule for ini tia l customers withou t as 

such any percentage increment. If a borrowe r is . p red ic ted as "moderate ly 

pri vil eged", he/she may be granted ma ximum loan size of 50% increment on the 

amount determi ned fo r norma l in itia l customers wh ile I 00% increment could be 

a llowed for those customers predi cted as " highly privileged" . 
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Thi s would significantly improve the cli stomcr relatior. .:i hip managemcnt in thc 

orga ni zat ion. The att cillpt to predic t the bo rrowers' status using thi s Illodc l wo uld 

improvc the customer satisfac tion a Ill] loyalty strengthening the company's 

c(.!npclili ve ad vantage as wel l. 

4. 7 Discllssioll I/llferpretatioll of th e model 

The con fusion tree Iluli rix and sUlllma ry informat ion displayed prov ides important 

informat ion which is an indicator fe r the class ifier performance. These types o f 

informat ion we rc presented in the results () f each experi mcnt (IS shown prev iousl y. III 

all the ex perimenta ti ons conduc ted, a 10 I'old cross va lida tion was set io r th0 

c lass ifi er 's performa nce testing in the Illodel building sta ge, as a lso stated in secti on 

3.2.3. 

A confusion matrix is probably good indi cator to re fl ect how good or bad the Illodel 

is. It not only shows how we ll the mode l pred ic ts, but a lso presents the deta ds 

nceded to see exactly where things may ha ve gone wrong. It shows instances tha t 

were correctly class ified, and wrongly classifier! LInder another, for each class. The 

confus ion matri x of the trcc mode l used is prese nted in Table 4 .3. 

,.----- . 
Prcd icted Percentage 

Actual Modera te ly Less Hi ghly -- Tota l o f Accurate 

Pri vi leged Privileged Pri vileged predictio n 

Moderate ly 

Privileged 2009 1088 85 3182 63. 13 

Less 

Pri vileged 480 5281 8 5769 91.54 

Highly 185 207 207 599 34.56 

Pri vileged 

Tota l 2489 6576 300 9550 

Table 4.3 Confusion matrix of experiment S ix 
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Table 4.3 slllllmarizes the COlTccl class ifi cat ion and incorrec t classifica tion s in CClch 

c lass labels for the tree model built in experimem six. According to the con fu s ion 

matrix, amon g the 3182 instanccs whi ch are ;.c tually defined to be modcrate ly 

priv il eged, 2009 of them a re corrcctly class ified while the res t instances were 

mi sc la ss ilied ; 1088 in to less pri vileged cl ass and the rest 85 in to a class hi ghly 

privileged. Pcrccntage of the correct c lass ilicat ions for this cla ss in stances is 63.13. 

Among the 5769 instances which are acttl~l!y regarded as less privilege. 5281 of 

thcm were co rrectly class ifi ed whi le the res t arc misclassified; 480 in to class labe l 

1110dera tely privileged and only 8 in to the cla ss labe l highly privileged. Hi ghest 

percentage of the con ect c lassification was obselyed fo r the instance o f these c lass 

va lues where the percenta ge is 94.54. 

Al110ng the 599 instances whi ch are actua liy conside red to be high ly privileged class, 

207 o f them we re correctly c lassilied whil e the rest 185 and 207 numbers of 

instances were incorrec tl y c lassi fi ed as moderately pri vi leged and less privileged 

rcspec ti vely. Perce nta ge of the correc t c la ss ificati ons of instances of thi s c lass is 

34.56. 

The overall accu racy is obtained from the percentage of thc total correct 

classifications (2009+528 1 +207) to the tota l data.'et provided to Ihe software 

(955 0) .This gives 78.5026% which is found to be best valu e among all the 

ex periments conducted . The patterns of the decis ion tree produced in th is experiment 

are supported by ex perts on the area too. Th is accuracy leve l could be improved if 

more dataset than the cu rrent one could be obtained or if o ther c1assitication 

techniques such as neura l network or Bayes ian network could be employed. Eve n 

tho ugh the 148 dec ision tree algorithm might be chosen for gene rating eas il y 

understandable rules alld for its effi ciency in time, it processes the features ollly one 

by one that would harness the accuracy levels according to Aires, eLa l (2009). 

