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ABSTRACT 

Data milling is a rel ati vely new fie ld whose major objective is to ex tract kn owledge 

hidden in large amounts of data. Vital sta ti stics data o ffer a fertile ground fo r data 

mining by providi ng a valuable source of information regarding the health status of a 

po pulation. One o f the most im portant public hea lth funct ions is monitoring o f a 

po pulation" s health SWIllS. At all levels of the health deli very structure a well organi zed 

health informat ion system is vital for identifying the hea lth needs of populations and fo r 

planning. implementatio n and moni toring o f health interventions. 

The aim of this study is to discover knowledge that can be used to ga in insight in to 

va ri ous aspects o f mortalit y in the se lected rllral area o f the country. The study ex plores 

the death aspect of the vi tal stati sti cs data in the BUlaj ira Rural I lealth Program- BRllP 

database at lJutajira, Ethiopia . 

A data min ing 1001 called Wcka is lIsecito build predic ti ve model of 95,220 cases over an 

eightcen-yenr period. A historicill cohort study analys is o f vital statisti cS is conducted. [t 

follows a .I DM process modeling. Thi s study appl y class ificati on algori thm , such as to 

ex tract interesting knowledge from temporal data on BRI-I!> database. 

The results obtained in the study contain val uable new information. These resul ts 

com-eyed some interesting findings. The class ification algorithm reveal s that the result 

indicates for the BRi ll-' dataset, over 90% accurate resuits are poss ible for deve loping 

class ification ru les that call be used in predict io n. 

From this resul t the resea rcher concludes that the vi tal statistics data can help to predict 

us ing the appii e;'ltion o f data mining classification technique given the li mi tation of thi s 

stud y. III general. the result from this study is encouragi ng. 

Keywords : vi ta l stat isti cs data, Machine Learning, data 111111111g, predictive models, 

class iliC<lt ion, Wcka. 
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CHAPTER ONE 

INTRODUCTION 

1.1. Background 

The hcalthcarc industry is among the most illfonnalioll intensive industri es. Health 

info rmatioll , knowledge and data gcncnllcd globa ll y arc growing up . It has been 

estimated that rill a Clile care hospital may generate five terabytes of data a yea r [I]. The 

abilit y 10 lISC these data ex tract lIseful information for quality hcalthcarc is c rucial. 

I lca lth in fon nnlics plays a very important role in the usc of cl inica l data. In such 

di scoveries pattern recognition is importan t for the diagnos is of new diseases and the 

st udy o f difTcrcn! patterns found when classilicatioll of data lakes place. II is known 

that " Discovery of III V infection and Hepatitis type C were inspired by analysis of 

clinica l courses un expectcd by experts on immunology and herpetology, respectively" [2] 

With the rapi d deve lopmcnt of information technology, a vari ety of inform ation has 

increased and there ex ists generally the pheno menon of "data rich but information poor" 

lJJ. I low to excavate Ihe va luable knowledge and the inform ation from the mass data is 

the main chall enge information managemen t faces these days. The c1m ll enge o f 

ex trac tillg knowledge from dat a is of com mon in terest to severa l fields, including 

stati sti cs, databases, pattern recognition, machine learning, data visua lization , 

optimization, and hi gh*performanee computi ng [4]. 

Data mining is about using stati sti cal and machine learning techniques to find 

relat ionships ill a set of (usually) large and com plex data. It is a prom ising research area 

sil1 \,;e it is a new emerging research fie ld by gaini ng insight into vmious aspects of the 

acculllulated elata. 



The Data Mining (OM) tcclmique bas becomc an establishcd method for improving 

statist icnJ tools to discover knowlcdge ex ist wi lhin the data which can be used to predi ct 

fu ture trends L5J. The data mining process invo lves identi fying an appropriate data set to 

"mine" or sift through to di scove r da ta content rela tionships. Data mining too ls include 

techniques like case-based reasoning, cluster anal ysis, data visuali zation, fuzzy query and 

ana lysis, and neural net works. Data mining sometimes resembles the trad iti ona l scicntifi c 

mcthod o f ident ifying a hypothesis and then testing it using an appropriate data set. 

Somet imes, however, data mining is reminiscent of what happens whcn data has bcen 

collected and no significan t results were found and henee an ad hoc, exploratory analys is 

is conducted to find a significant relationshi p [2]. In such discoveries pattern recognition 

is impo rtan t for the diagnosis of new di seases and the study o f dirfe rent patterns found 

when classification of data takes place r5] . 

Data min ing as an anal ytic process designed to explore large amounts of data in search 

lor cons istcnt paUcrns and/or systel11 <lIi c relationships between variables, and then to 

valida te thc findin gs by applying the detected pattern s to new subsets o f data . The 

process th us consists of three basic stages 1.61: ex ploration, model bui ldi ng or pattern 

defin ition. and validation/ vcrificali01I . 

What d istingui shes dab. IHlnlllg from conventional stat istica l data analysis is that dat •• 

mining is usuall y done fo r the purpose o f "secondary analys is" aimed at fi nding 

unsuspected rela ti onships unrelated to the purposes ror which the data were originally 

co ll ected 1.2J. Such kliowledge di scovery mechanism is crucial for competitive advantage 

and s Lislai lulble deve lopment. 

Da ta mining too ls pred ict future trends and behav iors, all owing businesses to make 

proactive, knowledge-driven deci sions. The automated, prospective analyses offered by 

du ta mi ni ng move beyo nd the analyses o f past events prov ided by retrospective tools. 

Data min ing answers business qLlcstions that traditionall y were too time-consum ing to 

resolve. Data mining tools scour databases for hidden patterns, find ing predicti ve 

inrormut ion that experts may miss beeausc it li es outs idc thcir expectations l2] . 
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The manual ex traction o f pattcrns from data has occurrcd for centuries. Ea rly methods of 

idcntify ing patterns in dota include Bayes' theorem and regression anal ysis Pl. 

Classical statistics typica ll y includes the followi ng kinds of analyses [8J: simple (view 

a ile or more measures Iha t can be sorted and tota led), compar ison (view one measure 

alld son or Iota I based o n two or more d imensions), Ircnd (view measure over time), 

va ri ance (compare one measure at different times such as "sales" and "sales a yea r 

ago"), and rllll ki ll l; (101' 10 or bottom 10 products sold). This enables users to dri ll down 

withill a dimension 10 see morc detail ed data at various levels of aggregation. Users can 

;11 50 fi Iter data, thaI is, foclls 1heir analys is on a subset of records in the database. 

Structured query languagcs (SQL) arc well known so rt ware tools wi th very liltle freedom 

fo r Inanipu lations and SQL is lIseful for fi nding information, as long as the user 

knows perfecll y what he or she is searching for 19j. Once the user provides the Query the 

prOl:cssor will provide the user wi th the exact answer that is requi red fo r the solution. 

Somctimes, lo r instance, we come across cases where the pat ient bas symptoms of 

fever ,-md swco ling. SQL canllot prov idc us with a diagnosis o r decis ion about 

whether the pat icnt is havi ng a hcadache o r a cold based on the information 

provided 19J. 

The proli fe rat ion, ubiqui ty and increasing power o f computer techno logy has increased 

data collecti on, storage and manipulations. As data sets have grown in size and 

complex ity , direct hrlllds-on data analysis has increasingly been augmented with ind irect, 

:lutomatic d:lla processing PI. This has been aided by other discoveries in computer 

sciell ce, such as neural networks, clustering, genetic algorithms, decis ion trees and 

suppo rt vector machines. Data mining is the process of applying these methods to data 

wi th the intention o f uncoveri ng hidden IXlllerns. It has been lIsed for many years by 

busillesses, sc iell tists ,md governments 10 sin through vo lumes of data sllch as airline 

ptt ssenger trip records, census data and supermarket scanner data 10 produce market 

rcsea reh reports l7] . 
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Data mini ng is seen as a ll increas ingly important tool by modern business 10 transfo rm 

data in lo business intelligence giving an informational advantage. It is currently used in a 

wide range of pro fil ing practices, such as marketi ng, surve illance, fraud detection, and 

sc icil l i ri c discovery I"9J. 

One o f tbe most important public health functions is the monitoring of a population 's 

hea lth status. Vi tal stat isti cs data provide a va luable source of infonn<ltion regard ing the 

healt h status o f II populat ion and hence otTers a fe rtil e ground fo r data mining. 

Vila l evenl registration system, which is the continuo Lls, permanent and compulsory 

recording o f the occurrence and characteristic or vita l events, is the basis for deVeloping 

legal. admi ni strat ive and stati sti cal inrorill ation sys tcm that protects and saregllurds most 

rights and privi leges o f indi viduals (ci tizens) endorsed in the numerous convent ions and 

leCOlll lllenda ti oll s o r the United Na tions (UN) [I OJ. Ilowevcr, it is nonexistent or on ly 

part ially appli ed ill llIany deve loping countries. Given the pauc ity of vi tal-events 

regi stration and knowledge on population or health-status trends in such settings, 

demographic and health surveys have been introduced ror health planning, pnlct ice, 

cvnluat ioll, and allocati on ofrcsourecs. The most commonly used types of vital stat istics 

data in public health arc data on bi rths and deaths [II ]. 

The 13utaji ra Ru ra l Healt h Programme (BRH P) is one of the ea rliest Demographic 

Surveillance Site (DSS) that produces vital stat istics data in Ethiopia . DSSs rely on 

regular cOlll lllllnity-based surve ill ance as a meuns of vitu l event registrut ion. It was 

init ia ted in mid- 198G with a complete census o r the 10 randomly sampled kcbcJes l in 

Meskan and Mareko [ II j. Soon arter, by January 1987, a DSS with conti nuous 

reg istration o r vita l even ts was initi ated. "Ille major aims were to develop and evaluate a 

systcm lo r continuous registration o r bi l1hs, deaths and migratory events to gencrate valid 

da ta on rertil ity and mortality and prov ide a study base for essential health research and 

in tervention til ]. 

1 KebeJe is the smallest administrative unit ill Ethiopia 
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• 
The BRII P DSS is primarily a collabomtivc research project undertaken by the 

Departmellt of Community llcaltb (now school of public hcaalth), Faculty of Medicine, 

Add is Ababa Uni versity, Ethiopia, and the Division of Epidem iology, Department o f 

Public J Icallh and Clinical Medicine, Umca University, Sweden. The collaboration 

started as a doctora l-study project. Later, it grew in to a departmental collaboration and 

included the deve lopment of the study-base infrastructure and involvement of a 

llluitidisc iplinury group o f researchers. The o riginal DSS population in 1987 was around 

2X.000 and grew over 10 years to about 37,000 active indi vi duals, current ly wilh Illorc 

than 61,500 individuals involved at URI IP during April 2011 monitoring [5J. 

Wilile the app lication li nd ut ili z.1tion of data mining technology in the hea lth care sector 

is sleadily growing ~Is t in the developed world, its applicability remains to be unfamiliar 

in the Ethiopian hea lth cme sector. Given experiences elsewhere in terms of the benefits 

acquired in applying da ta mining technology in the health care seclor, it is onl y proper to 

explore the relevancc and pOlential advan tage of such the state-of-the-art teclUlo logy in 

the Et hiopian hea lth-care cont.ex t. Thus, in this research work, the researcher is motivated 

to explore the potentia l applicability of data mining technology to ga in insight mortality 

patterns in rural Ethi opia by using the BRJ If> database. For reasons of familiarity and 

ava ilab ility of electronic data , the researcher chose the Butajira Rural I-Ieath Program 

(fi R/ II') to conduct the study. 

1.2. Stn tc lI1 cnt of the Problem and Justifications 

Research in data mining is exploring dala to acquire knowledge and understanding that 

cll lIb le the deve lopment and implementation of technology-based solutions to heretofore 

ullso lved and important business problcms. 

In allY ex plora tion (heallh related cases, crimi nal rcasons or any other issue) an 

invcstigator needs \0 sorllhrough mUltiple events and factors and decide whieh ones have 

a likely causal rel at ionship on a speci ric outcome. Sorting among the known candidatcs 

10 determine the actua l culprit requircs data collection, and when the collected dala 
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invo lves com plex multi\o riatc re lationships, data nlllllllg may provide insight for 

discovery 1121. 

Al l OIKfl l1i lOt io llS, incl uding mony health cClllers. arc increas ingly crea ting or access ing 

lar~cr nmllnrgcr dutubuscs. und analYSIS looking 111 this d~lla wou ld be wise to Icam morc 

about \\hu t dUla min ing can do for them. In normal stat istics, one is IfylllS to relate Iwo 

IIIIII&S (say, smoking and cance r mtes) find then Iry whether or not lhatlink is true . In data 

mini ng. n researcher UHemp! to find relati onships Ih:1I we may not evell know exisl _ 

we're just hoping that if a ile look at enough information . cC llain Imks (e.g. that people 

who ~ tn olo.c fl 101 arc more likely 10 ge l Clineer) may pop out of il. 

I he issues in daln mining :Ire noisy dotH , miss ing values, static datu , sparse data, dynamic 

dnta. re levu nce. interestingness, helCrogene it y, a lgori thm efficiency, si/e and complexity 

or data . 1 hese tYI)CS o f problems often occur in large amounts o f data. Once these 

problems leso lved :111(1 a poss ible re lationship is fo und , we'll lest them on ot her data to 

sec ir they're true or not. 1l1is thcory clmllengcs researchers \0 c reate a rtifac ts that enab le 

urgal1i l.< lt ior ls tu ovcrcorn c the ilceeptancc prob lcms predi cted. 

Data fo r the dernogruphic survcillnnee site (0 'S) were initiully entered as text strings, but 

Ihe BRill' I)SS has, s inee 1994, used sonwure based on the d13:lsc IV platform. Data are 

currentl y cntcred in UUI:lj irn , whi ch allows any inconsistent questionnaires to be 

il1llllediatdy se nl b:l ck to the ficJd . T hi s is a significant improvemcnt over ea rli er 

practi ce. which wns to centralize da til opera tions in Addis Ababa ]11] . 

I he sile manipulates and analyzes data with d13asc, Epi - Info, lind the Cohort program, 

developed by UIIlc!\ Uni vers ity, which does person- year-b .. sed anal yses of events in 

J) nal1li c cohorts. Na ti onal and inte rnational pub lications and scientific conferences have 

been the 111 :1io rout es to disse minate this informalion. Community feedback meetings 

have bee n he ld pcriodi call y l5 ]-

-I he DSS wcre able to co llect data , sin through and analyze the mortalilY dat .. during their 

times because the volume o f information was manageable. Today, the sizc of the 

datahase, the amount o f e lectronic data gathcred con lai ning mass ive amounts of 
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informat ion which keeps on growing yea r ancr year; make it a lmost impossible to 

accompli sh what Ihe pio neers do. 

This is where data mining becomes use ful to hcnl thcarc. It has been slowly but 

increasingly appli ed to tackle various problems of knowledge discovery in the hcahh 

seClor. T ypical problems that data mining addresses lIrc how to classify data, cluster data, 

find nssoc inlions between data items, and perform time series analysis. Numerous data 

m ini ng tcclllliqucs ha ve been invented for each type of problclll. Each problem requi res 

data III ining techniques to analyze large quant ities of da ta. 

The problems wilh ana lyzi ng the adverse eve nt s in the DRill> include the fo llowing: 

}> The feedbacks rcaching the program arc most of the time spontaneous, flot a ll 

problcms gets to thc cars o f the BRIIP. 

~ They can onl y internall y comparc with other cases from tht: same company, not 

wi th the cases rrom the competing programs. 

LJllforllmatcly, causes do not only exacerbate death, onc might also gct ad vcrse events. In 

somc s ituations, therc might be multiplc poss ible causes. For the program, the mandatory 

URI IP cx ist (Period ic Safety Update Report), but these arc on ly listings and tablcs, no 

new knowlcdge discovery is donc. 

NlIIll crOlIs st udi es have been conducted on various as pects of health parameters and 

determinants by using the information gath ered by thc BRi-IP epidemio logical 

s urveillance system. Among the major research findin gs in the area o f reproductive 

health was the observation o f the hi gh prevalence o f domestic violenec t 131. which is a 

serious concern for women in the area aITecting the ir social . psychologica l and physical 

we ll · be ing. Specifi ca ll y, prcvious studies [II] conducted on morta lity indicates the 

existcncc o /" very hi gh rate o f mortality in the I3RII P stud y area. Those studies have a lso 

reported that, Diarrhea and Acute Respiratory infection (ARI) arc the lead ing causes of 

in fant and child mortality and morbidity in the study area. The factors identified in those 

studies as determ inants o f these disease entities are malemai education and occupation, 
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durat ion of brc~S I - rccdi ng. place of residence, hOllschold income, infant's birth weight, 

and the birth orde r inter"'Il. 

I he prob lems of prev ious research efforts arc not o nl y related to the small proportion of 

the da tabnsc used. but data anal ysis is also conducted by using s imple statistical 

Icchn iqucs (such as regress ion and verifi cat ion techniques). As Anagaw l1 4] cited in 

relation to th is. LaSI and Kandel (2002) described that the too ls used in the research 011 

death causal ity have been so far limited to the stat istica l techniques, like sum mari zat ion, 

regress ion, anal ys is of va ri ance, elc. Using data mining techniques, however, we can fi nd 

out which adverse event s occur morc frequently with specific cases in orde r to ga in 

illsight in to tile whole recorded datasels. 

Th is slUll y, therefore, aims to appl y the data mi ning approach and ex tract hidden patterns 

alld knowledge relnted to dealh aspect o f the vital statistics data in the 13RlIP which 

enhal1ces decisiolllll aking and effecti vc management. 

"0 ti llS Clld, the study att empts to answer thc rollowing research questions: 

>- What DM ini tiatives arc currently underway in the progmm and stakeholder 

group? 

}.> I lave there been coordinated, aligned, commlltlitywidc crrorts, stratcg ies, or plans 

related 10 DM across multip le stakeholdcrs in the program? 

).> What opportuniti es ha ve been seen for accelerating adoption o f OM to improve 

quality analys is, such as linking di sparate e ffo rts, creat ing synergies across 

effort s. elc? 

1.3. Objective of Ihe nese"rch 

1.3. 1. Cell er"l objective 

The genera l o bjecti ve o f this study is 10 explore suitable data mmmg techn ique and 

method fo r knowledge discovery tha t can be used for various aspects or demographic 

variables us ing I)RIIP database in order to predict outcomes ror future situations with 
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hea lth issues rcb led to the death, to o ITer an aid to decis ion- or policy-mak ing process, 

:lIld 10 provide use ful in form at ion serv ices to the customers. 

1.3.2. Spccilic objcc1ivcs 

I (I achieve the general objective, the spec ifi c objectives conducted in Ihis research are the 

fol lowing: 

» To cond uct a thoro ugh review of literature that can support the study in the area 

o r appl y ing data mining technology on hea lth ca re in general and vi ta l statis tics in 

pnrl icui ar. 

>- To select appropriate data mmlllg too l and technique (like class ificat ion, 

cl ustering, assoc iat ion, CIC.) fo r perfo rmi ng vila l stat istics data m ining function. 

» T o generate good qu ality dalase ls o f vit a l stati stics that can be lIsed for data 

II l i liing task 

> To des ign suitable J ata mini ng method lo r creati ng predictive modcl using vital 

stat ist ics data 

>- To cval u:ltc data llIining models and sclcct the bcs t model that is more appropriate 

to the problcm dOllmin. 

~ To tcst the selcctcd model using the selected tool, techniquc and algorithm. 

}:> To recolll l1l end further research di rections fo r discovering knowledge from vita l 

stHti sli cs data. 

1.4. Scupe and Limi tat ion or the Research 

1 lie scope o f the resetlreh is deli mi ted to one of the rural health program al E.lh iopia 

eellt ereel at Butajira DSS with the assumption o f the datab.:lse is a representative of the 

other kcbelcs o f the other districts. Since data o f caeh kcbele o f the se lected di stri ct are 

re ported on a month ly/qua rterl y basis tu the cent ral database located in Addi s Ababa, the 

scopc is thcre fore not confi ncd to birth, new househo ld , and migrat ion data in the 

dat abase ralher it is a ho listic representative o fl he ORJ II>. 
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I he applicabi lity of <lU lu mining to BRJW database is limited to develop and test the 

model instead of deploying the model a l the Butajira di strict since the study is carryi ng 

{l UI for (l l,;udcmic achievement. That is, the scope o f the currcnt cx pcrinll:ntal research 

!lnLie rlak ing is siriclly limited to appra ising the potential applicabi lity of dala min ing 

technology to support primary health care acti viti es al the DRIIP slUdy area. 

Allhough several techniques and algorithms arc available in data mining tasks, we 

com;cnlratc 011 app lying predictive clnss ification learning fu les . Within each type of 

iC:lrn ing methods, deci sion tree is considered fo r class ifi cati on vital stati stics data. 

Another limi ta tion for thi s study is that only 95,220 o f records nrc taken due to the 

scalable constraint of Weka henp size (memory s ize) as d iscllssed in data selection and 

prepa ration procedurc. Moreover, delay o f approval of the proposa l consumcd much o f 

the time tha t can have been used for actual research wo rk. Such kind of constriction 

f( )rces the researcher 10 be limitcd wit h onl y one techniquc and an algorithm instead to 

IllUkc further ma rc different ex perim ents fo r discoveri ng knowledge. 

1.5 . Research Methodology 

Kllowledge of the methods fo r collectin g or compiling data at the DSS sites is essential 

he~au sc these mcthods influence the ways that data a re processed, analyzed, and 

interpre ted. The most eOlllmon demogra ph ic methods llsed in da ta coll ecti on arc 

ccnsuses . sample surv eys, lind vital-events registrati on systems. From th ese conccpts the 

rese;l rcile r tries to apply dalil min ing research us ing the foll owing methodologies and 

l)1"occdures. 

The purpose o f specify methodo logy is 10 provide insight wi th fundamental knowledge of 

data modeling and design; the too ls and techniques of data anal ys is using data mining 

led1l1010gy; to acquai nt benefi c iari es with data mining concepts, and techniques; and to 

prepare data for furthe r ana lys is in database . Specifica lly this section provides un 

understanding of the conccpts ror knowledge di scovery in database. 
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1.5. 1. 0:1(:1 so urce 

For :I ll )' doto mi ning task, thc primary requircmcnt is avai lability f data in any format 

1151. In this study. sccondary duta source is used. This d~IW is orgallil.ed by collccting 

f;l!;ts from houscholds loeatcd at lJ utaj ira and surrounding areas. l ienee this research is 

cllndlll:lcd ovcr thc aVl.li lablc databnsc; the sourcc of data is thc Butaj ira Rural Heal th 

Program. The 18 yc,JrS scparatc vital statistics data is lIsed as a base fo r daw collection, 

which is kept fo r the study in the School o f Publ ic Ileah h, Add is Abuba Univcrsity. T hi s 

separatc eight ccn yca rs' dnta SCi contains a tolll i of 236,549 records of individlluls 

Icgistcred in a ll the ten villages of tile DRIll') study area. illcc Ihc da ta arc very sensitive 

in na turc, the pri vil cge to vicw thc da ta is nllowed uncr proposal devc lopmcnt. 

lllcrcfoic no fu rthcr datn co ll ccti on mechan isms nrc employed as the coll ected data is 

amplc cnough to underlake the planlled research. 

1.5.2. ' I udy design 

In Ihi .. study, the researcher attempt to ex plore thc data mini ng approuch on the death 

aspect o r the vital stati stics data in the ORIIP. For this purpose, a data min ing tool ca lled 

wck;1 is used. 

I li:-;lo ri eul cohort study is conducted 0 11 vita l stati stics usi ng longi tudi nal database in 

Ihllaj ila Rural I lca llh Progrmn (DIU JP) 10 d iscover knowledge that can be llsed 10 gai n 

insight in to variolls aspects o f' mortality in the selccted rural area of the country, 10 

pred ict o uteomcs for futurc situations with health issues rc lated to tbe death, to oOcr an 

;l id to decision- or poli cy-mak ing process, lind to provide useful in formation serviccs to 

the {llstolll crs. 

In Ihis study, the researcher fo llow the Java Data Mi ning (JOM) standard process by 

using historical cohort study on longit ud inal database in Blitajim Rural Il ealth Progra m 

(BRill' ) to d iscover knowledge that can be used to gai n insight into various aspects of 

IlItll1a lity. The data mining process is an iterati ve or cycl ic process Ihal invo lves a nu mber 

of swges. As described in j ,lva Dnta Mi ni ng (JOM) with detni ls of process li fe cycle, 
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below Figure 1.1 shows the jnva dnta min ing process that the researcher fo llow to mine 

the vilal stat istics data . 

I 6. Aoolv and ref-i ne model .... - .- :......_....J i 
l 5. Execu te mi ning {as! 'tie:J 

4, SDccifv mining task settings 

3. Choosc mi ning tasks J 
2. Sclect and orcoare min im! data 

~ I . Select data minin g objective - -- '_.'" 
Data 

Fi~III'C J. I,Java 1);1 1 .. mining process 

1.5.2.1. Select data mining objective 

III thi s regard, the researcher makes efforts by read ing di ffe renl published articles and 

consul ting the concern ed people to understand the business settings and to gain 

know ledge rur the problell1 under study as stated in detail at the next chapter. In li ne with 

this, a data mining research problem is planned wi th set of objectives to approach the 

problem ullder th is chapter o f the paper. 

1.5.2.2. Select a nd prepare data 

The li st o r s<'unpled cases which are registered as demographic data is identified from the 

whole 18 years database o f the BR1,IP. We use We ka unsupervised l'csample and 

uvcrsa lllpling tcchniques to sample 66,123 cases (95,220 cases after SMOT E) fro lll the 

whole 236,549 cases in the dataset. In order to take the sample fo r this sWdy, we first sort 
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the datasct according to the tilll c pe riod (i n this case year) the data recorded and then ' 'w'C 

,c lec t a 25°(0 o f the coscs from cneh }car (i.c 18 yellrs) without replaccmcnt technique 

a\ uiloblc ill Wcko so n wllrc. The reason thot fO lccll to select a samplc for thc 

ex pcri mcntat ion is that thc diffi cult for runn ing the whole datoscls in thc nvai lublc Weka 

hta p size (memory sizc) for the vi rt ual machi nc. I3ccnusc thc virtual mcmory si/c is 

systcm (mochine) depcndan t on the ava ilabil ity o f thc hardware ond thc operating systcm 

loaded 0 11 it. 

In order to hondle the problem of va riables with Outlicrs, missing data , il'rc levllllt dn ta, 

cle in the data ScI created fol' II give n data mining tnsk, the techn iquc that suits the best 

ami thu t doesn't make any change on the prediction of the data scts is lIsed . The major 

t<l "k" in data preproccss ing nrc fill in mi ssing va lues, identify outliers and smooth out 

fI{, isy daw. correct inconsistcnt da ta and rcsolve rcdundancy caused by data integrati on. 

I hcse Wcku fi lter and SI'S techn iq ues have been employed to handle problems in the 

(lht:1 111ed ua ta'iet. 

1.5.2.3. C hoose :lItd conligllrc the mining tasks 

I he data mining tusk appropriate for the problem under consideration is selected to be 

dassifi l:Hti on. I l uv in ~ selected II mining tusk. we woul d then configure that task with 

parameters sui table for the task. 

In Ihi s study. we idcnti ly the out come with respect to the clnss ifi ca ti on task, thus we 

\'UI1 CClllra tc mainly on supervised learning method in data mining. 

1.5.2.4 . Select :tllli configure th e mining a lgorithms 

111 (h is step the data mining tool. Weka is sclected to descri be the npproprio tc algorithms 

to be implemented ill the study s ince the algorithms that orc used is supported the 

sonnare o f chu icc. Weka software settings allow us to select olgori thms for a mining 

task. Mall) data-mining nlgorithms arc availab le for a give n task. Decision tree J48 

algorithm is lIsed inlhis research work to show the drawbacks. Al gorithms difTer not onl y 

111 the accuracy o f their end -product, but also in the computat ional resources they require. 
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A Web preprocess ing too t is used to convert raw data into a format understandable by 

tllc dat a-Ill in ing al gorithm . 

1.5.2.5. Bu ild data-minin g model 

' I he olhcr important step in dat a mi ning process is build ing the model. The OUlput of 

execu ti ng a data -milli ng task is the data-mining model: That model, ideally, is a 

represcnt at ioll o r the data suited to our objective. One may need to ex plore alternative 

Itlodc ls to fi nd the one that is most appropriate in so lving the business problem, For 

instance, the Ill odel might be a neural network, a decision tree, or even a set of rules 

lIndcrSl<lIIc\able by humans. This model build ing involves generat ing samples fo r training 

and testillg thc model with large data scI. And finally select the best and lIsefu l model. 

'I his leads to the nex t step in DM process. 

1.5.2 .6. Test :1I1l1 reline the models 

111 Vide I' to eva lua te thc perform ance of a model befo re deployment, there is a need to 

exa l1line the crror rat e 0 11 the data set that did not invo lve in the process of model 

lunll ulalioll , The classifier and the model s can be evaluated using eva luation criteria, The 

cva lLwlioll is illlpol1 ant for understanding the qua lity of the mode l, for refi ning 

para lll eters ill thc JDM it erati ve process and fo r se lecting the most acceptable model from 

a given set o f models. There arc several criteria 1'0 1' eva luating models. Naturall y, 

c lass ifi cation model s wilh hi gh accuracy are considered bettc r. Thi s mcasures the true 

Hnd t ~ll sc posi tive rate, the precision, and the reca ll o r tbe models developed, ll aving high 

prec ision and recall is considered as a best mode l. Ilowever, the re are olher criteria that 

can be ill1portant as wel l. 

For tlli s particular resea rch work the anal ys is o r error rate generaled by the confusion 

Inatrix is one mechani sm lIsed for lest ing the mode l perfo rmance, So, the key objcclive in 

tllis step is to dctermine if there is some important bus iness isslle thaI has been 

insu1Tic icntly ulldertaken, 
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I he lithe r way to evaluate model s is to apply the newly g<l incd insight (0 past data, and 

compare th at w ith rcsults that would be obtained without the aid of that insight, for 

ins ta nce by te nfo ld cross valid<lt ion ra ndom sampli ng. Id c<l ll y, we newl y ga ined insight 

~IHluld produce im proved res ults- a "li ft ," in data-min ing j argon. 

O n..:e th e tcsti ng da ta is class ified with reasonable accuracy, the rules that are requ ired fo r 

..: Ias~iri cati on ca n be ex tracted . 

1.5.3 . Ethica l cOlisidcnltions 

I"he stud y is conducted a fter gell ing approva l from the Research Ethics Committee (REC) 

ur the Coll ege o r ll eal th Sciences, Addis Aba ba Un ivers ity. As it is a seco ndary data, 

therc is 110 conI act to indi vidua ls whose records ana lyzed. However, the confidentiality o f 

data is mailltained. ThaI is, there is no data transfe r to th ird pa rty and using the data fo r 

other purpose beyond to th i~ research work. 

! .6. Signilic:llicc of the Research 

I he need to analyze v ita l sta tistics dlltabase system of I3RHP, aim to determinc the 

intcmul/ex ternal requi rc ments of the database, data dictionary and othcr form to 

detenn illc the info rmation contents fo r database and data-processing requiremcnts fo r 

users. 

Thi s paper a ims to hi ghli ghtt hc importlln t ro le of OM in a nalyzing the v ital information, 

al ld propose a basie process o f v ital in fo rmati on anal ysis based on OM, in o rder to 

ex plo re the new ideas of cxca vllting lIsefu l in telligence based on data mi ning methods: 

Fi rstly, col lect the vital info rmat ion related to thc ana lyzing technology field from the 

BKIlP database . and then uti lize da ta mi ning technique to extract usefu l new knowledge 

by :lPplying di fferent methods and a lgorithm 10 mi ne and a nalyze the data deeply. 

["he re are sevc ral arguments that cou ld be advanced to support the use of data mining in 

the hea lth seclO r, covering not just concerns of publ ic health but also the private health 

sec tor. 
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~ There is a weal th o f knowledge to be gnincd frolll computerized health records. 

~ Thcre is evidcnce-b'lsed mcd ie ine and prcve ntion of hosp ita l errors. 

).> When lIledi ca l institut ions appl y data min ing on the ir ex isting data, they can 

di scover new, uscful and potentially life-saving knowledge that o therwisc would 

ha ve remaincd inert in the ir databases. 

>- Dy mi lling health rccords, such safct y iss ucs could be nagged and addressed by 

hca lth manage ment and gove rnm ent regulato rs. 

~ U!: ing d:lla min ing, public health prac ti ti oner is able to di scover patte rns among 

health ce ntcrs that lead to policy recom mendati ons to thei r Insti tute of Public 

J [cu lt h. 

}.> They might conclude that "data mining and decision support methods, including 

novel visua li7 .. atio lllllcthods, can lead to bettcr perfonnanee in decision-making." 

fl y lI!: ing data lIlining and v i sua li~lli o ll , public hea lth experts could find patterns and 

:lnn ili a li es bctter than jusl looking at a sct of tabulatcd data. 

1' 10 111 these nccc!:s ilai ed idcas and issues, the di scovcry o f new knowledgc from vita l 

s tat isti cs ua tabase (VSO) has hemldcd a new c ra in vital event rcgistrat ion prac ti ce 

nat ionwide with ernphasis 0 11 two fundamcnta l o bjecti ves, qua lity and prevention of 

populnti un hea lth problcms. Il e<ll th qua li ty rcmains :In issuc of major conce rn in public 

hea lth in Ethiopia where nati onal vi tal evcnt reg istra tion serviccs and policics, 

.. ppropriale infrastruct ure, tra ined personne l and financ ia l resou rces are inadeq uatc. 

1.7. Organiza tion of the Paper 

'1 he thcs is is stlllctllrcd into six chaplers. The firs t chapler is an introduction p:lrt, which 

w illains b<lckg roLind to the research work, statement o f the prob lem addressed, objective 

ur, hc resea rch, scope and Signifi cancc of the research and methodologies adopted for the 

.'> tuJ y. 

J he secund chapter is dealt about literature rev iew on data mmmg tcehnology, 

IIIc thod,.ftcchniqucs used, and its app lication in the health care sector. 
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I be th ird ehapler is devoled to give understanding aboullhe data mining too l, techniques 

il lld algorit hlJlS that npplied in the study. In this chapter, isslles rciated to data nnalysis 

IOU!. class ifi cat ion technique, unci how the nl gorithm under the techn iq ue wo rk for the 

HRI II ' da tabase is add ressed . 

I he fo urth chapter is di scussed about the selection and preparation of data process that is 

lIndertaken in the research work . This chupter is main ly used for unders tanding the 

prucess in prepa ring the data for producing quu lity data using the Weka filter opt ions and 

the statistica l soflwa re like SPSS 1001. 

'1 he fi nh cha pte r is providcd d isclissions about the experimcntation and result analysis in • 
different data mining steps that is undertaken in the research work . This chapter is mai nly 

used ror describing the experi ment in the data prepared ti ll disclissing resu lts. This 

includes tra ining, model bui ldi ng and testi ng results obtained by usi ng Weka software. 

Result s arc also anal yzed ami interpreted. 

I:ilwlly, chapter six prov ides concludi ng remarks and pointers for fu ture work 10 explore 

ami discover knowledge all healt h ca re da la in genera l and vi tal statistic data in 

p:1l1icular. 
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CHA PTER TWO 

LITERATURE REVIEW 

Wilh Ihe evo lution o f machines, we have found tha t some tiring and rOlltine or 

t:lIl1lpl cx mathematical ca lculations can be done using calculators. finding specific 

illfonnali on in H large database ca n be done using machines fasl and c~ls i ly . We usc 

tll<ll: hincs fo r storin g information, remind us o f appointments, and so on. As the 

.~ I/,C o r th e datu was inc reas ing compute r siorage has increa sed. Due to the v a SI 

amount of da la that was be ing crealCd huma ns invented algorithms Ihat produce 

resu lts once a query is supplied . Allhough Ihese tools perform very well , Ihey can 

be used to pcrfonn only rout ine tasks. Automatic classificat ions ca nllot be done usi ng 

~laml;1f(1 da tabase languages. This has led to the c reati on of machinc intelligcnce 

'l igoritlllll s that pc rlo rm tasks supp li cd by humans and make dec isions wi th littlc human 

~ tlpe rvi s i o ll 131. 

Frolll th e evol uti on o f mach ine intel ligcnce carnc dota milling. In data IlUllmg, 

algorithms seek o ut pa tterns and rules withi n the data from wh ich sets of ru lcs arc 

derived. A lgori thms can automati call y class ify the data based 0 11 s imilarities (mles <lnd 

pattc rIls) obtained bctween the trai nin g on thc testing data se llI S]. 