The use o f a prede fi ned ta rget classes fo r reaSOnS of time and other co nstra ints alld as 

" lact of the object ive preset, could have an im pac t on the acc uracy leve l regi stered; 

,\ loore, eLal (N.D) states that predefi ncd cla ss obta ined with a g iven dataset may 
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consi s t or records witli some what c la ss imbalance that would negativcly affect the 

accuracy level of the mode l. 

The researcher a lso believes that a combinatio n, of diffe rent tech ni ques emp loyed 

co uld improve the accuracy of the model developed in the current research. Dav ies, 

e l.al (2007) supports this idea s tating that, by select ing d ifferent c lass ifiers ilt 

different class nodes. it tends to work better than llsing the same c1(1ssificr at each 

node. 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATION 

5.1 COJlclllSirJll 

As computers and information cOllllllunication technologies proliferate, there is an 

increasing flood or data in org:lllila ti ons tl1,lt engaged in variolb ~crtors . Business. 

health, bank ing and finances, insura nce, are some o f ihc va riolls sec tors that 

continually co llect, store and process large amount \)f' data about customers, 

transac ti ons, or operations. Hence it is obviou> that large quantities of diffe rent data 

ex ist in organi zations especially where such too ls as computers and other di gital 

tech nologies are properly put in place. 

The availabili ty of such large amounts of uata by itse lf do% not imply "ffic ient and 

effective exp loita ti on of the data to ge t the maximum benefi t the organizarion 

aspires. Advanced tools ~lI1d techniques are recentl y i~: C ) 111111011 practi c!? to c nhnllcc 

the uti li za tion of exist ing large quantities of datJ. ~ast hi:;tor:c data, i l l tll ll.l i il~. it to 

morc mean ingful information ll sed for decision making Data mini;lg tcc hllo]ng) i ~l 

sti ch example wh ich tilters out certain implicit fea ture/patt(..rn fro Jl1 \fast Hlll()ulll or 
data. 

The aim of toe research was to invest iga te Ihe potentia l ~pp l i ci1tion of dat.~ milling 

tools and tech niques to support cClstomer rela tionship Jl1 3nagement at WISDOM 

micro tinance . The necessary data '''15 obtained ti·om the WISDOM microfinance 

head office on a sca ttered excel sheets which ,ota lly aJl1 0un ted to a dataset of 971 5. 

The necessa ry preprocessing activit ies were appl ied on the datase t after which 9550 

data was prepared fo r the experim entation. Classification model building \VJS 

ex perimented wit h J48 algorithm of the WEKJI. l-ersion J.7 .0 too l. Accordingly, six 

experimen ts were made with different parameters changed such ns attributes and 

classifier parameter. Finally the last ex periment conducted with selected attribute on 
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the full data se t ano c lassific r co nfidcnce " ,c tor ; et to 0.15 was chosen si nce it 

resu lted in bes t accura cy (78.502%) and be tter llumber of leaves and tree size. 

According to this expe rimentations the attributes loa n type, loan size, locati on ,group 

type, area, sec tor, sex, and age arc fou nd to be releva.'lt predictors fo r the target 

class borrower statu s. 

The characte ri zati on o f bo rrower status was done based on th e decision tree obtained 

from the selec ted experimen t. l ienee mos t important rules we re gcnemtcd Crom the 

tree that characteri zes the borrowers that hill under a status "highly pri \' i1 c~('d", 

"moderately privileged" and "less privileged", These characterizations or patterns 

w ill help the organization to predict the likely status of the borrower bcCo re loa n 

d isbursement. Fo r example if the information about the borrower matc hes wi th the 

fea tures extrac ted in Rule I I or Rule 16, the borrower is likely " highly pri vil eged" 

category hence he/she may be g iven large loa n amou nts with freq uencies as he/she 

request. 

From the results of the experiments it can be concluded that the data lllinll1g tools 

a nd techn iques especia lly classificatio n :::chmques ca n be eftect;velY appli cd on the 

!l1icro financc: sac inl data in order to gel1f::rate pred icti ve 1I10df~ ls with an Jcceplable 

leve l of accurac)'. 