I'otlay, data milLing has grown so vast that Ihcy can be uscd m many 

applicat ions ; examplcs include prcdicting o f corpo rate costs claims, risk management, 

financ ial analys is. insurance , process con trol in manufact uring, in healthcarc, and in 

other fie lds 1191. 

2.1. Dahl Mining and Its Importance 

I):lta ll11lllllg is the sciencc alld technology of explori ng data in order to discover 

prcv iuusly un knowll pallerns. It can be defincd as the process o f'thc non·trivial extract ion 

or imp lici t, un known, and potcnt ia ll y use ful information from data f3J. Data mining as 

automa ted pa ll e rn recognition is a set o f methods applicd to knowledge discovery that 
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aucll1pts to uncovcr pattc rns thai arc difficult to dctect with lradit ional stat istical methods. 

I'allcflls are eva luated for how well they hold on unsecn C<lses. 

t>.!i lling of data in ge ncra l tcrms can bc elaboratcd as rc tri eving useful inform ation or 

knuwlcdge for fu rthcr process o f analyzing from variolls pe rspectives and summa rizing 

ill va luable info rmation to be uscd for incre~ls il1 g revcnuc, cui cost, to gather compet itive 

ill l£II'I II<ll io li on business or product l201. Sim ply stated, data min ing refers to cxtracting 

or "millin g" knowledge from largc amounts o f data 12 11 . 

Nowada ys, the wo rld is rcgarded as nn expanding uni verse of data . We have rathcr much 

IllIv I'III <ltioll , but limited kno wl cdge. Some people look at thi s phcnomenon as a new 

paradox of Ihe growth o r data, thai is, more data means less information. The rcrore, the re 

is an urgent need for the dcvelopment o f new teChniques to find the requi red information 

('nli ll hllge amo un t o f data 1221. 

With Ihe help of data mini ng methods, uscl'ul pa tte rns o f' information can be fou nd 

wililin the data , whi ch can be ut ili zcd for decision making or problem so lving. Data 

millil lg is o Ocn overl ooked when in f:lct it can provide very inte rest ing in fo rmat ion that 

stali:-:lica l methods are unable to produce or produce properly. These data min ing 

methods give LIS a 101 more contro l. 

T he ot her question that arises is how to class ify Ihi s massive amount of da ta. 

Auto mati c class ifi cation is done based on s im ilariti es present in the data. The automa tic 

da$sific:1 tioll technique is only proven fru itfu l if the conclusion that is drawn by 

the :mtomatic classifier is acceptable to Ihe end lIser. T he data we have is oOen vast, and 

noi:-:y. mea ning that it's imprec ise and the data structure is complex . This is whcre a 

pure ly sta tistica lledmique would not slicceed, so data mi ning is a solution. 

Accu rat e data mining solutions could prove to be an e lTecti ve way to cut down cost by 

cOllccntrat ing 0 11 ri ght pl ace [20], Therc arc vario us factors that m" kc data m ini ng as a 

very im portant technique. First, data mining algorithms can fi nd "opt imal" interesting 

leglll", ilies in a database. Second, data mi ning a lgori thms typica lly zoom in on 
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ItllcrtSlmg sub·parts of Ihe dalrtbascs. 11lUs, with the help of machine learning h:chmqucs 

d.II;\ J11 l11 ing make it eas ier to find interest ing connections in Database. 

III ... hurt. wi th :t computer, dal:l mining can guide you to uutolll3ticn il y fi nd the Olle 

"111101111:.11011 diamond" among the Ions ofdala debris III the database. It seems like a very 

,llI laui\ c research arCH. Espec ially, il shows its imponance in the following business orca 

I ell. 

I. Marke t Management : 'I hi s includes target market ing, customer relat ionship 

marlngc rn cnl, market basket anal ys is, cross sell ing, market segmentation. 

I{i sk Management : 'I hi s includes forecasti ng, clistomer re ten ti on, improved 

underwriting. qua lity cOlltrol, competiti ve :mnl ys is. 

1. 1' l:1ud Management : The concern of fraud monagement IS fraud detection and 

pl cdicl ion. 'I hnt b , idcntify I Oy~II ' one in like customers service provisions. 

,\. Tcx t Mining: The application of tmd itionnl daw mining technology to the 

1I1!!'lructureti contex ts u f" tex t Databases. 

" Weh Analys is: Use dlLln lI1ining technology in cOllj unction with thc Intcl liCt. 

~illf.:e Jala mining has its uniq ue im portance in a large nren . it is very im portant in the 

\\ 11(lle pl ocess of KDD. 'I he access ibi lity and abundance of information today makes daHl 

Ini ning a ll1 utte r of considerab le illll)Qrta nce and necess it y. Togcthcr wi th Ihe highl y 

ililporl :lJl i.:e of thi s new technology, efforts have been made to define standards for da ta 

Illining process. For example. CRoss Industry Standard Process ( 'RISP-DM 1.0) in 1999 

.Hld Ja\a Data Mining standard (JDM 1.0) in 2004 have been developed to avoid lack of 

ulllforllli ly in the claw mining process. Independent of these standardization efforts. freely 

;I \"ailablc open-source softwure systems like the RProject, Weka. KNIM E. RnpidMincr. 

Ill cpWork and o thers ha ve become an infonnrll standard fo r defining dnta-mining 

prllces~es [7[. 

In gC lleral lhe following lire cycles have been ex istcd as they represent the most 

authoritative, most cited , rlml mosi applied life cycles in both academia and industry: 

;.. Knowledge Discovery in Databases Process [4 , 23J 
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;:. Rcfined K DO Pamlhgm 124 J 
).> Knowledge Discovery Life Cycle (KDLC) Model [25 [ 

j.> Ill rOl"llIfltion Flow ill u Datu Mining Lire Cycle 126. 27J 

;... CRoss- lndustry-SI:mdard Process ror outa Mi lling (CRISPDM) (281 

;... Java Dala Mining AP I (JDM) PI 

'\III11C u f the lire cycles (lnly dirrc r marginally whereas olhcrs diffcr considerably in 

, tl uc turc and comprchcns ivcncss. All , but the CRISP-OM Ii re cycle have becn developed 

1) m:ade mia. A[( hough da tu min ing has becn a ve ry evolving rescarch arca in recent 

1'\': II'S, thcle is still a nced for a comprehensive and comp[ete lirc cycle. The CR[ SP-DM 

dete lltc modcl is the 111 0.'.>1 complete and u[so the JIlost widel y accepted and lIpp[icd data 

1lI1111ll! life cycle {291. 

\" \\ c cn ll ohserve rrom the rollowi ng fi gure 2. 1, a typical data-min ing sys tem consists or 

I d;l la-lliinilig ell gine and a repository tha I persist the datu -mining artiract s, sllch as the 

1I00kls, creat ed in (he process. Due to its la test in technology compared to the CRI SP­

) i\ II11e I'e~ea rche l" interested to use the JDM model in order to lIchieve the obj ecti ves o r 

hc !!t ud y. A key JoM A PI benefit is Ihat it abstracts out the phys ical components, tasks, 

IIld C\'C II algorithms. o r a data-mining system in to Java classes [30J . 

Dat a Min ing Appli cation 

1)"la Mini ng AP I (JDM) ......... r- .- -=j 

I)"t" Mining Engi ne (DME) 

...... -.---:r~-' -----.-..... + 
Mining Object Repository (MOR) 

FiJ!1I rl' 2.1. Co 111 pOllen Is of:1 d :tla-miu iug systclII. 
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Ilud{hn~ n data-lluning model typically 3!l1rts wtth identifying recurnng pnllCrn.!i III the 

data, lind Ihell 1I 1sIIIIing Iho!<.c pnl1crns in n way that helps cOllllllunicate Ihelll to humans 

01 olher machines. Model, can take the fonn of It gr.lpillcol representatiun, u sci uf 

{'qu.lIlons, n neuml network . ur evell n co llection of rul es. Moods CO il be applied 10 new 

d,l1a. or evnluoted and refined III the presence of evc r lurger dutn sets_ 

I he l:urrcnl Ircn<.l IS townrds automating as much of this process as poSS ible such that 

{'\CI I those 110 1 c'(pert ill data mining con rcap the benefits of ditto-mining 

Il't: J1I1olugics l)O]. 

2.2. Multi li isci pl in: II'Y Na lu re of Da.a Millin g 

f ),lla IIlLlling has its origins III cOl1 ve lil iona l arlifieial intelligence, machine Icilrning. 

,lat . \ (II':S. amI database technologies, so it has much of it s tcrminol SY 3ml cOllcept~ 

dl'I I""cd frm n Ihese lechnol gics 11 11 . As daHl mining is Ull interdiscipJi nu ry fic11l132J, II 

IIH.; OIpur.tlC!l lIlany dinelcnt upprouchcs, technologies. ami methodo logies to be able to 

~t'lic ialc and discover new lind Innovati ve knowledge, rh is IIlt crdiscipllllary approach 

Ill'o'\)"CS tools :md lIlode ls from stati sti cs, ar1ifieiul intelligence, pattern rccogllliion. 

IICII II<,tic1i . du to UC{luisi tiull, duta visualiz:.nion, optlllli,.utioll, information retrieval, hi gh 

l'lId 1:0111 pllt inK. uud others 121, 331. 

2.2. 1. Mac hin e lea r n ing 

1\ I,Kll ille Le:lnling is the study or computer algorithms Ihat ill1prove autol1lilllcnlly 

Ihrou~h experi ence 11 81 . rlmt is, it is a process which cnuses systems to improve With 

C'\ llCllenee. Applications o r lIluchine learning range rrom dala mining programs that 

lb .... u,l\cr gcnera l rulcs in large data scts, to information filterlllg systcms th,u 

autOi natif.:u lly lcurn lIsers' interests. Machinc Icarning can be used to develop systems 

resulting in increased efficiency lind effectiveness oflhe system. 

\ 1.If.:hinc learning is also ca lled concept learning 14]. That is. computers can learn 

cOllcepts and patterns within the data. Concept learning acquln.!s the definition of a 

~(, lIe r;11 clltegory given n sample of positi\'c and negntlvc tmining examples of Lhe 
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I.:<ltcgury. the method of which is the problem of searching thro ugh II hypothesis Sp:ICC for 

a hy pothesis tha I best fi ls n given sct of tra ining exa mples. Machine learning is 

!.:olls idcrcu success ful whell il can corrcclly find all the inswnccs that consist of the 

r igIJI paHcrns and conce pts. a lthough at times a machi ne cannot categorize correctly 

all the instances d ue 10 hi gh vari ations in atlriblltcs present in the data 19J. 

I he twu important areas of applicntion in machine intell igence arc knowledge discovery 

:lIld classi fi cation 1341. Knowledge d iscovery is de fined as lhe non-trivia l ex traction of 

Illlpl icit. unknown, and potentiall y use ful infonnalion from dala. Class ification is 

plllh'l bl y the oldest anci most wi del y-used of all the KDD npproaches 1351. Class ification 

is lea m ing a fun ction that maps (classifies) a da ta item into one of severa l predefined 

dasses I J 91. Palle rns that arc cx tr.:lcted us ing machine intelligence can be used to predict 

\\ hil.h d ass thc da ta fall s unde r 

J\ dc~ i s i o l1 suppo rt system is similar to a machi ne le,u'ni ng systcm l36j: it is u system that 

:-' 1I ~gcs ts dc~ is io ll s based 011 the pa tterns found in the data . T he three compon...:nts 

I~'q\li , ed fo r deci sion support systems are the cnd user, hardware and software products, 

ami \ Iala milling process that interprct and discovcr knowledge nccessary fo r deci sion 

l11aki llg. 

2.2.2. Sta tisHcs and Da ta Mi ning 

'1 he two di sciplines 'S ta tist ics' and 'Da ta mi ni ng' are very s imilar. Statisticians and daw 

mille rs cOllllll onl y use many o f thc same techniques. Stat istics developed as a d iscipline 

scp:uate fru lll Mathemat ics over the past century and a halr to help scient ists for making 

S(lll1C scnse of obse rvat ions and to des ign expe rime nts that yield the reproducible and 

:1Ccul'ate res ults associated wi th the scientifi c method . For a lmost all of th is period, the 

iss lIe WilS 1I0 t too much (Intn, but too little. Whereas, Datil mini ng is the ex ploration a nd 

;m;dy:-. is of large quant it ies o r data in o rder to d iscover mea ningrul patterns and rules. Or, 

dllta mill ing is the appl ication o f S tat istics in the ro rm of exploratory dattl analysis and 

prediction lnodc ls to reveal patte rns nJld trends in very large datascts LIS J. 
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TlUdi liol1<1l1y. analys is was stri ctly a manual process. The traditional method of IUrning 

data into knowledge re lics on manual analysis and interpretation [37]. In normal 

statistics, one is trying to rciate two thi ngs (say. smoking and cancer rutes) and prove 

whether or nut that link is truc. One or more analysts would become intimately familiar 

wi th the data and -- w ith the help o f statistica l techniques -- provide summaries and 

generale !'cl}Orls. Stati stics has a so lid theoretical foundat ion but the results from stati sti cs 

can be overwhelming and difficult to interpret as th ey requi re tlse r guidance as to where 

and how to analyze the data. Stat istical analysis systems such as SAS and SPSS have 

beell used by ana lys ts 10 detcct unusual patterns and explain patterns using statistical 

models such as li near model s. Such systems have thcir place and will continue to be lIsed 

[1 5,22J. 

III fact, slich manual data ana lys is is becoming impracti c<l l in many domains as data 

vo lullles grow cxponentially . Databases arc increasing in size in two ways: the number of 

records, or objects , in the database, and the number o f fi elds, or atlri butes, PCI' object 

[38[. 

Such an approal:h rapid ly breaks down as the quantity o f data grows and the l1umber o f 

di lllensions increases, especiall y, when there arc millions o f cascs and each having 

hundreds o f fi elds. In thi s situation, we necd the data mining 10 help us automate data 

anal ys is process to derive some use ful hiddcn in format ion. Data mini ng allows the 

expert's knowledge o r thc data and the advanccd analysis techniques of the computer to 

work together. The time 10 use data mining techn ique rea ll y depends all the user's need. 

Basically , whenever the users want to exlract information useful for dec ision support or 

explorati on and undcrstanding the phenomena govern ing the data source, they urgently 

need the hel p o f the data mining l37]. 

Data mining is about using statisti ca l and machine learn ing techniques to find 

relationships in a set o f large and complex da la 1221· 

[n data mining, a rese<lrcher attempt to find intcresting relationships that we may not even 

know exist _ we arc just ho ping that if one [oak at enough informatiun, certain li nk s (c.g. 
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that people who smoke a lo t arc morc likely to get cancer) may pop out o r it. Once a 

l}Ossible relati onship is round, we' ll test them on other data to sec if thcy'rc truc or not. 

Data mining is normall y lIscd whcn onc don't know what we arc looking ror. Stock 

market analysts like to usc data mining to try <md fi nd patterns - such as stock prices 

railing uncr Ooods. 

Oalflllli ning ucal s with the di scovery o r hidden knowledge, unexpected pallems and new 

ru les frolll large Databases. Basicall y, it is concerned with the anal ys is of data and the use 

o/" so flware techn iqucs ror finding patterns and regula rit ies in sets o r data. It rcrcrs to the 

application o r al gorithms ror extract ing patterns rrom data . It is un im portant stage in 

knowlcdge di scovery process. In general , knowledge discovery process includes six 

stages such as data select ion, cleani ng, enrichment, coding, data min ing, and rep(H1i ng. 

At each sta ge, the data miner can step back one 0 .. more phases. In this sense, data mining 

.. d ers to a class o r methods that arc lIsed in some of Ihe steps comprising the overall 

Knowledge Discove ry in Database CKDD) process. 

Many of the data mini ng techniques were invented by stati stic ians or have now been 

integrated into statistical so f1 ware; they arc extensions of standa rd statistics. Although, 

data llliners ami stat isticians use similar techn iques to solve s imilar problems, bu t the data 

mining approach diffe rs from the standard stati stical approach in seve ral areas such as 

l39J : 

» Data miners assume that there is more than enough data and process ing 

power. 

» Data mining assumes dependency on time eve rywhere. 

}> It can be hard to design experiments in the busincss world without data 

millIng . 

Oeeause of the nature of the problems, there arc somc di fferences (rather than OPI}Osites) 

in approaches that the stati s ticians and the data mi ners used to solve simi lar problems. As 

such, they shed some light on how the business problems add ressed by data mi ners differ 

from the sciellti fi e problems that spurred the development of sta tistics. One major 
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diffc rcnce betwcen busincss data and scienti fic data is that the latter is nOIlMtruncaled 

Ilion-censored da ta and the former is truncated Iccnsored data. Given a methodology or 

nil nl gorilhm to analyze data, it is often very hard to say whether it is "Statistics" or "Data 

Mining". It is not clea r how one should put thi s label. Actually, in pJflc ti ce, whilc dealing 

wit h the rea l li fe problems in the industry, customers ncver ask. "Arc you a data miner or 

a stati stician?" In fact their main interest is in so lving thc problem in hand to thei r level of 

satis facti on and it is immaterial what label they usc. As se rvice prov iders to the 

I.:ustomers, a da ta miner o r a sta tistician need to try those stati stical techniques o r 

al go rith ms in the bag, whidl best suited to answer the queries of tile Cllstomer 11 51. 

As in l22, 38J described , fi gure 2.2 and fi gure 2.3 sllnHlwrized the stages/processes 

identified in data mi ni ng and statistics to show the difference between them. In stati stics, 

the process works as fo llows: 

Business 

Question 

Va lidllte of Modd 

Business Queslion 

Figure 2.2 St:llistiClll ami lysis steps 

f ormulate 

Hy pothesis Business 

Pe rfo rm 

Modeling 

Design 

Data 
Colleclio n 

Coliect 
Data 

As most of the problems can be downsized to classical statistica l techn iques, the OM 

expert should have a sound knowledge of stati stics (and the corresponding SAS 

procedures) and how to lISC them. Data mining cla ims a novel kind of data exploitation -

it is not simply the hypothesis confirmation o f statisti cs; nor is it simpl y the data 

visua li zat ion o f graphs and plots. Data mining is becoming a fo rce to be reckoned with, 

because of the way it can generate new ideas. 
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llence, data milli ng is carried out as: 

Repository o r 

Da tu. 