However, since the quality and size of dataset lI sed, in addition to the mining tuo ls 

and techn iques are vita l factors for ll1C modeling per!orm'lIlcc. an increased Size in 

the dataset (w ith increased fea tures) could resu lt in an improved mode ling. lI' there 

were integrated ways of data handl ing system in the organ ;zati ol1 that could have 

made all da ta regarding the customer ava il able in a manageable and easi ly accessible 

way, it could have e nabled the reseCtrch tf) make use of Lnger data with more 

attributes than those lI sed in this study. Because of time and other constrain ts, the 

model bu ilding experi mentation is based on just a decision tree uata mining 

tec hni que but it is the resea rcher' , belie f that it woul:J have resulted in improved 

accuracy i f other techniques wer~ aiso utili zed. HenCe! following section presents 

so me recommendations made based on the result of the reseaec fl. 
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5.2 RecolllmendatiollS 

Even though the in vestigati on undertaken is mainly for academic purpose, it will 

hn vc pa ram ount contribution for the orgdnization ·and fo r other researchers interested 

in s im ilar arca. It has revea led thc pote nti al appl icab il ity of the data minin g 

tcc hnology to classi fy borrowe rs in to di ffe rcnt c lass labels that will he lp to im prove 

the cus tomer re lationship management in the orgilnizat ion. In the view of the 

research undertaken the fo llowing rec ommendati ons arc forwarded to be considered 

by the organ iza tion and other in te rested researchers [IS we ll. 

, The microtinance insti tution shou ld attempt to deve lop an integrated cia ln 

wa rehouse that mainly consists of the clistomer oriented data sources. This 

enhances the handling of integrated, coherent and voluminous data sources 

encouraging fu rther researches in the area. 

>- W ith the a id of suc h custome r c lass ifica ti on attempts the mic rotinance 

institu tion should consider what importa nt customer relationship management 

s tra tegies need to be deve lopcd fo r sustaina ble customer loya lty and for the 

company's competitive advantage as \Vc ll. 

>- The model building has just foc lt scd on the datase t of social data. Therefure 

further data mi ning researc hes ca n be conducted by combining the variolls 

data ava ilable in the organi zati on sLi ch as co llec ti on, disburse ment and 

financi al dn la in search of a be tter model ing technique for a larger da taset and 

larger fea tures . 

> A separate body, di ffere nt from the cle rk workers and accountants, need to be 

ass igned in order to deal with loan approval and diffe rent customer 

complaints. 

>- T he compa ny should consider what important customer re lationship 

management stra teg ies could be app lied based on the result of the research in 

add itio n to increased loan s izes and inc reased frequenc ies. Based on thc result 

of the modeling, predic ting who would churn after first felV loan cyc le (after 

first, second o r thi rd) or who would usc the loan selvice fo r prolonged time, 

the company should identi fy some potentia l programs and offers that would 

entice the borrower to stay. 
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, Differcnt class ifi cat ion algorithms such as Ncu ral network and l3ay, 's i"n 

nctwork s(or combinations of any of the techniques) can be cmpfoyecl for 

customcr classification by cliffe rcnt rcscarchers to see if it cou ld result in a 

di fferent , impro"ecl , mocl e l for the mi crotina nce institution to help improve 

its customer relationship management. 

> It is al so the belicfofthe researcher that other data mining techniques slich as 

cl ustering techniques would be potential furt her resea rch to tnvestigate if the 

clustering techniques could result in a betler way of clI stomer segmentation to 

be used lor improving the CR['v! of \Vi Sc!OIll micro fimlilcc. 
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Appendix I 
A snapshot of the dataset used 

No,of No.of 
Loan 
Size Sector 

No.of INo.of I Male Fern , 
lErna, Children OVC Area Loc. Erne. Ernp, I Borrower status 

Ilnd iVidua l 
Individual 

15000 Trade 

I J~i,./jdlJ~' __ I'n r:!:"':i(!U81 IF ern:;l >? 1 .J!. '~lJl t 4000 1Trad E-
Indivi dual l lndivi dual IFernale I,A,dult 1S000 ITrade 

,
--_ .. 

Solid itarv Agriculture 
In dividual Individual 
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Descriptions for some of the attributes and abbreviated values 
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'ately Previ liadged 
,tely Previliadged 

No.Of Emp,: Number of Employee(the borrower has) Area : A(borrower is from Area Development Program of the world vision) 
No,of Children: Number of children of the borrower N(borrower is not from Area Development Program of the world vision) 
OVe: Orphan Volunteer Children Location:R(Rurl),U(Urban), S(Semi-Rural) 

(Orphans that the borrower takes after volunteerly) No.Of Male: Number of Male Employee 
No.Of Female: Number of Female Employee 



Appendix I 
A snapshot of the dataset used -

No.of No.of 
Loan No.of No.of Male~· Fern. Group Type Loan Type Sex Aqe Size Sector Emp. Children OVC Area Loc . Emp. Emp. Borrower status Individual Individual Male Old Aqe 15000 Trade 0 8 OA U 0 o Moderately Previlladqed Individual Individual Male Younq 15000 Trade 0 0 OA U 0 o Moderately Previl ladqed c Individual Indivdua! Femal e ' Younq 3000 Trade 1 1 . ON U 0 o Less Previlledqed . Inci·,,·idlJ~1 IIf"t t~;'"ddlJ:;;J F ern:;le ,ndult AOOO Tr8ce I 1 3 DN U 0 o Le ss Previ lledqed 

-----
Individu,1 Individual Female .A.dult 15000 Trade 3 0 ON U 1 2 Moderately Previl ladged Soliditarv Aqriculture Female Adult 1500 AqriculturE 0 3 OA R 0 o Highly Previlledged Individual Individual lvIale Old Age 15000 Trade 0 8 OA U 0 o Moderately Previlladqed Ind ivi dual Individual Male Younq 15000 Trade 0 0 OA U 0 o Moderately Previlladqed Individual Individual Female Adult 7500 Trade 0 2 OA U 0 o Le ss Previlledged lildivid ual Individual lvIa le Old Aqe 15000 Trade 0 4 OA U 0 o lvIoderatelv Previlladqed Individual Individual Female Old Age 6000 Trade 0 5 OA U 0 o HighlV Previlledged Community Agriculture Female Adult 1500 AqriculturE 0 1 1A R 0 o Le ss Previlledqed • Communitv Agriculture Male Adult 2500 AqriculturE 0 6 OA R 0 o Highlv Previlledqed Communit v Agriculture Female Adult 1750 AqriculturE 0 3 3A R 0 o Le ss Previlledqed Community Agriculture Female Old Age 1750 Agriculture 0 3 3A R 0 o Less Previlledqed Individual Individual lvIale Adu lt 5000 Trade B 0 ON U 8 o Le ss Previlledqed Community Aqriculture Female Young 1500 Aqri cu It u re 0 5 5A R 0 o Less Previlledqed Community .A.qriculture Female Adult 1750 Aqricultu rE 0 5 5A R 0 o Less Previ lledqed Cornmunitv Aqriculture Female Adult 1750 Aqricultu rE 0 5 5A R 0 o Less Previlledqed .Soliditary Agriculture Female Old Aqe 2700 AqriculturE 0 8 8N R 0 o Moderately Previlladqed Soliditarv Aqriculture Female Adult 3000 AgriculturE 0 4 OA S • 0 o lvIoderately Previlladqed Soliditarv Aqriculture Female Adult 1750 Aqriculture ' 0 7 OA S 0 o Moderatelv Previlladqed Soliditarv Aqricult ure Male Adult 3000 Aqriculture 0 3 OA S 0 o Moderatel v Previlladqed Soliditarv Agriculture Female Young 3000 Agricultur 0 0 OA S 0 o lvIoderately Previ lladqed Individual Indivi dual Female Younq 5000 Trade 1 1 ON U 1 o Le ss Previ lledged Ind ividual Individual Female Adult 5000 Trade 1 1 ON U 1 o Le ss Previlledqed Individ ual Individual Male Adult 7500 Service 2 0 OA U 2 o Less Previ lledged Cornrnunitv Aqri cu ltu re Ivl ale Adult 3000 Aqricultur 0 7 OA R 0 o Hiqhly Previll edqed Community Ag ri cu lture Male Adult 3000 Aqricultur 0 1 OA R 0 o HiqhlV Previlledqed Individual Individual Male Adult 15000 Constructi 2 4 ON U 2 o lvIoderatelv Previlladqed Individual Individual Male Old Age 10000 Trade 2 8 ON U 2 o lvIoderatelv Previ lladged A snapshot of the dataset used 