Compnre Mod e ls 

Business Question 

Figure 2.3 Dabl milling process sfc llS 

Need to exploit Data 

Business Question 

Perform Models 

Business 

Look in the 

data 

Formu late 

Hypothesis 

Like Statistics, Data Min ing is not only modeling and prediction but also a whole 

problem so lvi ng process. In short. data mining is the process of ex tracting previously 

unknown, va lid and actionable information from large Databases and then using the 

information to make crucial business decision. 

Following arc some examples of (poss ible) situations where Data Mining and Statisti cs 

ca ll be used. 

Normall y, for proving Ihe efficiency of a drug, the rules for playing the game are 

described. Take fo r exam ple a drug fo r hay fever, where one knows how to measure 

(relief) 10 compare the drugs. With Data Mining techniques, we could try to find 

alternati ve measures of rel ief, and promote the drug in another way: on top of curing the 

disease in a standard way, with drug you gel some extras compared to the competilor, e.g. 

a better Quality of Lifc 

According to Last and Kandel l33] most methods of the class ic .. l statisti cs arc 

verification ori ented which are based on the assumption that the data anal yst knows a 

single hypothes is (usuall y ca ll ed the null hypothesis) aboullhe underl ying phenomenon. 
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In such stati sti ca l methods the objectivc of a statistical test IS to verify the null 

hypothesis. 

Verificat ion methods deal wilh evaluation of a hypothesis proposed by an external source 

(like an expert etc.). These methods include the most common methods of traditional 

statisti(:s, li ke goodness·of.fit test, H est of means, and analys is of variance. These 

methods arc less assoc iatcd wi th data mining than their discovery·oriented counterparts 

because mo.;t data mining problems ure concerned wi th selecting a hypothesis (out of a 

sc t of hy potheses) rather than testing a known one. The focus of tradi ti onal statistical 

methods is usuall y on model estimat ion as opposed to one of the m:lin object ives of data 

mining: model idell tification [40]. 

As Last ancl Knadel l33J puts it "the hypothesis testing can be a practi cal too l for 

supporling a deci sion.making process, but not for improving our knowledge about the 

world". 

As a solution to the limitations observed wi th traditional stat istica l methods, the machine 

learning methods (ori ginally developed to deal, mainly, with the problems of pallern 

recognition) have been introduced into the data·mining field [33]. However, it does not 

rnean that data mining has replaced other statist ica l methods such as OLAP, Regrcssion, 

etc. Rca [4 1J wrote that "stati stics have a role to play and data mining will not replace 

sllch ana lysis but they call ::let upon more directed analysis based on the result s of data 

mining". 

2.3 . Know ledge d iscovery a nd data mining 

The traditiol1almcthod is used to analyze data manually for patterns f("lf the extraction of 

knowledge. Takc any field like banking, hea lthearc, and marketing; there wi ll 

al ways be a data analyst to work with the data and interpret the final results. For 

example, in the case o f health care, the health organizations analyze the trends in 

diseases and the occurrence rates. This helps health organizations take precautions in 

decision making and rimming of health care management. The analyst acts like an 
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inlerfll ce between the data and knowledge. We can use machine inte lligence to ass ist the 

analyst to produce s im ilar resul ts or knowledge from the data L42]. 

Discovering paHerns with in a database is usuall y ca lled data mining or knowledge 

ex tracti on. '111C term data mining is used mostl y by stat ist icians, data analysts and 

the management informat ion systems (M IS) [43 1. 

Concern ing the two terms kno\-\'ledge di scovery and data mining, there arc different 

conceptua l views that sO lne author [1 5 J differentiate knowledge discovery in database 

(KDD) a ~ the whole process and while others 1441 views as they arc one and the same. 

Some of the numerous defi nitions of Data Mining, or Knowledge Discovery in Databases 

are: Data Mining, or Knowledge Discovery in Databases (KDD) as it is also known, is 

the nontri via l ex traction o f implicit , prev iously unknown, and potentially usefu l 

inform ation from data. 

As defined by Fayyud et al t4] "Knowledge d iscovery in databases is the non-tri vial 

process of identify ing valid, novel , potentially use fu l, and ultimately understandable 

patlerns ill data. Data Min ing (OM), on the other hand , defined as the application of 

algorithms fo r ext racti ng patterns from data without the additiona l steps o f the KDD 

process. Other de finit ions for data mini ng arc given by Dcrry <lnd Linoff 11 5J. 

The analogy with the mining process is descri bed as Data mining rders to "us ing a 

variety o f techn iques to identify nuggets of informatioll or dec ision-making knowledge in 

bodies of data, and extracting these in such a way that they can be put to use in the areas 

such as decision support, pred iction, forecasting and est imation. Basica lly data mining is 

concerned with the analysi s of data and the use of software techniques for finding 

patterns and regulari ties in sets of data. While Data mining and knowledge discovery in 

databases (or KDD) arc frequently treated as synonyms, data mining is actually part of 

the knowledge d iscovery process. 

From these ideal perspect ives, we reveal as KDD refers to the overall process of 

discovering useful knowledge from data. It involves the evaluation and poss ibly 

interpretation o f the patterns to make the deci sion of what quali fies as knowledge. It also 
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includes Ihe choice of encodi ng schemes, preprocessi ng, sampling, and project ions of lhe 

data prior 10 the data mining step. 

The diITerence between knowledge di scovery and data mIlling IS that the laller is the 

appli cation o f' different intell igcnt algorithms to extract pallems from the data 

whereas knowledge discovery is the overall process tha t is involved in discovering 

knowledge (i'0 1ll data. There are other steps such as data preprocess ing, data selection, 

data cleani ng, and data vi sual ization, which are also a part of tile KDD process (19] . 

Data Milling ca ll be considered as a cent ral step o f the overall process of the Knowledge 

Discovery in Databases (WD) process. Due to the centra lity of data mining in the KDD 

process, there arc some researchers and practitioners that lise the lerm "data mining" as 

synonymous to the complete KDD process t40I. 

As stated by the Java dala mining (JDM) standard process [31}, the overall process of 

finding ami interpret ing pallcrns frolll data invo lves the following steps for the dala 

mining process. 

I. Select data mining objective: - The first, and IlIu~t important, step is to decide 

what kinds or new knowledge or ins ight we wanl to gai n from the data. The more 

specific we are, the more likely our data-mining process sllcceeds. 

III this reg<lrd. the researcher makes e ffort s by rending d ifferent published articles 

and consult ing the concerned people 10 understand the business sett ings <lnd to 

ga in knowledgc 1'0 1' the problem under study as slated in detail at thi s chapter. In 

line wi th thi s, a data mining research problem is planned wilh scI of objecti ves to 

approach the problem under Ihe first chapter of the paper. 

2. Select :md prCIJllrC data: - As pcr JOM the second step involve data 

underswnding. Once we've decided on the objective, we must ident ify Ihe data 

that wc think may hel p we achieve those goa ls. In itially, we may wish to select 

only the subset of the available data that we believe is most representat ive of what 
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we wish to find oul. We can later select additional data subsets to improve our 

initial findings. 

Relevant data sets arc seldom in the format suiled to daln mining. OOen, we must 

transfonn that data, possibly cleaning it- eliminating incomplete records, for 

instance-and sometimes also pre-processi ng it. This endeavour leads to ini ti ate 

data prepara tion. This is often the most time consuming task of DM processes, 

especia ll y if data is drawn directly from the company's operational database 

rather than data wareholl se. 

So, the primary data source for this study is the secondary data accumulated in the 

\)utaji ra Rural I lcalth Program (URI II)) database, which conta ins ep idemiology 

claw. lIence to detect the d<lta quality problems and to identify interesting subsets 

o f the data different literatures and previous studi<.:s have been explored. In 

general this phase covers all acti vities to make ready the final data set from the 

in itial row data for model building and analysis purpose. A pre-processing tool is 

used to eOll vert raw data in10 a format understandable by the data-mining 

algorithm. Dewi ls o f these act ivities arc presented in dmpter four. 

3. C hoose and configu re the mining tasks. Next, we should decide on the specific 

data-min ing task to perform. For instance, we may wish to cluster households 

togethe r thai arc visiteJ similar cases, and thcn deri vc classificati on rules tbat 

predict how those morta li ty is class ifi ed. Those rules, in turn, can help eval uate 

and decide what new for fllturc on those households. 

I-laving selected a mining task, we would then configure that task with parameters 

suitable fo r the task. In the JOM API, such configu ration is specified with 

settings. '111ere are a variety of DM tasks avai lable, all with pros and cons, 

depending on the business problem at hand and the data available for ana lysis. 

Most arc based on statistical or computer science algorithms. Some of the more 

com mon techniques incl ude classification, clustering, and association rules. Thus, 

we concClltrate mainly 0 11 supcrv ised learning methods ill daw mining. 
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4. Sclcct :111(.1 configul'c thc mining :llgori lh ms. In this step the data mining tool, 

Weka is selectcd to describe the appropria te algorithms to be implemented in the 

s tudy since the algo ri thms that arc used is supported the software of choice. Wcka 

soOware seUings allow us to select algorithms for a mining task. Many data· 

mining algori thms are available for a given task. Algorithms differ not only in the 

accuracy o r their cnd·product, but also in the computational resources they 

reqUIre. 

Many data~ ll'linin g tool s are able to automaticall y mutch algo rithms to a desired 

data·mini ng obj ective; fo r instance, a cluste ring algorithm to create data clusters, 

or all associati on ~rlli es algorithm to identi fy assoc iation rules. Undcr Ihi s, we look 

at a data-mining algorithm (decision tree classifi cation) to perform automatic 

classi fic:llion based on the testi ng data set and <l lso provide accumey in terms of 

percen tagc wi th regard to the number of cases in the testing dataset, which arc 

classified correctl y. 

5. Uuild dntn-minillg modcl. The other important step in knowledge di scovery 

process is bui ld ing the mode l. The output of executing a data·mining task is the 

data-mining model: That model, ideally, is a representation o f the data suited to 

o ur objcctive. One may need to ex plore alternati ve models to find the one that is 

llIost appropriate in solving the business problem. For instance, the model might 

be a neural network , a dec ision tree, or even a sel of rules understandab le by 

humans. This model bui lding involves generating samples for training and testing 

the model with large data set. And fina ll y select the best and use ful model. 111is 

leads to lhe nex t step in OM process. 

6. Test ami refine tbe models . Evaluating the performance of a model is a 

fundam ental aspect o f machine learn ing. For example, a classifier receives a 

training set as input and construcls a classification model lhat can classify an 

unseen inst<lnee. Based on thi s, several models might be created and needed to 

evaluate the accuracy o f each model with past data, and possibly to select a "besl" 

model for lhe purpose of the study setup. 
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In order to eva luate the perfo rm ance of a model before deploymellt, there is n 

need to examine the error rate on the data set that did not illvolve in the process of 

mudcJ furmulation. The classifier and the models can be evaluated using 

eva luation criteria. The evaluation is important for understanding the qualit y of 

the lIIodel, fo r re fining parameters in the KOD iteru tive process and for selecting 

the lIIost acceptable model from a given set of models. There arc several criteria 

for evaluati ng models. Natura ll y. classification models with high accuracy arc 

considered better. This measures the true and fa lse I>ositi ve rate, the precision, and 

the recal l or the models developed. Ilaving high prec ision and recall is considered 

as a best mode l. I lowever, there arc other criteria that ctln be illlportant as well. 

For Ihi s pa rti cu lar researche r work the anal ysis of erro r rate generated by the 

confusion matri x is o ne mechanism lIsed for lesting the model performance. So, 

the key objective in thi s step is to determine if there is some im portant business 

issue that has been insuffici ently undcrtaken. 

The other way to evaillate model s is to apply the newly gained insight to past 

data. and compare tha.t with results that would be obtai ncd wi thout the aid of that 

insight, for instance by len fold cross validat ion rand III sampling. Ideally, we 

newly gai ned insight should produce improved results- a "lin." in data~mining 

j argon. 

Lastl y, aCter the cO lll plete OM process stages and final result obtained the researcher can 

present to the dcpattll1enl since the study is cond ucted for aeadcmie achievement and 

report the lindings to subject malle rs expert consultation for villidlty and acceptance in 

the stud y domain. In some cases, we may build systcms that autonmtiea lly improve their 

dala-mini ng models with new data, or systems that take acti ons in the prcsence o f a 

contil lUoliS st ream of new illfonllation. 

2.4 Duta Mining Tasks 

Thc data mining stage of KDD process consists o f verification oriented (the system 

. I d (II e sys tem find s new rules and 
verifies user's hypothesis) and di scovery on eil e 1 
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patterns autonomously) 1.41 . According to Fayyad Cl al [41 the discovery methods arc 

methods thai auto mati cally idelltify patterns in the duta . The discovery-oriented methods 

can be rtll1hcr parti tioned into descriptive (c.g. Clustering, Summarizati on, Visua li7..ation) 

and predictive (li ke class ifi cation, regress ion, ctc). Description-oriented Data Mining 

methods focus 0 11 (lhe part o f) understanding the way the underl ying data operates, where 

predi ction-orien ted methods aim 10 build a beha vioural model that can get newly and 

unseen sam ples and is abl e to predict va lues of one or more variables related to the 

sallIple. However, somc prediction-ori ented methods can also help prov ide understanding 

of lhe data 1401· 

Fayyad et al 14J note that thcsc arc two "high-Icvcl" primary goa ls of data 1ll111lllg 

practi ce: Predi c ti on and description. Predi ction involvcs lIsi ng some variables or fie lds in 

the database to predict un known or future values o f other variab les of interest. on en the 

emphas is of predicti ve modelling is on predicti ve accuracy rather givi ng more emphasis 

all understanding the model. However, description foellses o n finding human­

interpretable patterns descri bing the data. 

Most of the di scovery-ori ented techniq ues arc based on inductive learning l40J, where a 

model is constructed exp licitly or implicitl y by generali zing from a su fficient num ber of 

training examples. The underl ying assumption of the inductive .Ipproaeh is that the 

trained mudel is applicab le to future unseen examples. Strictl y spcaking, any form of 

inference in which the conclusions arc not deduct ivcly implied by the prcmises can bc 

thought of us induction. 

As we said before data I1llll1ll g is o ne among thc most important steps in the 

knowledge di scovery process. It can be considcred the heart of the KDD process. This is 

the area, which deals with the appli cation of intelligent algorithms to get useful patterns 

from the data . 

The goals o f prediction and description are achieved by using the following primary data 

mining blsks [4 , 9, and 45]: Class ifi cation, clustering and assoc iation rul e discovery. 
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2.4.1 C lass ification 

Classi fication is categorized as supervised learning whi ch is used to predict a vulue. They 

requi re a user to specify a set of predictor attributes and a turget attribute. Predictors arc 

the attributes lIsed to predict the target allribute value. Classification is learning a 

fu nction that maps (classi fi es) a data item into o ne of several predefined classes. The 

icaJ'lling algoritlU11s take a sct of classi fied examples (tra in ing SCL) and usc it for 

traini ng the al gorithms. Wi th the tra ined algori thms, classificati on of the lest data 

lakes place based on the patterns and rules ex tracted frolll the training set. 

Class ificati on can I1lso be te rmed as predi cti ng a di stinc t class. It predicts categori cal 

class labels (di screte o r nominal) r341. 

Appl icat ions can select an algorithm that works best for solv ing a business problem. 

Selecting the best a lgori thm and it s settings va lues requi res some knowledge of how each 

algorithm works and experimentat ion with different algorithms and setti ngs. '!11e popular 

class ificati on techniques arc decision tree, neural networks and Haycs ian network 14S]. 

Decision tree is a widely used learning method 19J. Ru les from the train ing dat<lset are 

lirst extracted to form the decis ion tree which is then lIscd fo r class ification o f the 

testing datase t. A decision tree is necessarily a tree with un arbi trary degree that 

classi fies instances. They arc a powerful too l for c lassi fi cati on and pred icati on but 

require extensive computat ion. Creating the tree based on the training scI takes 

time although making decis ions once the tree is made is not time consuming. 

Class ificat ion tree algorithms lll ay be di vided into two grou ps: one whose result IS 

a bin .. ry tree and olher that yields non-binary Irees (also called multiway) splits [121 

Neural network is another classification technique. It is often de fincd as a computer 

applicat ion that mim ics Ihe neurophys iology o f the human brain; a neura l nctwork is 

capable of learn ing from examples to fi nd patterns in data. A neural network (NN) learns 

by using a train ing set to regress through the examples and learn in a non~ linear manner. 

The neural net work is fi rst trained , which involves readi ng sample data and iteratively 

adjusting the ne twork 's 'weights to produce opti mum pred ict ions (46). 
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Then !leW data can bc applied to this model to quickly gencrate predictions. Neural 

networks are reputed to produce highly accurate results and, in practical applications, can 

cont ri bute to profi table decisions. 

The standard va lidation-set concept can be lIsed to avoid o~erfi lling of the training SCI. 

Simi lar to the method of moving 10% of the train ing examples into a tuning set for 103 

pruning, 10% o r the NN training data wi ll be moved into a tuning SCI to val idate our 

lea rned functi on. A ner eve ry five epochs of training we save the network weight s at that 

time step and c<dculate the error Oil the va lidation sct with these weights. If at any lime 

the error rate is lower than the previous error rate from five epochs prcviolLs, training is 

stopped rmel the network weights of the previolls validation step arc lIsed l46J. 

Ne ural networks and tree-based models arc both effective data mining tools; however 

they each have their own unique strengths. 130th have ad vantages over linear models by 

being able to detect nonlinear relationships automatically. But they have different virtues 

when it comes to making predictions [rom a large number of predictor variables. Tree­

based models arc good at selceting important variables, and therefore work well when 

lIlany of thc predictors arc irrelevant. Neuralnctworks arc good at combining information 

from man y pred ictors without over-fitting, and thcrelore work well when many of the 

pred ictors are partiall y redundant. 

The Bayesian network Class ifie r is another type of \carner [47J . It uses Baye.s theorem 

and assumes independence of feature va lues to estimate posterior probabilities. 