Descriptions for some of the attributes and abbreviated values 
No.Of Emp.: NlUnber of Employee(the borrower has) Area: A(borrower is from Area Development Program of the world vision) No.of Children: NlUnber of children of the borrower N(borrower is not from Area Development Program of the world vision) ave: Orphan Volunteer Children . Location:R(Rurl),U(Urban), S(Semi-RuraJ) (OrnhC:lns thM th p hnl·'·...-n" ..... . : +" l .,, - ~r, - -
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APPENDIX l! 

Interview Guide for the senior officials of th e WMFI 

I. I-low is legibi lity 01· an applicant for loan se rvice approved a t the 

organizat ion? 

2. Is there any mechanism for the organ izJtioll to measure ctl stom er's loyalty 

(repeated use)" 

3. Is there any spec ial incentive mechani slll in sllpport of the customer's loya lty 

concept (repeated usage of a service)? 1 f so, how are a customer's repeated 

usage ensured? And how Illuch repea ted use of the loan service will 

detennine to en title a custo mer as loya l and hence highly privi leged o r less 

pri vilege otherwise. 

4. What automati on efforts are there, on process, or planned for, in the 

orga niza tion which you think will facilitate the loan service? 

3. [s there any effort ( or plan) to deve lop an in tegrated, coherent and re li ab lc 

cllstomer data sources? 

6. \Vhat is the view of the organizat ion t"o\va rcl s;l, premise that says "customer 's 

loya lty (repeateel use of a service) hi ghly depe nds on the quality they were 

offered in their first approac h to the bus ines" enterpri se"'? If you agree how 

YO LI do entertain a newly approach ing customer w ho mayor may not be 

genuine (loya l) long term c lI stome r for the on~a l1ization? 

; 
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APPENDIX 11/ 

interview Gu ide for the Clerk IAccoun tants o f the WMF I 

I. \Vhat lypes of information about a borrower clo you register when lhe person 

is granted a loan {-or the fi rst ti me'! 

2 . \N hn l relevant information do YOll keep track ot: about a borrower when 

he/she is gran tedlhe 10<1n lor a repealed ti me? 

3_ Wo uld you pl ease cxpla in Ihe mea n ings anel roles 01- Ihe eli lTercnl lCo lmcs 

(oll ribules) in the soc ia l data (recordsr' 

4_ How are the amounts of loa n and frcquencies I-o r the d iffe re nt customers 

de te rm ined? Can a customer get any amount o f loan in any ti-equency as they 

request or are the re any requ ireme nts the bOlTowcr need to full fill in order to 

ge t the loan se rvice as they need? 

5_ Is the re any kind of incenti ve pro vided for thc customers who used the loan 

servi ce for repea ted, large llumber o f loan cyc les? If so, what are the 

incentives ill lxhani sms'? 

G. H ow does the organization go abol.lt- it, i f certa in borrower (groLip of' 

borrowe rs) a fter being o [t~red the larges t I O~lI1 size does!J'~ come again for 

repeated loan or even for re pay of the loan they were granted? 

7_ O n the other ha nd, how does the o rganizatio n go about it , il' certa in bo rrower 

(G ro up of borrowers) a ncr be ing proh ib ited the large loan size they request, 

goes to othe r competi tors (m icr:, fi nances) and p roves hi s I her loya lty by 

repeated use a t the competitors marke t? 

( In short is there any model/pa tte rn that -he lps in predi cti ng whe ther a 

custo mer bOlTow ing the loa n for a s ing le ins ta nce o r may continu e 

repea ted ly borro wingy> 
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8. Whdt arc the roles! pLlrposes or the da ta the orga ni za ti on co llects regard ing 

the bo rrowe rs (especia ll y those stored as soc ial data)'! Is it used, so till', fo r 
any pu rpose related to customer re lat ionship management? If so how?, 

9. Is there any automated mechanism to utili ze the clata ror slich purpose as 
improving customer's rela ti onship'? 

10, What facto rs essentia ll y makes loan se rvice of"m icro li nances dif"f"erent 
from tlwt of banking and other financial inst itutiolls?(lJocs the dilTcrcl1cc lie 

on perm itteelloan si zes" Type of"borro\Ver -granteeilor Ihe loan serv ice" 

Capilalor Ihe instilu lion" or olher if"any" 
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APPENDIX IV 

.148 pruned tree 

Loan Size <= 1750 

I Location = U: Less Privileged (1559.01301.0) 

I Locat ion = R 

I I Loan Type = Ind ividual : Less Pri vileged (0.0) 

I I Loan Type = Constl1lcrion: Less Privileged (4.0) 

I I Loa n Type = Bus iness 

! 1 1 Group Type = Individual: Lcs ~: Pri vikgeu ~tl :1) 

I I I G roup Type = Soliclitary: Less Privileged (28 lJ) 

I I I Group Type = Comm un ity 

I I I I Loa n Size <= 1100: Modera te ly Privileged (3 .0) 

I I I I Loan Size> 1100: Less Prj'/ ilegeci (4.011 .0) 

I I Loa n Type = Agribusi ness: Less Pri vi leged (374.0/2. 0) 

I I Loan Type = Agri cul ture 

I I I Area = A: Less Privil eged (2766.0/532.0) 
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I II i\rca = N 

I I I Group Type = Ind ividual: Less Pri vileged (0.0) 

I I I Group Type = Soli ditary 

I I I I I Loan Size <= 1700 

I I I I I I Sector = Tmde: Less Privileged (0.0) 

I I I I I Sec tor = Co nstruction 

I I I I I I Loan Size <= 1400: Moderate ly Privi leged (2.0) 

I I I I I I Loan Size > 1400: Less Privi leged (12 .0/2.0) 

I I I I Sector = Serv ice: Less Privil eged (0.0) 

I I I Sector = Industry: Less Pri vil eged (51.0) 

I I I I Sector = Agriculture 

I I I I I I I Loa n Size <= 1400 

I I I I I I I I Loan Size <= 1250 

I I I I I I I I I Sex = Male 

I I I I I I I I I I Loan Size <= I 100: Moderately Pri vil eged (11.0/4.0) 

I I I I I I I I I I Loan Size> 1100: Less Privileged (7.0/1.0) 

I I I I I I I I I Sex = f ema le 
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I I I I I I I I I I Loan Size <= 1050 Less Pri vil eged (44.0/18.0) 

I I I I I I I I I I Loan Size > 11:50: Moderate ly Privi leged (15.0/4.0) 

I I I I I I I I Loan Size > 1250: Moderalely Pri vileged (18.0/4.0) 

I I I I I I I Loa n Si ze> 1400 

I I I I I I I I L.oan Size <= 1500: Less Privileged ( 150.0/320) 

I I I I I I I I L.oan Size > 1500 

I I I I I I I I I Sex = Ma le L.ess Pri vileged (4.0) 

I I I I I I I I I Sex = Female: Moderately Privileged ( 10.011.0) 

I I I I I I Sector = Ind ividual: Less Pri vileg~cI (0.0) 

I I I I I I Sector = Agribusiness: Less Pri vi leged (0.0) 

II II I Sector = l3usiness: L.ess Pri vi leged (0.0) 

I I I I I L.oan Size > 1700: L.ess Pri vileged (54.0) 

I I I I Group Type = Commun ity 

I I I I I L.oan Size <= 1700 

I I I I I I Sex = Male 

I I I I I I I Sector = Trade: Less Privileged (0 .0) 

I I I I I I I Sector = Constl1leti on: Moderately Priv ileged (3.0) 
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I I I I I I I Sec tor ~ Service: Less Pri vil eged (0.0) 

I I I I I I I Sec t0r ~ Industry: Less Pri vileged (0 .0) 

I I I I I I I Sector ~ Agri culture 

I I I I I I I I Loa n S ize <~ 1200 

I I I I I I I I I /\ ge = Old Age: ~Ioder"te l )' Privileged (0.0) 