The narve buyes method is based on probabilistic knowledge. This method goes by the 

name Na'ive Bayes, because it's based on Bayes's rule and "naively" assumes 

inelepcndenee- it is onl y va lid to mult iply probabilities when the events are independent 

t35]. Thus thc naNe bayes ru le outputs probabilities for the predicted elass of each 

mcmber of the set of test instance. NaIve Bayes is based on supervised learning. The goal 

is to predict the class of the test cases with class in/onnati on that is provided in the 

tra ining data. 
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The Na"lvc Baycs class ification rcads a sct of examples from the training scI and lIses the 

\Jayes theore ll1 to est illl a te the probabilities o f all class ifications. For each instance, the 

class ifi cation with the highest probabil ity is chosen as the prediction class. The naYve 

Bayesi an classifier traditionally makes the assumption that a single Gaussian distribution 

generates numeric attributes [48J . Two types of NaNc Dayes algorithms are mentioned: 

nuYvc Gayes (N il) and simple NaNc Oaycs (SNO). 

The diITcrcllcc between the two is thaI in NO the probability of the allribulcs afC 

c.dculatcd based on normal distribu tion 's mean, standard deviation , weighted sum , and 

precis ion but SN B is on ly based 0 11 mean and standard deviation. 

2.4.2 Clustering 

A cluster is a set o f objects grouped togcther because of their s imilarity or proximi ty. 

Objects are onen decom posed illto an exhausti ve and/or Illutually exclusive set of 

clusters. Clusteri ng according to s imilari ty is a very powerful technique; the kcy to it is 

being to transblc some intui ti ve mcasure or simi larity into quantitati ve measures l22]. 

Clustcring is 11 common descriptive task where one seeks to identify a finite set of 

categories or clusters to describe the data . Clustering come under unsupervised 

(undi rected) category. That is, the system clusters the dnla into their natural 

group/category . The sys tem has to discover subsets of related objects in the training set 

and then it has to find descriptions that describc each of these subsets 14J. 

Unsupervised functi ons are lIsed to find the intrinsic structure, relations, or affin ities in 

data. Unsupervised milling doesn't use a target ficld. Clustering is used to find the natural 

group ings of data . That is. thc grouping of s imilar illstances in to clusters takes place. The 

chall cnges in thi s typc o f' machine learnin g technique is that we have to firs t identify 

clusters ami assign ncw instances to thesc cluslers. Thc rclationship among the data is 

identified by bottom-lip approach (which is d iscussed aOcr seclion 2.4.3) [9, 45]. 

There are a number of approachcs for forming cluslers. One approach is to form rules 

which di ctate membersh ip in the same group based on the Icvel of similarity betwecn 
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lII embers. Another approach is to build set functions lhat measure some property of 

partitions as functions o f some parameter of thc partition. Two methods arc oilen used in 

database I.: lustering. Tll is incl udes Partit ioned algo rithms and hierarchical algorithms 

122J. 

Clustcr analysis is the problcm of dccomposing o r partitioning a (usually multivariate) 

data sct into groups so that the points in onc group arc similar to cach other and arc as 

different as poss ib le from the poin ts in other groups 138]. Construct variolls parti tions and 

then cvaluate them by somc crit erion, e.g., minimiz ing the Slim of squarc errors. The two 

typica l methods arc di stancc-bascd: K-means clustering and model-based: expccta tion 

max imization (EM) clustcrin g. 

K-means c1u~terin g is all iterative algorithm , which starts centroid with random cluster 

ecnters. A singlc iterat ion ass igns all objects to the closest clustcrs based 011 thci r 

di stances from thc clLls ter means and thcn recomputes the cluster mcans. 

K-l1l cans clustcring ]7, 49.1 which is a simple techniquc to group items into k clusters. It 

works with llumeric dala on ly. 

I f we need to grou p categorical data wc employ hierarchical clustering technique. It is a 

second important eatcgory of clustering method r 16J. lli erarchiea l clustering algorithms 

lind success ive dustcrs usi ng prcv iollsly established clusters. Thesc algorithms usuall y 

nrc eit her agglomerat ivc ("bottom-up") or divisivc ("top-down"). Agglomcrati ve 

algorithms begin with e:Jeh e1emcnt as a separatc cluster and Jllcrge them into 

success ively largcr clusters. Divisive al gorithms begin with the whole set and proceed to 

di vide it into success ively smaller clusters. 

The 1I1 0st cOlllmon d istinct ion between the two types of clustering techniques is whether 

the set o f clustcrs are nested or unested. That is, a partional c1 ustcring is simply grouping 

sct of data objects into lIon-ovcriapping subscts such that each data objects is in exactly 

OIlC subsct, whilc hi erarch ical clustcring is a set o f nested clusters that is organized as a 

trec. Each nodc in the trce is the unions o f its children and thc root of the trec is the 

cluster all thc objccts [161· 
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2.4.3 Association Rule 

Sim ilarl y, associa tion fu nct ions also come unde r the unsupervi sed ca tegory. It is used 10 

infer co-occurrence rules from the dala. Association rule is also known as market basket 

anal ysis. It d iscovers interesting associations between attributes contained in a database. 

111 paLlcrn discovery, two steps can be took place [221. Thai is, fining frequent patterns 

frolll large item sets and generati ng associa tion fules from these item sets. Frequent 

pattern is a pattern (a set o f items, subsequences, substructures, etc.) that occurs 

frequentl y in a data scI. Nai'vc a lgorithm, Apriori and FPGrowth arc the freq uent item sct 

mining methods. 

MOSI algo rithms such <IS "priori for the discovery of large item sct work as follows 122J. 

Fi rst, the suppo rts for s ingle items arc computed and large I-itemscts arc found. Then, 

iterat ively for sizes s=2, 3 ... , candidate s-itemsets arc genera ted from the large (5- 1)­

it eill sets o f the prev ious pass. Supports fo r thc candida tes are then computed from the 

database, and those cand idates that are turned out to be large arc used in next pass to 

gcncrale candidatcs o f s i7.e s t- I . 

Given a scI of transact ions, where each transactio n is a set of litemls (ca ll cd items), an 

associat io n rule is an express ion of the form X=->Y, where X and Y arc sets of 

attributes, mcaning Ihal in the rows of the da tabase where the allributes in X have value 

truc, also the att ribu tes in Y tend to have va lue true. The intuitive meaning of sllch a ru le 

is that transactions of Ihe database which contain X tend 10 contain Y. 

According 10 Han and K<lm ber l2 1J in order to determine the best technique suitable for 

specific data mining problem, the two styles o f data mini ng arc directed and undirected. 

Directed Data Mining is a to p-down approach. It is used to pred ict when we know 

approximately what we arc looki ng for or what we want As il is II predictive model , it 

uses experience to rank poss ible outcomes in the future by calculating a score for eaeh 

outcome. The modcl is scen as a black box because we care onl y about lhe predictions 

and tlol how it actuall y \,..,orks. J3 ui ld ing a predictive model is to apply knowledge gained 
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ill the past to the future. Which customers arc likely to buy a spec ific type of car or else? 

'Ill is could be considered as an example. 

t\'leanwhi le, undirected da ta mining follows bottom-up approach. It finds patterns in the 

data and leaves it up to the user to determine whether or not these patterns arc im portant. 

Under thi s approach, we want to know how the model works and how it comes up with 

Ihe answer. Iluman interaction is necessary because only people can determine what 

significance, if any , the patterns have. It is onen used duri ng the data exploration steps. 

For example, a persun looks at a decis ion tree and possibly notices an interesting pattern. 

I lowever, decision trec could make predictions for directed data mining. 

An importan t aspect of the mining task li es in the need to extend known teehniqucs and 

tools in a way that thcy arc robust enough to handle the characteristics of real -world 

databases t50j . The quality o f the models/rules and hence the knowlcdge discovered is 

heavily dependent on the algorithms lIsed to unnlyze the data . rhus, centra l to the 

problcm o f knowledge extraction arc the techniques/methods lIscli to gencmte such 

models/rul es. 

As such choosing !he appropriate model. renl izi ng the assumptions inherent in the model 

and using a proper rcprescn tat iona l form are some of the factors that influence a 

success ful knowledge discovery. Thus, evalua!ing and selecting appropri ate model for a 

given knowledge di scovery task is essential. 

2.5 Data Mining for Health Infornmtics 

lIealtheare is n very research intensive field and the largest consumer of public funds. 

With the emergence of computers and ncw algorithms, hcallh care has seen an 

increase of computer tools and could no longer ignore these emerging tools. This 

resulted in uniting of healtheare and computing to form health inforn~atics (llealth 

informatics exis ts s ince the 1950's). lIealth informatics plays a very important role 

in thc li se of cl in ical data. This is expected to create more efficiency and 

effeetivcness Ln the health carc system, while at the same time, improve the quality of 

hea lth clll'e and lower cos t[51]. 
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Il ealth info rmati cs is an cmerging field. It is thc logic of healthcnrc. It is the field that 

concerns itself wi th the cogni tive, information processing, and communieution tasks of 

medica l practice, education, and research, including the in fo rmation sc ience and the 

technology to suppo rt these tasks l42}. 

Health info rmati cs is espcciall y important as it dcul s with co llection, org;uli l.ation, 

storage of hea lth related data. With the growing number of pati ent and health care 

requirements, having an au tomated system will be better in urgan izing, retrieving 

and d ass ifying o f mcdical data. Physic ians can input the patient data through 

electronic hcallh forms and can run a decision sUPI>OrI system on the data input 

to ha ve an opinion abo llt thc Parent's hea lth and the care n.:quircd . An example in 

the advunccs in health informatics can be the diagnosis of a patient is health by n 

doctor practic ing in lmother part o f the world . Thus healthcare organi l<ltions can 

share information regarding a patient which will cut costs for communication and at 

the same time be more emcient in providing care to the patient 191· 

There are o ther issues like data security and privacy, which is equall y important when 

considering healt h related data. Thus I lcalth informatics "deals with biomedical 

information, data, and knowledge--the ir storage, retri eval , and optimal use fo r 

problem so lving und dec ision making"142J. This is a highl y interdi sc iplinary subject 

where fi elds in medicine, engineering, statistics, computer science and mallY more come 

together to forlll a si ngle field. 

Health Informatics comprises the theoretica l and practical aspects of information 

processing and com municat ion, based on knowledge and experience deri ved from 

processes in medicine and health carc. 

With the help of S111<111 algori thms and machine intclligenee, one can prov ide quality of 

hcalthcare, problem solving sk ills and deci sion-making systems. Informat ion systems 

can help in supporting cli ni cal care in addition to helping administrati ve tasks. Thus the 

physicians will have more timc to spend with the patients rather than fill ing up 

manual forms. 
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Fi rst the paper fonns that arc fill ed by the physicians arc converted into 

electronic forms. Programs can be built around these forms to help in input 

validations. Somc of the validation stcps can bc in thc form of cautions providcd whcn 

fi elds arc inputted wi th inva lid va lucs; another type of val idation can be to make 

surc att ributcs of high priority are not leO empty by the use r. 

The informatics part of health care can take care of the structuri ng; searchi ng, 

organi zing and deci sion making with the cmergcnce in health informatics came 

llWllY important research ideas and fields of study. The discipli ne utilizes the 

lII ethods and technologies of thc information, soc ial and technology sc iences for the 

pu rposcs of problem solvi ng and dec ision-making thus assuring quality hcailhca re in all 

basic and applied areas of medical , biomedical and hea lth sciences. 

IlcCllth in formatics is concerned primarily with the process ing and dissemination of data, 

infurmation and knowledge in all aspects o fhea lthc'lrc. It aims to stud y the principlcs and 

provide solutions. Domains of health in fo rmatics include rcsearch, academia, operations 

and cOl nll1 crc ial. 

As II discipline it is used by cli nicians, operationa l health practitioncrs, managers, 

academics, researchers, educato rs, scicnti sts, tcchnologists, and poli ti cal leaders [52]. 

Rcgarding these techno logies, the good news is that they have become relatively 

incxpensive (e.g., hund reds of dollars per salllple), making thcm widely access ible to 

rcsearchers. However, the bad news to many medical rescarchers arc that the amount of 

data coll ected by these teclmiques is phcnomcnal. 

Thc abi li ty to use datu to extract useful informati on for quality hea lthcare is crucial. 

Health in formatics plays a vcry important role in the lise of clinical data for 

discovcries o f pattcrn that IS important for the diagnosis of ncw discascs. Comput.er 

assisted in fo rmation retrieva l may hclp support quality dccision making and to avo id 

human error. Th is necd lead to the usc of data mining in lIealth informatics. Data mining 

tcdmiques, hence, become allracti vc for Jllan y medica l and hcalth studies. Broadly 
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defined, there are four general objectives fo r the data mining acti vities In health 

informatics lS3j. 

The first onc is diagnostics to dctcrmine whcther a p:.lliCnl is sufTcring rrom a certain 

mcdical condition. For instance, carl y slage lung and ora l eancC'rs nrc ve ry hard to 

diagnose by convcntional means; genomic signatures call be used to provide morc timely 

and perhaps morc accurate diagnosis . The second is prognosti cs to predict how wcll a 

patient would rc- eovcr or how the medical condition would progress over lime. For 

instance. biol narkers have been identified to predict how well a transplanted organ would 

be tolerated in the recipient's body. 

The third one is treatment opt im ization to predict the response to treatment or therapies. 

1'"01' example, (o r certain cancer types, biomarkers C,ln be lIsed to predi ct whether a certain 

chemotherapy regimen would be effective or not. Phannaco·genomics is a very act ive 

arca of resea rch on understanding how phannacclil ical s and medications can affect lhe 

gellomic profile of a patient. Understanding of diseuse mechanisms is the fourth to 

provide new ins ights into how a certain medical cond ition is triggered. For example , it is 

an active area o f resea rch on fi nding oul how signaling pathways interact du ring a viral 

infection. 

2.6 D.thl mining Practices in lIeulth c<lre 

The practice vI' using concrete data and evidence to support medical deci sions (also 

known as ev idencc-based medicine or EI3M) has existed ror centuries. John Snow l54J, 

considered to be the rather of modern epidemiology, lIsed maps with ea rly forms o r bar 

graphs in 1854 to discover the so urce or cholera and provc that it was transmitted through 

Lhe waler suppl y. 

Snow counted the num ber o f deaths and plotted the victim's addresses on the map as 

black Gars to d iscove r that most or the deaths clustered towards a specific water pump. 

Sim ilarly, Florence Nightinga le invented polar-area diagrams in 1855 to show that many 

army deat bs could be traced to Ull sanitary clinical practices and were thererore 
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preventable. She used the d iagrams to convi nce policy·makcrs to implement rcform~ thai 

eventual ly reduced the number of deaths [55 1. 

Due to such need o f knowledge from data , rea l strategic value comes from understanding 

customer behavior and being ab le to model alternative actions. The knowledge required 

to anticipa te behav ior could be discovered from many users running several trad it ional 

queries against data warehouses, but that supposes the qucst ions arc known and the time 

if; ava ilable to complete the anal ysis. 

Accord ing to Benzler, et al. [56] explana tion as we enter the new mi llennium, thc 

revolution of the in fo rmation age sti ll ga ining speed, it seems inconceivable that large 

pH rts of the Earth 's population remain devoid 01" vi tal health information. For one billion 

peoplc li ving in the world' s poorest countries, where the burden of disease is highest, no 

onc registers those who arc born or who die or ascertains the causes of their deaths. From 

the li mited data available, the health profile of these populations can be likened to an 

iceberg: the bu lk of rel iable data on trends in agc, gender, geographic variations, and 

bu rden of disease remains hidden. This great vo id in population·based information 

constitutes a major and long-standing constraint on the articulation of effective policies 

and programs to improve thc heallh of the poor and thus perpetuates profound inequit ies 

in health. The need to establish a reliable informa ti on base to support hca lth development 

has never been greate r. 

lJenzler, et al fu rther stated that experience haf; recent ly emcrged frol11 a growing number 

of cOllll llunity-based field stations that have con tinuOlls monitoring systems fo r 

geographically de fi ned popUlat ions. These field stations generate high·quality, 

population.based, longitudi nal health and demographic data with the potential to fill thi s 

in fomlation void in the developing world . Since 1997 a number of organi7 .... 1.tions have 

made a systema tic cffort 10 harness and make more readi ly available the products of these 

disparate initiatives. 

Snow Rnd Night ingale [56] were ab le to personally collect, sin through and analyze the 

mortality data during the ir times when the volume of information was manageable . 
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roday, the s ize of the population, the amount of electronic data gathered , along with 

globa li7 .. atioll and the speed of disease outbreaks make it almost im poss ible to accomplish 

what the pioneers did. 

This is where data mining becomcs useful to hea lthearc. It has been slowly but 

increasingly applied to tack le various problems of knowledge di scovery in the health 

sector. 

Oala lllllllng is a powerful new solut ion to inform:lt ion overload. It enablcs an 

orgunizutioll 1.0 betler understand the business process at wo rk by searching automaticall y 

Ihrough huge amounts o f data, looking for patlerns of events, and presenting these to the 

busincss in an easy-ta-understand graphical form. These systems are tircless, they do not 

forget, they free up skill ed human resources. and find unswers to im portant questions that 

users may never have asked. 

Organizations need thesc new solutions if they are to remai n competiti ve. According to 

Eight Trends in IT [57], in lhe Gurtncr Rescan.:h Review from 1998, trend one is: "From 

Data to Dec isions. Rather than using IT as a means to co llect and present data fo r users to 

make decisions, technology will continue to automate more of the bunJen of the decision 

IIwking process itsclf(e.g., th rough data mining, expert systems, and agents) ." 

Data mining and its appl ication to med icine and publ ic health is a relatively young fi eld 

of study. III 2003, Wilsoll et al [49·1 began to scan cases where KDD and data mining 

Icc\mitlues were applied in health databases. They found confusion in the field regard ing 

what eOl1 sti tuted data mi ning. "Some authors refer to data mining as the process of 

acquiring in fo rmation, whereas others refer to data mining as util ization of stati sti ca l 

techniques wi th in the knowledge d iscovery process." 

Despite the differences and clashes in approaches, the health sector has more need for 

data mining toda y. There are several arguments that could be ad vanced to support the use 

of data mining in the health sector, covering not just concerns of publi c health but also 

the private health seclor. 
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Dalll ovc rload : There is a weahh of k.nowledge to be gained from computerized health 

records. Yet the overwhelm ing bulk of data stored in these databases makes it extremel,y 

dimcult . if not impossible. for humans to sirt through it and discover knowledge l58]. 

In ract, some experts bel ieve that medical brenkthroughs have slowed down, attributing 

th is to the prohibitive scale and complexity of present-day medical information. 

Computers and data milling are best·sui ted for this purpose 1591. 