I I I I I I I I Age ~ Young: Mode rately Privileged (5.0) 

I I I I I I I I I Age = Adul t: Less Pri vileged (4.0/ 1.0) 

I I I I I I I I Loan Size> 1200: Less Pri vileged (46 .0/1 6.0) 

I I I I I I I Sector = Indi vidu al: Less Pri vil eged (0 .0) 

i I I I I I Sector ~ Agribusiness: l.ese. Pri vil eged (0.0) 

I I I I I I I Sector = Business : Less Privileged (0.0) 

I I I I I I Sex = f ema le: Moderately Pri v ileged ( 1570/26.0) 

I I I I I Loa n Size > 1700: Less Pri vileged (38.0/8 .0) 

I I Loan Type = Enterpri se : Less Privil eged (0 .0) 

I Location = S 

I I Sec tor = Trade 

I I I Loan S ize <~ 1500: Less Privileged (176 .0/4.0) 
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I I I Loan S ize> 1500 

I I I I Group Type = Individual : Moderately Privileged (0.0) 

I I I I Group Type = SoliditalY: Less Pri vi leged (4.011.0) 

I I I I Group Type = CO llllllunity: Moderate ly I'ri " il cgcd ( 15.0) 

I I Sec tor = ('onstructi o n: Lc,s Pri vileged ( 1-l. 013.01 

I I Sec tor C~ Service: Moderately Pri vileged (O.Oi 

I I Sec tor = lndustry: Moderate ly Pri vi leged (0.0) 

I I Sector = Agriculture 

I I I Group Type = Indi vidual: Less Pri vileged (1 .0) 

I I I Group Type = So liditary: I~ess Pri vileged (13.0r:.O) 

I I I G roup Type = COlll lllu nity: Moderately Pri vil eged (336.0/20.0) 

I I Sec tor = Indi vidual: Moderately Pri vileged (0.0) 

I I Sec tor = Agribus iness: Modera tely Privil eged (13 .0) 

I I Sector = Business: Hi ghly Privileged (2.0) 

Loan S ize> 1750 

I Loan Type = Indi vidual ' 

I I Loa n Size <= 7500: Less Pri vileged (173.0/21.0) 
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I I Loan S ize > 7500 

I I I Loan S ize <= 10000 

I I I I Sex = Male: Moderately Privil eged (27.0/8.0) 

I I I I Sex = Female 

I I I I I Area = }\: Moderate ly Privileged (8 .013 .0) 

I I I I I Area = N: Less Privil eged (20.015.0) 

I I I Loan Size > 10000: Mode rately Pri vileged (25.0) 

I Loan Type = Constru ction 

I Location = U: Less Privi leged (475.011 16.0) 

I I Location = R: Less Privileged (23.0/1 .0) 

I I Location = S 

I I I Loan Size <= 2750: Less Pri vileged (I G.O!] 0) 

I I I Loa n Size> 2750: Mode rately Pri vil eged (24.0/6.0) 

I Loan Type = Bus iness: Moderately Privi leged (185.0/34.0) 

I Loan Type = Agribu si ness 

I I Location = U: Modenite ly Pri vileged (12.0) 

I I Locat ion = R 
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I I I Group Type = Indi vidua l: Less Privileged (0.0) 

I I I Grou p Type = So lid itary: l.ess Pri vileged (9.0) 

I I I Group Type = Community 

I I I I ,\rea = A: Moderately Privileged (9.0) 

I I I I ,\rea = N 

III II LoanSize <= 2100:Less PrivilcgeJ(7.0) 

I I I I I Loan Size> 2 100: Moderately Pri vileged (5. 0) 

I I Locat ion = S: Moderately Pri vi leged (34.0) 

I Loa n Type = Agricultu re 

I I l.oa n Size <= 2500 

I I I Arca = A 

I I I I Loca tion = U 

I I I I I Sex = Ma le 

I I I I I I Group Type = Indi vidual: Hi ghly Pri vil eged (0.0) 

I I I I I I Group Type = Sol iditary 

I I I I I I I Age = Old Age: Highl y Pri vil eged (1.0) . 