Ev ili cllcc.b:lscd mcdicine and prcven tioll of hosllitlll erro rs: When medica l 

institutions apply data mining on their existing data , they can di scover new, use fu l and 

potentiall y li fe-sav ing knowledge that otherwise would have remained inert in their 

datab(lses. For instance, an ongoing study on hosp itals and safety found that abou t 87% of 

hospital deaths in the United States could have been prevented, had hospi tal sta rT 

(including doctors) been more careful in avoiding errors 160 1. l3y mining hosp ital records, 

sllch sarcty issues could be nagged and addressed by hospital management and 

government regulators. 

I'olicy-mnkiug in public he.dtb: Lavrac et al.1 61J combined GIS and data Illining using 

among olhers, Weka with J48 (free, open source, Javn-based data mining tool s), to 

analyze similarities between community henlth centers in Slovenia. Using data mining, 

they were able to di scover patterns among health centers that led to policy 

rcc011lmcndations to their Institute of Publi c Il ealth. They concl uded that "data mining 

and deci sioll support methods, incl uding novel visuali7 .. ation methods, can lead to better 

performance in decision-making." 

Quality Healthcare is the need of an increasingly discerning population worldwide. OM 

in Hea lthcare provides com prehens ive heallhcnre of highest qu.liity in the geographies 

tllcy operate, with an aspiration to be a responsible player with a quest for excellence 

[62J. 

"1l1e improvement of new technologies ri se da ta co llection and accumulation. Without 

appropriate process ing and interpretation thi s information remains useless. Therefore, the 
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DM techno logies give a much better nnd ma rc exact representa tion o f relationship 

between symptoms and diagnosis aftcr exploring the accumulated data. 

2.6.1 C hallenges and concerns 

Applying data mining in the medical fidd is a very challenging undertaking due to the 

idi osyncrasies of the medical profession. Shillabccr and Roddick's 1591 work cile several 

in herent conniets between the traditional methodologies of data mining approaches and 

lIIedi cine. In medica l research, data mining starts with a hypothesis und then the resu lts 

:Irc adjusted to fit Ihe hypothesis. Th is di ve rges from standard data mining pructi cc, 

whi ch simply starts w ilh the data sct without an apparcnt hypothes is. 

Also, whereas traditional stat ist ics is concerned about pallems and trends in data sets, 

data mining in medicine is more interestcd in the minority that do not conform to the 

patterns and trcnds. What heightens tbi s difference in approach is the fact thut most 

standard data mining is concerncd mostl y with describing but not ex plaining the patterns 

and trends. In contrast, medicine needs those exp lanations because a sli ght difference 

could change the balance between li fe and death. 

For example, anthrax and innucnza share the same symptoms of respiratory problems. 

Lowcring the thresho ld signal in a data mining cxperiment may eithe r rai se an anlhrax 

alarm when there is only a nu outbreak. The converse is even more fala l: a perceived flu 

outbreak turns out to be an anthrax epidemic 163) . It is no coincidence thaI we found Ihn! , 

in 1lI0s1 of the data mi ni ng papers on disease and treatment, the conclusions were almosl­

always vague and cautiolls. Many would report encollragi ng results but recommend 

furlhe r stud y. 'fh is failu re to be conclusive indicates the current lack of credibility of data 

l11illillg in these particular niches ofheallhcarc. 

The confusion about the dclinit ion of data mining "Iso complicates the issue. For 

example, we found a couple o f papers with thc keywords "data mining" in their titles but 

turned oullo be tbe s im ple use of graphs. Shillabeer [59 \ said that this misunderstanding 

is prevalent in the relati vely you ng ex istence of data mining in healthcarc. 
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b 'en if data mining resu lts are credible. cOllvincing the health practitioners to change 

their habits based on ev idence ma y be a bigger problem. In one case, it was found that 

llocturs ~Oll1in g out of autopsy witho ut washing hands and led 10 a high probabi lity of 

deaths in the patients they treated <lfter the autopsy. Presented with this evidence, doctors 

sti ll refused to change their habits until onl y Illuch later. 

Shi llabeer (59\ also reported mosl doctors prefer to li sten to a respected op inion leader in 

Ihe medica l profess ion, rather than 10 the resul t of data mining. ShiHabccr 's observation 

e .\1l be vll iidutcd by us, since we hu ve worked with doctors in a med ical school in Olll' 

1:1Ipacity as an organi zational managcment consultant. 

Privacy o f reco rds and ethica l lise o f patient information is also one big obstacle for data 

mini ng in hea lthcarc. For data mining to be more accurate it needs a sizeable amount of 

real rccords. l lcallhcare records arc pri vate information and yet. using these pri vate 

records may help stop deadly diseases. 

Uelow are the cha ll enges the data mining technique faces t591: 

~ Large databases: Databases with hundreds of fields and tables, millions of 

records, and multi-gigabyte size arc quite commonplace, and terabyte databases 

are beginning to appear. This poses a chall cnge lhat how 10 mine the inform ation 

from sllch a huge database. 

~ High dimensional ity: Not on ly is there o ften a very large number o f rccords in 

database, but there can also be a very large number of fields (attributes, variables) 

so thallhe dimcnsionality o f the problem is high. This creates problcms in terms 

o f incrcas ing the size o f the search space for model induction in a combinatorial 

explos ive manner. 

;.. Ove rfilling: When the a lgori thm searches for the best paramcters for onc 

particu lar model lls ing a lim ited sct of data, it lIlay overfit the data , rcsulting in 

poor performance of the model on test data. 

~ Assessi ng statistics signi fieance: A problem (related to overfiting) occurs when 

the system is searching over ma ny possible model s. 
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» Changing data and knowlcdge: Rapidl y changing (non-stationary) data may make 

prev iously di scovered patterns invalid. In addition, thc variab les measured in a 

givcn application database rllay be modificd, dcleted, or augmented with new 

measurelnen ts over lime. 

I> Miss ing and noisy data: This problem is especially acute in business databases. 

Important attri butes may be missing if the database was not designed with 

discovery ill mind. 

}> Complex relationship between field s: Ilicrarchically structured attributes or 

vn iucs, rela tio ns between attribu tes. and more sophi st icated means for 

representing knowledge about the contents of a database wlil require algorithms 

Ilwl can crfcclivcly utilize slich information. 

}> Understand abili ty of patterns: In Illany applications, it is important to make the 

d iscove ries more understandable by humans. 

}> Use r in teraction I prior knowledge: Many current KDD methods and tools arc not 

Irul y interacti ve and cannot easily incorporate prior knowlcdgc about a prob lcm 

except in s im ple ways. 

» Integration wi th other systcms: A stand~alone discovery system may not bc ve ry 

lIseful. Typica l integration issues inelude integration with a DBMS, integration 

with spreadsheets and visualization tools, and accommodating rcal-timc scnsor 

rcadillgs. 

2.7 Curren t DM Research Errorts "lid Related Works 

In the domain o f the health care there is relati vely little work on what the data mining 

work besl. Current efforts to turn information into k110wlcdgc in health care organizations 

arc implement ing th is technology to help control costs and improve the efficiency of 

health carc se rvices. 

Even though studi es in Butajira have been conducted in a set of nine randoml y selectcd 

(probability_pro po rtiomli-to-size technique) rural kcbcJes (known as "peasants' 

associat ions") and one urban kebclc (the Urban Dwellers' Association), only two 

research works do ne using OM 11 4,64]. The rest rcsearch work conducted with statistical 
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so ft ware (like SPSS, EPI-lnfo) tools that mostly used to show verification (prove or 

dispro\!c) instead to fi nd unrecognized new knowledge from monthly visited to each 

hOllsehold data. So far, three complete censuses of the population (in 1986. 1995. and 

1999) have been dune. T he ex ten t of s imilari ty between the 1994 national census and the 

DSS database illustrates the quality of the con ti nuous registration system. Currentl y, the 

surve ill ance interval is changing from monthl y to quarterly. Custom-made sofhvarc, 

based 0 11 the dBasc system, is used to handle the data \11 J. 

The study base is now well estab lished <lnd if; being lIsed for other more focused studies 

on essentia l health problems of the country, using qualitati ve, as well as quant itative, 

research methods. So fa r, research on childhood respiratory illnesses, other infectious 

diseases, reproductive health, and mental health has been conducted using the study-base 

infras tructure [5J. 

Th is work has w ntri butcd to human-resource development and research capacity­

building at the Faculty of Medicine, Addis Ababa Uni versity. 

Some research works for data mining in health care industry have been carried out but 

not yet fu ll y investi gated since the work was done ;:It the time the amount of data as sllch 

lIot huge or large. 

I\ s cited by Dibaba [64] Abraham tried to identify determinant risk factors of IIlY/ADIS 

infect ion and to find their association by using data lIIining appl ication. The main 

objective of the reseurcher was to explore the potent ial fac tor application of DM to search 

for the major factors those results ill IllY infection and transmiss ion using voluntary 

counsell ing and testing (VeT) dataset in Addis Ababa. The researcher followed onl y a 

three steps methodology (Data collection, Data preparation and Model bui ldi ng and 

testing) implementing association ru le discovery. 

The researcher reported that 75% the data collected were from unmarried pcoplc showing 

that unmarried people arc the major users of yeT services. Even though the size of the 

data was not ment ioned, the researcher followed three step methodologics- data 

CO llecti on, data preparation and model bui ld ing and testing. '1l1e researcher has disclosed 
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that people suspect and symptom is also assoc iated to III V negative results wilh 

ev idences (36 .33% suppo rt and 100% confidence). 

The first study lhat was conducted at BRill' database using data mini ng application is by 

Anagaw t 14] to pred ict child mortalit y patlerns with only 11 00 records. The researcher 

developed a model to support primary health care providers, policy makers and planners 

for identifying the major determinants or child mortal ity :md to prevent and control child 

marlnl;ly. 

The rcscan:hcr has used the methodology suggested by Berry and Linorr li S,! . This 

methodology assumes that the business prob lem has already been identified and hence 

directly proceeds to the different data mining sleps Ihal need to be carried oul in order to 

develop a model for the data-m ining projeel. 

The researcher obta incd 93% and 95% accuracy with Neutral network and decision tree 

implementation , respectively. From hi s fi ndings, the researcher reported that the results 

from both teclmiqucs indicatc that data mining is an appropriute tcchnology that should 

be employed to suppon child mortality prevention and control at the district of Butajira 

and even in general nationwide. 

Recently, Dibaba l64\ conducted data mining research to pred ict household hea lth 

seeking patterns using BRJ-IP dataset Thc researcher aim was to develop a model that 

identifies risk factors and patterns o f household health seek ing behoviour at l3utajira 

district. 

A total o f 6044 6 records were lIsed for the resenrcher' s experiments with the , 
implementation o f J48 decis ion tree tcchnique employed cross industry process for data 

mi ning (CRISP) methodology. The find ings o f the researcher indicated that predict 

househo ld he~d lh seek ing pattern using data mining techniques is possible. lie found that 

the accu racy rate is 89.90 17%. Even ir the researcher tri ed to increase the accur..Iey of the 

modc1 lhat was fo und, it was being unsuecess rul and imposs ible. This implies that there 

was limited number o f records to apply data mining technology (i.c. less than in hundred 

thousands). 
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Seen from the ex isting researches above, some methods have been already applied to 

informat ion anal ysis; both domesti c scholars regard the BRIIP data as an important 

illformatioll sourcc, and try to find oul the hidden patterns through the usc of diffcrent 

ll1 ethods. Ilowever, lIlost studies have sta yed at quanti tative features stati stics with vital 

in formation, and they almost do not wke into account the various bias effects of the data. 

While as lo r the utilization of vital information, it is basically on the level of qua litative 

anal ysis and information computat ional management, it cannot mine the knowledge rules 

automa ti call y from thc content of data. 

Fu rthermore, !hc study o f the vita l stoti slics data in domcstic programs is still at an ini tial 

stage, the 3cttml d isparity is greater compared with the dcveloped countries, some of the 

researches ai m at stud ying a certa in vital stati stics, yet there is no study on the vital 

stati stics strength of the count ries and it is only to evaluate the projects or analyze the 

country's overall si tuation. This type of analysis is more of vertical comparison with the 

health s illlation in Ethiopia over the past few years, as well as horizontal comparison with 

the vita l quant it y o flhe other countries, it cannot trul y renee! the programs' value of vital 

information analys is. 

llowcver, the researcher of this study found on ly one related work on vital stati stics data 

using data mining appli cation that was conducted by Zhang el al. 1651 at the state of 

California , USA. The researchers used a data mining tool called Cubist to build 

predictivc model s out of two million cases over a ninc~ycar period. The objective of the 

stud y is to d iscover knowledge that can be used to gain insight into various aspects of 

mortality ill California, to predict health issues related to the causes of death, to offer an 

aid to decision~ or policy-making process, and to provide useful information services to 

the customers. 

As the researchcrs report the results obta ined in the study con tain valuable new 

informati on. Thcy wrote as the models produced by Cubist also contain surprising results 

that arc not found in the o ffi cial pub li shed reportS. Most of those surprises represent 

valuable new informat ion. Incl uding marital status as an attri bute during the mining 

process helped unearth valuable new info rm ation. 
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Considering these ideas, th is study explore the usc of data mining techn iques for vital 

event illformation in our country, using classificat ion method to an" lysc vi tal statistics 

data, in onJcr to provide inrormat ion support ror the technical innovation acti vities of 

programs. it is all ex ploratory new idea. As to the rescurehcr knowledge therc is no 

research that attempt to apply data mining 0 11 vital stati stics data in our country. lienee 

thi s slmly has a great contribution fo r d iscovering knowledge that can hclp ror errective 

dec ision making and poli cy recomlllcndations. 

53 



CHAPTER TI IREE 

DM TOOL, TECHNIQUES A DALGORITJl MS 

3.1 In troduction 

As it is mentioned in the methodology section in chapler one, the problem that thi s 

research is go ing to address is a class ification problem. li enee, il is important to explain 

the classification illlpiclllcntalions rOT model bu ild ing and experiments to be carried o ul 

itt lhe da1<1 min ing process, which also involve data mining 1001 selecti on and al gorithms 

lIsed for model ing. 

To demonstra te real practica lity in an y data mining process, selecting the potcnli{l l 

mi ning too l is important to understand clenrly the techniques (tIlei algorithms to be 

implemented, ant.! describe them speci fi ca lly based on the tool uc,cd rur the rcscrllch 

work. In practical applications one has to decide wh ich models anti parameters may. be 

appropriate fo r d iagnosis and predi cti on problems. An algorithm prove useful for a 

hcalthcare database may show not to be useful in a coupt:ratc (j"tabasc. The too ls used for 

data analysis arc different : traditional stati stic .. 1 methods, neuronal nets (l3rainMakcr, 

NeuroShel1 ), case-based reasoning (nearest neighbour), decis ion trees (Sec5IC5.0. 

Clement ine), genet ic methods (Po lyA nalyst), machine learning algorithms and class ifiers 

(IV EKA). CRUISE. Discover'E, elc [66) . 

So, ill this study the researcher chooses to usc the Weka 3.6.2 software. The reason why 

thi s too l is spcc ial1 y selected is that it is the only toolkit that has gai ned widespread 

IldOplioll and surv ived for an extended period of time and it is freel y available for 

downl oad (i.e. it is an open source software) and as well it ofTers man y po" .. crful features 

(sometimes lIot found in commercial dall! mining software). it has become one of the 

most widely used data mining systems. Other data mining and machine learning systems 

tlmt have achieved this arc ind ividual systems, li ke Xe lopes, not toolkits. Wckn olso 

became onc of the favori tc veh icles for dnta mining resea rch and helped to advance II by 

mak ing Illany powerful features ava ilable to all. 
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• Individual - th is entity contains d r a reeor lor every individual who has ever 

resided in the s tudy area. Optionally, this enti ty m~\y record individuals whose 

residence in the study area has not been reco rded b tOO d II IS req ui re to complete a 

genealogy or relationsh ip record. Records arc uniq cl od or d h 1 . 1I Y I cntl i lc L roug 1 an 

individual ID value. Genealogical linkages can be established by stori ng the IDs 

oFlhc indiv idual' s rather and mother. Th is informat ion (mother's and falher's ID) 

can also be useful fo r ide ntifi cation purposes, especially where name and date of 

birth arc not clearly de fined, as is o ften the case in SSA. 

• Socia l group - thi s entity stores inlonnalion on a defined social grouP. such as a 

household. An individua l is associated with one or morc soc ial groups, through 

one or more membership episodes. 

• Observatio n - the observat ion entity stores the in format ion that a particular 

physical locati on has been observcd at a given ti me. This entity can also store 

information on the person maki ng the observati on and opt ional info rmat ion, such 

as the census round . The observation entity is linked to all the events recorded 

during the observation. 

• Events - the events entity may indicate a change in the stale of an indiv idua l (for 

example, frolll resident to nonresident, in the case of an out-migrat ion). Events 

that initiate and terminate a part icular state of interest (fo r example, residcncy) are 

combined and recorded as an episode (fo r example, res ident episode). These types 

of event s are known as " paired events." Events tha t do not record tbe start or end 

of a particular state are known as "po int evcnts." The information COlll lllon to all 

events (s uch as da te of occurrence, type of event, and 10 o f the observat ion duri ng 

which the event was recorded) is stored as part o f the episode that this event 

initiates or ends (in the ease of paired events) or as part of the point· event table (in 

the case o f point events). Additional data associated wit h an event arc stored in a 

separate entity. The following event types are noted in Figure 4.1: 

o Bi rth _ this event type records all live births to residents (sti ll births are 

recorded as a pregnancy-outcome event). The event is linked to the 

resident episode it initiates - it also initi ates soc ial·group membership 

and relationship episodes. 



o Death - this event type records all deaths of residenlS . A death c\ ent will 

terminate all o jJen episodes belonging 10 II "d""d I 11 1C In IVI un. lC death·event 

record is linked to the resident episode II I II " 1<1 lC evclll tcrmlllatcs and 

o 

conta ins additi ona l data , such as the locat ion and cnuse of death. 

Relati onship start - th is event type records the stan of a rclation~hip of 

one indi vid ual to another. By convention, relationship events arc linked 10 

the female in cases of heterosexua l relationships und to the younger 

individua l in cuses of samc~scx relati onsh ips. In the case of carctnklllg 

relati onships, the rel ationship events arc linked to the person recei ving 

ca rc. 

o Relationshi p end - this event type record!) the end of a rclalioll!)hip 

between two individuals. 

o Membership start - th is event type records the start of an individual's 

membership in a socia l group. 

o Membershi p end - this event type records the end of an individual' s 

membership in a social grOllI'. 

o In-migrati on - an in-migrati on event initiates II new or changed phy~ le:l1 

loca tion for an indi vid ual. It records the start of a new residence episode 

fo r an indi vidual and can originate within or outs ide the study aren. 

Additi ona l data, such as origi n, are usuall y stored in a separate clltity 

linked to the episode via the episode ID. 

o Out-migrati on - an out-migrat ion event terminates a resklcncc episode at 

a phys ical location for an individual. The destination of an out-migruuon 

can be within or outside the study arca . Additiona l ditta, such "'s 

destination , arc usuall y stored in a separate entity linked to the episode via 

the episode 10. 

o Status observation _ any num ber of optional events can be defined to 

record status information observed for individuals, such as socioeconomic, 

nutritionaL educational. or iml1luni7 .. alion status. Repeated statu s 

observa tions make 110 assumptions about the value or observed attributes 
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during the observat ion interval 'f b • • even 1 SU sequent obscrvation~ II1Cil.'iUrC 

the salll e va lues. 

Episodes - As Figure 4.1 shows, episodes can Occur to rcsitJcllIS, rclalilmslllp~ . 

pregnancies, ,md memberships in socia l groups: 

o Residen t episode - a resident ep isode records the stay of an individual tit 

a physical location. A resident episode can be initiated only by II DSS 

entry, u birth, or all in-migra tion event. It can be tCfmin:tlcd only by a DSS 

exi t, a death, or an oul-migration event. 

o Relationship episode - a relationshi p episode records a time-dependent 

relationship, stich as a marital union, between two imlividuals. 1 he 

episode is started by a relat ionship-start event and cOlldudcd by (1 

relationship-end event, a death , or a DSS exit. -I he rclotionslup cpislxle 

records the IDs of the two individuals involved in the relationship. but the 

events initiat ing and terminating the episode arc linked to only one of the 

individua ls, as described above. 

o Pregnancy episode - Pregmlllcy is recorded as an episode. with certai n 

attri butes recorded on the fi rst observation of the pregnancy and others 

recorded when the outcome of the pregnancy is known. One lesson we 

ha ve learned is that ir you want to do a good job in child registration, you 

havc to register pregnancies fi rst. Ilowcver. if a pregnancy is not observed, 

but only tbe outcome, the start of the pregnancy episode is still recorded as 

the dntc of the last menstrual period before the pregnancy. In this ease the 

start and last observation IDs will point to the same observation instances_ 

If a pregnancy is terminated by the woman 's death or out·nllgmtion. thc 

rcason for termination is recorded as the teOllinating·evenl type. and the 

episode is concluded. In the normal course of events, the pregnancy 

outcome could be recorded in the terminating·evcn t type as spontaneous 

abortion, induced abortion, normal del ivery, assisted dehvcry. or 

l 'h "b" II local,"on" field rerers to the dchvcry caesarean section. e Ir 1 

ellvi rOlUllent (for example, the name of a hospitol or clinic where the 

delivery took place). 
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o Membership ep isode - a membership cp'sod d 1 C reeor s the Illcmbcrslup {If 
an ind ividual in a particular social group A be h' , . IIlcm rs Ip episode can be 
initiated only by a DSS entry a birth or a 1 be I' , ,( 11cm r:; lip start c\ elll It can 

be tc nninated o nly by a DSS exit a death or, be I ' d ' , " mCIIl rs lip til event 

In summary, Figure 4.1 il lustrates the ent ities and relationships of the reference d.tla 

model. Mandatory fields and entities arc displayed in bold type, whereas optlOnol ficlJ~ 

and entities arc displayed in normal (nonboJd) type. 

4.1.2 Data collection and processing 151 

When the l3utaj ira area was originally establi shed as the DSS at 130 kill fur frolll Atldl\ 

Ababa there were several reasons. First, it was considered beyond the direct lnnUcncc of 

the municipal area but nolioo far from the univers ity. Second, as it was in the mid· 19KOs 

civil war raged ill northern Ethiopia. I-Icllce a location to the south was prclcrlcd in the 

interests of l ong~tenn continu ity. The area also orrered a diversity of dcvcl~)pll1elll .. l, 

geographic. ethnic, and religious parameters within a fa irly (hserete area. As lime pa!;sed. 

the extent of this di vers ity and its major consequences for many ])(}PU IUlioll p.lmrnctcrs 

oo:amc increasingly apparent. 

The in il itl l census of the population in the selected villages was done in 1987 to oblnin the 

basclillc populution and es tablish a system of DSS with continuous reglslnltitln of vital 

and migratory events at household level. The total I){)pul ution was 28,780. Any adult 

mcm1Jcr of the household > I 5 years old was eligible to respond in the monthly household 

intcrv iews. These were carri ed out by a team of secondary-school gradullte cnUlllcr:lIors 

who were based in thc kcbcles. Each vita l evcnt was registered on J. separole form at the 

houschold Icvel. Basic demograph ic, socia l, hous ing·condition, and health-care-use 

charactcristics wcre recordcd ror each household on its cntry into thc DSS and then 

during cach re~ enumeration. 

A ' f I 1987 ccnsuS was not done until 1995. s 11 hapl>Clled, the fi rst overall update 0 tle 
'h' h d ld was thcn conducted In 1999. \\ Ie was, in retrospect, too long. A rurther up ate roUi • 

From the time or the J 987 censuS until 1999, continuous surveillance was carried Oul 

75 



during monthly visits to each household. lIowever in II I' 1 f , lC Ig II 0 cxpencm:c. bUlh here 

and elsewhere, quuI1crly household visilS were phased in during 1999 and 2000. 

4.1.3 Databases and records storage 

An underlying princip le for recording events in a DSS is Ihn , of ai' k .. • popu a Ion at n~ 

Mortality, fertility. and migration rates are calculated by counting the numhcr of dcath'i. 

births, or migrations occurring within a registered popula tion exposed tu the risk hlr 

example, an individual who is not resident within the DSA is not CllIISidcn.:J al li ... k (1f 

dying with in the area. Consequently, DSSs do not observe nonres ident IIIdl vidual s or 

households and d? not record their events. Before the survei ll ance interva l IS chani:lIlg 

from monthly to quarterly. monthly visits 10 each household had provided Ihe datil 

As it is cited by Anagaw [1 4] Drahane ct al slated tha t it was initially unre"llistic Iu Ihll1"­

of computerization of the data on-site for handling the data were limited itt J',,-:rsulI .11 

computers were sli ll in early stages of development and very litt le experience of their u~c . 

So, data for the DSS were initiall y entered as text strings, but the DSS Ims. sUlce 1994 , 

used software based on the dBase IV platform. As developed for Ilutajira. this progrum 

iocludcs procedures for automati c consistency checking and has more sophiMicillCd 

fac ilit ies for data management and retri eval. The indigenolls calendar used 111 Elhmrin 

runs behind the international calendar by 2809 days and has 13 111 0nths in a ycar, and tillS 

has prcscnted serious obstacles to using proprieta ry packages ror longitudinal dutu 

Data arc current ly en tered in Butajira, which allows any inconsistelliquestiolln.llrcs 10 Ix 

immediately sent back to the field. This is a signifi cant improvement ovcr earlicr 

practicc, which was to centrali ze data operations in Addis Ababa. 

The DSS operales as a dynamic open-cohort systelll . The individual pe rson ) caP.oo nrc 

aggregated to serve as denominators for calculat ion of va rious health and demographIC 
, d' I ' (' 1986 1995 ond 1999) h"c 
In ICCS. SO far, three complete cenSlIses of the popu ailon III , • 

been done. The extent or similarity between the 1994 national census and the OSS 

database illustrates the qua lity or the continuol1S registration systcm . 
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E
lt'1I1S registered by the BlU-IP arc birth, death, marriage new houscl Id . • 10 ,ouHlugratltln. 

, "'i"~tion and internal move (migration within the BRIIP DSS k bel un, .. 0' - e CS). Iiousehoid 

. ....1 environmental variables arc measured during the censuses "11 db ' liN . Ie stu y- ase IS IlI\W 

IIdl established and is being utili zed for other more foc llsed studies on essential health 

IfOb1cms afthe country using qualitat ive as weIJ as quantitati ve research methods. Sl) far. 

research ill the area of chi ldhood respiratory illnesses, reproductive health. melll.1i he.llth 

and other infectiolls diseases have been conducted utili zing Ihe stud y~basc in frastructure 

Dcaths and mortality 

Deaths of all regi stered and e ligib le indiv iduals arc record ed, regardl ess of the plal,;c 01 

ikath. II may be impossible to record the deaths of previously eligible individuuls who 

mell out-m igrated. In this case, observation of their survival is censored Ilt thl' time ul 

migration. Information about the death of vis itors to the DSA is sometimes collected, hut 

llis only used in mortali ty estimates if a de facto population estimate is availahle for each 

dal'. 

Undcrrcporting of deaths is typical ly less of a problem than that of births, because a death 

~ \\idcly known and remembered. Exceptions arc the deaths of young (and yet 

Wlrcgistercd) infants, pas1ieularly prenatal deaths , if cult ural belicr.., or grief 11Inder~ 

reponing. 

The DSSs collecl more detai led information about deaths to estublish the cause of dCilth, 

grncrally through the so-ca lled verbal autopsies (VAS). 

The computer systems maintain standard DSS-process ing operati ons: 

d I · d diting of the baseline and 
Data entry _ Software allows for entry, e chon. an c 

. . . d . C I· includes thc household 
longitudlllai data. Baseline houschol mlonna 1011 

I 
. . .. . . I Id I" I"onships between indiViduals, and 

ocatlOn, mdlvlduals wlthlll the house 10 ,re ,\ I 
. . . .. . I des basic infontl3liol1 on 

falmhal social groups. LongitudlllaJ mformallon IIlC U 
. . . 1 and Ollt of the study area. 

pregnancies and thei r outcomes, deaths, migrations 1\ 

marriages, and any other measures the investigators specify. 
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Validation - Software checks for the logical COilS' IS ' r ·' , clley 0 ulna. 

"""sile has also developed software for reportin" outcomcs a ., I'" 0 flu mnnagmg d.lta 

Reports and output - Routine software calculates and dis In ., P YS utIllOl;Wphll.: rah:\ 

and life tables and can compute age-specific and overall ",Ics. 

VisitaliOlI register - Software prints the househo ld-registration txKlk. "hu,;h I 

used by the fie ld workers to update and record info rmation dunng huu~chllid 

intervi ews. 

utilities - tbis opt ion is primarily lIsed by the system IIdminislf,lIur II Indudc! 

capabili ties for udding new user IDs, setting interview-rouml inf(lrnl.ltinn. (lnd 

generating reconcil iat ion reports to help track down unreported plq!I\.Inq 

outcomes and unmatched internal migrants. 

4.1.4 Data quality ass unmcc 151 

~ta-quali ty-assura nce mechan isms have been instituted at scvcrul fK)illt~ I\) c,:n\un: tht 

IDtegrily of the data, The most cri tical of these mechanisms is field sllrcrvislon !"Idd 

Rlperv isors daily supervise daw collection and check each completed data lorl11 I hey 

uso makc random visits 10 selected households each month , using [l wcekly distlihuted 

umctablc. Rcsearch assistants supervise the data flow from the households tn till" 

((1ffiputcr system, 'I'hey also check the data at the fi eld level. for randomly .~c1cetcd 
Iwscholds. Researchers work in the ri cld to provide on-site technical assistance and 

guidance and check data quality. 

4.1.5 Method of a",lIysis a t DSS 151 

-\lthough the site reported data for longer periods, life tables wcre constru..;tcd III the 
_ ,_ . I' t s for thc d"C ~fllUp 
- OJ<Ird fashion Preston el al [5]. nMx, the age-specific morta Ity f3 e eo 
'x+ D years cxposed. nl'Yx, III the 
.. n were calculated as the rat io of deaths, n x, to person .' . . 
om '1' r ·' · 18 in aoe group x '\; Il. \lIIC 

e age group. When calculat ing nqx, the probabl Il y 0 uyl! Eo • 

I I r r tl • aue intcf\'ul CX(Cpt hlr Jg 
mes that the average age at death, n uX, equals 1a 0 lC 0 • 

<l . I -I of nux arc calculated u'omj 
)cars. In the age interva ls 0-<1 and 1-4 years, t lC va lies 



a 

the relationships developed by Coalc and Oi.:mcny, based on the West model life-table 

system Preston cl <lll21. The open rlge interval encompassing ages >85 years IS closed In 

the usua l way, by letting nL85 cljual the ralio of 185 to ooM8S. Standard errors arc 

calculated using formulae developed by Chiang (1984). For inst<:lncc let's look at the 

fo llowing way ofmorwli lY dala anal ysis. 

A. Mortality dat<l 

To allow maxim um fl ex ibi lity in analysis, the s ite provide counts of deaths and person 

years obse rved in standa rd 0 10 85+ age groups by sex for single years o f observation for 

[IS many years or observa ti on as possible. To adequatel y capture the variation in mortalit y 

over lime, the dala f .. olll the site is grouped inlo 3-ycar inlclv a!s. or as close to J·yea r 

intervals as poss ible and practical 

An indiv idual' s probabili ty of dying dcpcnds primarily on sex, age, hea lth , genetic 

endowment , tmd the environmcnt, all o f which detcrmine the risk of falling victim to 

illness or accident 151. The primary determ inants of mortalit y interact in complex ways 

and depcnd in turn 0 11 a large and variable set o f complex social determinants. As II result, 

it has not been possiblc to lo rmuiate a general , thcory·drivcn model o f individual ri sk o f 

death. 

B. DisclIssion 

The data presented here arc the first large compilation of higlHlunlity data collected at 

intensively operated lo ngitud inal lield sites. In light o f the general lack o f high·quality 

informat ion describ ing contemporary Illort<tlity, thi s is a uniquc and useful coll ection of 

data. lllc writer reported as the lcvel o f mortality varies considerabl y acrosS the sites that 

have produced these Jata and all but one or two appear to have produced very reasonable 

agc.specific mortality schedules. A great deal of additional analysis is applied to these 

data in the lien!' future. The first extcnsion of the basic description of the Icvels and age 

pallerns of mortali ty presented here is the identification and thorough examination of the 

common underlyi ng age pallerns o f mortality embodied in these duta. 
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Furthermore, several Stud ies have been conducted in 13 I " . u aJlm In a set of IlI ne r:tndumly 

anu one urwn Cuc c (the selected rural kebelcs (known as "peasants' associal',o"S")' .• .,. k c·1 

Urban Dwel lers ' Association) implemented probabi lity,pro n' 1 . 1 po lona -to-Slle tct,; 1l114uc. 

11le intensity and di versity or the research activities have al so reqUIred (I \\ Ider 

participation of mult idi sci plinary researchers. The participating rl.!searthcrs have 

backgrounds in obstetrics, pediatrics, epidemiology and biostat istics, S(K;lCJ logy. 

psychiatry, nursing, and public health. At present, more than 50 field staffs arc \ ... or\" 1I1lt 

in Ihe DSS [11] . 

The site manipulates and analyzes data with dOase, Epi-In fo, and the eohurt prnltmm. 

developed by Umca University, which docs person- year-based onalyscs of events In 

dynamic cohorts. For example, 5143 deaths and 15667 births were registered 111 the arca, 

CrOlll a total of 336 074 person- years of Ca llow-up during 10 years of surveillance. I hus. 

based on the observed total number of deaths in thi s study base, the en".!e 111llnnill Y rute 

is 15.3 per 1000 person- years. A total of 71 004 person- years has been obse rved <l11101lg 

women 15-44 years old, representing 2367 reproducti ve lifetimes and hence an over .. 111 

Certility of 6.6 births/woman. The maternal mort;:llity ratio has been estimutcd usml,; 

several methods and is believed to be around 600 per 100 000 live births 1111· 

Deaths among children <5 years old represent 43% of all mortality. lialf of these r.leaths 

occurred during the fi rst year of li fe. and 53% before 2 months. From Ihe ugc-spccific 

mortality rates we can estimate the cumulative mortalit y throughout li fe . TllU~. (I11IOllg 

live bili hs, an estimated 4.2% die during the first 2 months of life, 8.0% before I ),c,lr, 

16.6% before 5 years, 36% before 15 years, and 56% before 65 yea rs. Sub~lUllti ;\ 1 
variations have occurred between areas with regard to under-five mortulity, with rates 

ranging from 80 per 1000 person years in the urban area \0 219 per 1000 person years in 

the lowlalllis. From the age-specific morta li ty rates, we estimate a current li fe CXJlCct,mc) 

at birth of 50.8 years _ 49.3 years for malcs and 52.3 years fo r felll aies. I;rolll the ... e 

result obtained in the swdies, nat ional and international publ ications rmr.l scientific 

conferences had been the main roules to disseminate this infonnalion. 
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4.2 I)ala Pre-process ing for Mining 

Allhc preprocessing s iage missing va lues can be filled in either b) 'hIOS WC).iI ",n\lo.llc 

or a separate 1001 (S I>SS sofiwarc) as explained Illter in Ihe nex t SCl.:tlOl1 vi II~ d"'r1cf 

TIle training pa rt of the cleaned data is first passed into the dJIJ 1lI11U1l" IeJlll 

"here simila riti es in Ihe paucllls arc extracted and model is created nJ-.<d on thc\( 

patt erns alld rules obtained, classi fication of the testing dato SCI lakes pi cc 

1\11 objecti ve o f this s tudy is to devctop a Illod clthut cUn t>c ulled hlr dC~nJllll>ll I~I .un 

insight into va rio liS aspects of morta lity. We can implement these model hI "II,k "ell 

on u com p uler say a desk to p or a laptop, but inlcgr.lllllg the \.lIl1C loul (.1\ • 

hlllldhcld call be rat her tri cky. 

'thus, instead of storing all the data and the data mining nlgoflthms 1m the Ifl"l. 

\\e run the tool 0 11 desktop computers and .sample onl y lhe run able data Ih.1I Ihe rule iel 

on. We then inpu t the data directly and the rule set can be run to r ro\ldc the required 

answer. 