I I I I I I I Age = Young: Less Pri vil eged (6 .0) 
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I I I I I I/\ge = i\dult 

I I I I I I I Loan Size <= 1900: I l ighly Pri vileged (3.0) 

I I I I I I I Loan Size > 1900: i'vloderately Pri vileged (33.0114.0) 

I I I I I (jrollp Type = COlllmunity: I l igh ly Pri,·i1 egcd (58.0/ 16.0) 

I I I I Sex = Female: Moderately Pri vileged (52 Oil 7.0) 

I 1 Location = R 

I I I Group Type = Individual: Modera te ly Pri vileged (0. 0) 

I I I I I Group Type = So liditary: Moderately Pri vileged (460.0/207.0) 

I I I I I Groll I' Type = Communi ty 

, I I 1 , Loan Size <= 1900: Moderate ly Pri " i k~l,,1 (85.01 19.1l) 

I I I I Loan Size> 1900 

I I I I I I I Loan Size <= 2000 : less Pri vileged (433.0/ 18 1.0) 

I I Loan Size > 2000 

I I I I I Loan Size <= 2.:1 50: Moderately Privileged (58.0/ 17.0) 

I i I I I I Loan Size > 2450 

I I I I I I I I I Age " Old Age: Moderateiy I' ri vileged (26.0/l0.0) 

I I I I I I I I I Age = Young: Less Privi leged (68 .0/28.0) 
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I I I I I I I I I Age = Adu lt: Moderate ly Privil eged ( 100.0/50.0) 

I I I I Location = S: Moderately Pri vil eged (8.0) 

I I I A rea = N 

I I I I I_ocotion = U 

I I I I I Loan Size <= 1900 : Mode rate ly Priv ilq,ed (J .O) 

I I I I I Loon Size > 1900: L.ess Pri vil eged (55. 0117 .0) 

I I I I Location = R: Moderate ly Pri v ileged (440.0/86.0) 
• 

I I I I Loeotion = S: Moderately Privileged (2 10.017.0) 

I Loan Size > 2500 

I Area = ;\ 

I I I I Sex = Ma le 

I I I I I Sector = Trade: Moderately Pri vileged ( 10.0) 

I I I Secto r = Construction: Hi ghl y Pri vil eged (0. 0) 

I I I I I Sector = Serv ice: Highly Pri vil eged (0 .0) 
I 

I I I I I Sector = Industry: High!v ? ri vileged (0 0) 

I I I I I Sector = Agri culture 

I I I I I I Locati on = U: I-lighl y Privileged (38 .0/3 .0) 
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I I I I I I Location = R: I-li gh: , Privileged (207. 0172.0) 

I I I I I I Location = S: Moderately Privil eged (5.0) 

I I I I I Sec tor = Indi vidual: Hi ghl y Pri vil eged (0.0) 

I I i I Sccwr = /\ gri business: Il ighly Pri vileged (0 .0) 

I I I I I Scc tor = Business: Hi ghly Privileged (0.0) 

I I I Sex = Female 

I I I I I Location = U: Hi ghly Pri vileged (3.0) 

I I I I I Location = R: Moderately Pri vil eged (108.0/28 .0) 

I I I I I Location = S: Moderately Priv il eged (18.0) 

I I Area = N: Moderd(e iy Pri vileged (36.0) 

I I"oan Ty pe = t nte rpr is" 

I I Loan Size <= 3750: Less Privileged (26. 0/6.0) 

I I Loan Size> 3750: Moderately Privil eged (5.0) 

; 
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;.. D iffere nt ~ ; ass iti cation al gorithm s such as Neural network and BayeSian 

networks(or co mbi nations of any or the tec hniques) can be employed 1'0 1' 

c ustome r c lass ifi cati on by diffe rent researc hers to see if it co uld result in a 

dilTerenL improved, mode l fo r the m iero linance inst ituti on to help improve 

it s customer relationship 1l1<lllagemcnt. 

r It is al so the be lie f of the resea rche r that o ther data mining techniques such as 

clustering tech niq ues would be potentia l further resea rch to illvesti gate if the 

cl ustering techniques could result in a better way ofc lIstomer segmenta tion to 

be lI sed fo r improving the CR,VI or \VisdOIl1 micro linancc. 
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