Required each al gorithm data to be submitted in a spccified (omlOt. the gelier-IIMI 11I'ilW 

duta into machine understandable format is clIll ed preprocessing (341 Olhel ~Icr Ih.11 

ore performed during preprocess ing are thc transfonnntioll of the a lln bulc~ III the 

database inl0 fI single scale and the replacement ofnll the missing value m lhe ddt.1 

Kaw d:l':I can be stOlcd in severnl formats, including text, I.:.xcd or (llhcr d3t;1N.'iC 

types of fil es. SpceificaJl y in this study, data origi null y obtuined 111 srss fale hlnnal So. 

it is necessary to convCrlthis form lit 10 the system understanduble runnal that the an;a)) I 

i performed (i.e. Weka tool). 

lIaving data already in a format understandable by al gorithms can fC\Ult III \lcnef ImlC' 

m ' . . 1 t Ca5ClI the: R>" f(rre~lIt. 
C IClency wllh respect to proecss lIlg of the data. n I1IOS 

, . 1 1 'b I · t nrc prese nl \\i Llun thIS C IIlg Cease ilncl columns represent t le alln utes t 1.1 

f 1 . f 1 \ arc m COl11ll1a cpar~tN \tlue 
o tIC free databases 'hat are available onli ne most 0 lien 

In some 

(CS . d by-~~-~ V) forlllal. That is all the attnbutes arc scp.1mlc 
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( 

IlUultanCOlIsly s tands for a missing data aun bulc 

rni~si ng. instead of find ing :tn empty space \\C 1113Y find • quatJon m..u in 

lIli slIlg nuri bu\c. 

In the Wckll 1001, the data should be stored In the Attribute Rcbtion hit format 

(.AK FF forlllal) as the data lype of the ullnlmtclI 111u.~1 ht dctlamJ the . 

dors nul automa ticall y classify the aHribulc as being real II' ("teIUII I 

4.2.1 The raw da ta 

Ihe rnw data usua ll y has a g reat deal o f noise. incomplclcnc • ml,.ulI , len,y. c .u_ 
dalll cnullol be used di rectl y rur process ing, wi lh the IIlIl t:hmc k.lrIlIIIlt.1 ,ulNa lbe) 

lirsl need lu hc pre processed into IIJ:1chinc undcrswnd.lblc IlInnat I he J.Jt.t ( 

nUlujim Ru ra l Ilc.lith Progra m, 1987-200 .. 11; cunsidcrc~1 0. btlu\lt 10.kmon k 

rrrproccssing. I he dala types of the allriblltes \\ilh the raw dJtil Ire i:1vrn hel .\It 

IlIbh· 4.1 Attributes ava il ab le in th e eightel'1I ) ('US IIIHII' l1alll l1p,( 

It Attribute ' I ) IIC II Id th 

_ .......................•...•..........................•............... 
I. Veilr Reference CITYIW F) Num " 
2. Pca:w lIl Assoc iation Wi\ ) Code (h,lr J 

. I NY II( Char I 

4 IIQ USENO Char S 

S. ID (Compulsory) Ch.1r 10 

6 NA~ I E Char 20 

7. Relationship (I{ EL) code Char 
, 
• 

8. SI'.X ChM 

9. Mother's II) (M ID) ehM 10 

10. Fnthcr's ID (FID) Our 10 

II Mari t,,1 Sta tus (MA RITAL) Char 2 

12. Seria l foc Il idividuai' s Episode (SEREPI) Sum • 

13. Dnte or Ilirth (DIlIRTII) Oolle 
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14 Reason for Episode Starling (RSTA RT) 

IS. Date of Episode Starti ng (DSTART) 

16. Date of Episode End (DEND) 

17. I(easoll for Episode Ending (REND) 

IS. Date of Death (DDEATH) 

19. Dote of Exposure (TIM EX) 

20. Cause orDeath (CA USE) 

21. Indi viduals' Religion (RELIG) 

22. Literacy during Episode (UTER) 

21 Educational Status (EDUCATION) 

24. Source of Water (SOURCEW) 

25. Type of Roof during Episode (ROOF) 

26. WINDOWS 

27. RAD IUS 

2S. ROOMS 

29. 1I0USEOWN 

30. XEN 

31. TIMAD 

32. LATITUDE 

3J. LONGITUDE 

34. Distance to IJutaj irn (DISTI-IOSP) 

Char 

Date 

Date 

Char 

Date 

Num 

Char 

Char 

Char 

Char 

Char 

Char 

Char 

Num 

um 

Char 

Char 

Num 

NUll! 

N Ull} 

Num 

, . 
K 

I 

2 

8 

2 

2 

2 

2 

2 

2 
, 
• 

2 

2 

2 

2 

8. \ 

U 

2 

lbis data set con~ is ted of, a total of 87.092 records of individuals \,.ho "crc btlm and 

9.699 records are about individual who died [rom January I. 1987 10 Deccmber 31. ~004 

in ai llhe ten vi llages of the BRI-I I' sl udy area. The following tuble ~hO\\li the dl\tnbulh n 

of those bi l1h and dea th throughout the eighteen periods in oil the len \ I1I~Hc or the 

URIIP study area. 
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r,ble 4.2 Uis tribution of bil-th :lIId dea th in th e ten vi ll ages Of1h 
BULljira proKl'1Im 

'0 . PA{Peasant Environment # of birth • of d Assn.) 0, 

I Meskan II 7,131 81,2 
2 Uido II 9,058 1.066 
3 Di ral1la H 8,785 1.514 
4 Wri b H 4,554 589 
5 Yetcke r H 5,070 624 
6 IJa ti L 8,684 1.()·19 
7 Dobcna L 10,752 1.184 
8 Mjarda L 5,G5G 726 
9 llobc L 8,094 1M2 
10 Buta04 U 19,308 1.001 

Total 87,092 9.69c) 

lIere we shoulJ note tha t all attributes arc not important for the nllning J'Urpusc III 1111 

resrareh object ive . So, finding a minimal set of attri butes that rre~ef'\C !I" dol 

dIstribution is one of the main task in data mining preprocess 

4.2.2 A II .. i!>ute selection 

Selecting rel evant features (attributes) in any data mining ta!!k is 1I1lportnni '("Ir lUl.: rCit III 

~le efficiency of the algorit hm. As citcd by Anagaw 114 J, tiu nnd MOh,xIJ (JlICHl) \\wle 

that "the abundance o f potential features constitutes a serious obstocle 10 the cl li l: u.:nc), (11 

RlQst learning algorit hms. 

Therefore, eliminat ing some attributes, which are assumed to be mc1C\JnIIO llullJ Ihe 

model ean increase the accuracy of the classifier, save the computallOll.ll 1IIIll!, anJ 

simplify results obtained. Based on expert' s opinion, only somc ofthcm 3re C(m\lJcrcJ 

relevant for the speci fi e learning task to be undertaken in this rcsearch \\ In. In thu 

regard, the origi na l data sct consisted of a total of 34 attributes (columns) and 2'('15"9 

records (rows) from which lhc target data sci for this research work has ~n ~1C\.lcd 

In this research, the main focus is the p.1l1crn/rclationship bcl\\ccn dincrcnl I lors 

(attributes) and death (mortality) based on the research objeclivcs. We therefore lUC thoJt 

attributes related to the BRI-JIl dataset as our classes and loo~ for other alln~IO relc\lr\l 
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IO thcSC classes. Afier thi s step, we are able to filter Out those melc\ant (lr Ie 

annbll tes. Our data mining tasks thus become simpler and more al..cunllc: 

lienee the researcher decides to apply dimensionality reduction on the wt. I ere J t;lf 

Jll3lysis by selecting the minimum set of fcatures (attri butes) Ihm arc 
IJtC\! "l1h lhe: 

kanLi llg task. A total of 27 candidate attri butes arc selected (\s releVJIII reature: I" hUlld 

and test thc required mode l. Selection of these relevant reatures l!i !;(llkiU!.:tcJ In 

consultation wi lh domain experts/specia li sts and the researcher's advisor "hll hu\e 10I.1i!J 

lnowledge ami ex perience on the data set of BR] II' database. 

In the database the att ributes that arc not contributed an) inrornution IO"JN the 

madlillt: ill telligellce in determining whether the individual has gvod I1~PC't (lr nul 

the colum ns have been removed frolll all the cases within the dilta~ . Ihe (lllm .. , 

table gives a brief description of the candidate attributes se lected as relevant Ic.uulc to 

bUild and test the requ ired models. 

J'ablf 4.3 i\ctrib ut cs selec ted rrom the original dolla rile 

No Attri bute 
Description Vo lues 

Name 
A unique reference number gi ven to 

1'1 !li~ digit &enal number I TYREF 
each individual 

The name of the village in which the 
10 unique CJtCK(lflC.li \illuo 1 I'A 

individual is registered 

J ENVtR Ti le c1ilnale of the individua l' s village 3 umque CJtcK(lfI("l "lues 

, 
SEX The gClldcr of the individual 2. S) mbohc "aloes 

I REL 'l1,e relat ionship orthe individual 7 unique C!lh:gon al \aJucs 

6 MARITAL ' rl lC marital status of the individual S-uniqu( (31(&('In'-.ll \11ua 

1 SERE!'I The serial no . of individual's episode A 1\\0 dlgll mal rrumlln 

The month/data! year in which the Dale of the f{lfTTl 

l' DIlIRTII 
individual was born DD 1.1 YIn 

11 unique C.1lcg{lI1cal \aJue.s ' 9 RSTART The reason for episode starting 
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The month/datal year in whieh episode 
Dale: of the: form 

to DSI AIH starling 
Oil M\I "VI Y 

The month/data! year in wh ich episode 
Dale o( Ihe f(lrm 

" 
DI ND end ing 

DDMM Hn - The month/datal year in which the ,-
Date (II the I<)nn 

12 ODEA nl individual died DD/MM nyy 

~ 'J 'I IMEX Days of exposure during epi sode Up II') (uur dlllil nUlllhfr 

HELlO Individual 's religion 5 umque , .. ,e:sum;,11 \11 14 

I I LITER Literacy during episode 5 unique cale:sonc.al \lduc 

16 EDUCAT Educa liollal SWlus during episode 5 umque cate:SHrlc.1 \.111K' 

17 SOU KCEW I Source of waler during episode 7 un ique c"I("lInl. I \. lur 
r Type of roof during episode 1 ulllque ';1lcSII"'.11 ,.dun I. ROOF 

19 WINDOWS Windows in the house 3 unique ';IIC¥lltIu.l \"Iurs 
-

111 IIOUSEOWN Thc house ownership 5 unique c.llc¥t1tIl..11 \,.Iut 
-

III OXEN '1l1C num ber of oxen owned by family 3 unique t.llegl1flul ,.1 
• 

22 LATI The latitude ofhollseho ld C'onlUluliu 

2J LONG I The longi tude of household COllllnuow 

2' DISTI IOSI' The distancc to Butajira kill COlltiIlWU~ 

21 RADIUS The radius of circular house in meters Up to 1\\0 (ligll number 

26 ROOMS The number of rooms in hOllse A digi t T1umlxr 

The Humber of lim ad of land owned by 
Up to h\ ll dltlll lIuml1Cf 27 TIMAD 

flunily 

Followi ng the successful selection of the required data set from the llflHlll31 clgbtrtn 

)ears' data, the nex t import.ant step considered by the researcher is filling up the rnl Ina 
'"alues of the se lected attributes. 

4.2.3 Filling up missing and incomplete vnlu cs 

Soo ' .' A comm 'm method r lCl lEn es there arc att ri butes thai arc incomplete or nussmg. 
trpresc I ' " I 01 be found in the data ( n II1g llll SS lng data, is inpulling va lues t lat cann 
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· . g datn as "?", 
rrprtsC l11 nll SSUJ 

t/Ill the case is less use ful than 

If an attribute is empty u5 ... 11 
)' (lne m~t IhmL 

the rest of tbe cases in the <kit, t I~ 
sc - 111$ I nullntc 

as each of the other attribu tes contributes useful infonnation IOwanJ the 'CI of 

IlIribulC category. When there arc missing va lues, instead of Icavin" them as 

missing, there arc a number of methods that can be used fo r filhng the'te nil In 

allribulCS. 

1I0liing cniciCl11 methods to Jill up mI ssing values extends the Ilppll(;ah,llIy III 

terUlS of accuracy for many data mining methods. The accllrucy of the 1001 I 

increased alld wi th :l larger training sct beuer rul es and decisiol1 Irec~ u n be 

developed which cont ributes towards better classificlItion of tile data. 

l'he mosl COIIlIll Ot I method of filling the attributes quickly and Without too IIUk.h 

computation is to replace all the missing values with the antiunct lc m CJO !I.r 

nUJIlcrie data . the median for ord inal data or the modc for lIominal datn with rt~~ 1 In 

th.1t attribute. The other meLhods are to run a clustering algorithm and replace the 

missing a!tributes wi th tbe attributes of cases thaI :.ppcar clo!ie in an n-ullllclbllllWI 

space. Inlhis case the researcher apply to usc the stat istical tool for replaC ing the Inl ~In& 

lalues by series mean method since the original dataset is obtained in SPSS file (()nIlJI 

Ind all the attribu te missed the ir values are Ilulllcric. That is, there is no need 10 u'tC 1111)' 

olhermclhod incl ud ing the abovc mentioned here for filling the mi ssing values 

T~blc4.4l1aUlll cd missing Vll lucs 

No. Attri bute No. o f miss ing Attribute Type Substituted Method 
Name values Values U5<d 

t Radi us 776 15(33%) Scale(N 1Illlcrical) 3.4 I Moon 

1 Rooms 6498(3%) Scale(N umerical) I.S I Mean 

J Timad 39263( 17%) ScaJe(Numcrical) 2.9 \lean 
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4.2.4 D;lt;1 decod ing and :tUributc transformation 

. oneil necess:lrY to transform va lues of attribute 10 anOlher flo. mal_· .L _ L.. __ IllS II .. mg llK" .!lnf1Vt 
.. 1ul in Ihe predict ion modeling process. Parti cul arl y if number:.; rt __ " , prr nt WllqtIC 

roocepts and nol val lies within a continuous range of some quanlil)' or rullllg. the) should 

be converted into symbols or separate columns [65j. 

In Ihe ori ginal data se t created for Ihi s data mining task, the values of wille 111(1001, life 

rrprcsented using numerical codcs. Such nUlIlcri ca l codes that used to repfhent ulllquc 

concepts had to be converted into symbols or columns to avoid OilY confu\lulI dunn, 

U1Iining and tes ti ng of the model as fo llows: 

The allributc " I' A" which sta nds for "Peasant Association" i rCJ'n:~nt("d" 

Ilph3numcrical codes using ten different values. So, for the purpose 01 till n: ilr~h 

\lork. those nu meri cal codes were converted into their respecti ve ~ymb"li, \ ,llue lbe 

followi ng table shows the PA code used in the original data file and the n:fl,nnJlh:d n;arne 

of the "A. 

1':.lIle 4.5 Aehwl Vlllucs or cl.eh I' A code aDd thc original Ill1l1u'rk colic. 

Ori gina l " llA" code New value representcd 

005 Mcskan 

007 Bat i 

008 Dobella 

0 11 Bido 

0411 Diramu 

OM Yetekcr 

OGIJ Wrib 

09A Mjarda 

0913 Hobe 

K04 l3uta04 
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- 'J'lion the fo ll owing data transformation and rcformall 
Ia III I. 109 Operatwns IIrc rmrlo)-cd 

_~I rIO create new vanables from the existing ones and 10' .,_ 
"UfUe rCIOrmat UK" onguW \a1ues 
,lfsontC attributes in the sample data SCI selected for analysis. 

( rl'ating the status a ltributc: The attribute "st:ltus" is 1101 included In the \lnlCm.a1 Wt.l 

set instead dale of death as an attribute. Usi ng this newly created IlltnOOlc ... nne 

dependent "lIrinble ca ll help 10 classify individuals into difTcrcnt group nu 

classification would hel p to predict the li kelihood thaI a given indIvidual \'olluld the 01' 

sunivc. So, the sWtus attri bute is created from the dale of demh ullributc 

Crc~ ting the :Igc lillrih utc : In the original data SCI "age" is not nl!'o included III tC3J 

d3le of birth as an attribute. I lowe vcr, using age as one input (predictor) .. ~trt~t'lic (.111 I",Ip 

10 categorize individuals into diffe rent age groups. Th is cntcgori,J\uon " ould hc:lp 1(1 

iJcntify mortality pa tterns among individuals with diOhent age groups So. the • c 

.lIribute is created from the date of birth attribute. 

Using Weka 1001, three numeric attributes (Age, Ystart, and Vend) nrc dl ~ntllcd I ( Ir 

txample, the created age attribute is discritiucd by using bin method III wc~. Ihc: 

numocr of bin is adjusted to be nine. Similary the rest two numeric allnbulc I~;ll I 

discri!i z.cd in si milar fashion 10 make modeling process casy for the ~clc~ted tcduu~oc. 

and 31gori tlUll S in class i fica ! ion purpose. 

In order to build ,I mode l that can be used to predict morta lity p.1l1crn III the ,Iud)" d'U 

based upon environlllenta l, parenta l, and heallh related fac tors, a datu ~I c'lIl~l,unl (II 

both classes' of status (Dead, and Al ive) is created and prcpared for anal) I I(K.C tbr 

classilicr shou ld be known for the predictor. 

After the success ful preparation of the requ ired data sct from the origmal eighteen )nn' 

da~ I . I is Imponmg the \(ia;lcd. , t Ie next IInportant issue considered by the rescart ler 

aeatcd aud reformatted data set, which was in SPSS document formal IIIt(l \1.( J 

sofiwarc unders tandable formal . 
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4.2.5 Mach ine understandable formal in Wrka 

Although the origi na l data scI is organized in rows and columns usinll SJlSS IblUtKII 

ftwarc , it is not possible to impo rl this data scI as il is into the data 1I11111"g 5(11" .... ( ~ 

1ft used in this research work . Since most data mining 1001s ciln u d,1l1 10 lht 

tt1lT1 r11U separated va lue (CSV) formal for running the machine 1Illdligc:nl ,I 'fIlM" 

The rcscnrchcr decided to import the ori gi nal data sct into CSV (onnal, \\hu.:h \tollithtn 

be imported 10 Wcka son ware. As a result of thi s attempt, the researcher ho\ $ml,;C ,lull) 

Imported the selected da la ScI into attribute relation file fOrlnat (ARFF). 

The duta that is lIsed for Wcka should be made into Ihe rollo\\ 1118 f(lnn.lt hn""" 

IlIlhc tnble below and the fil e should have the extension dot AR I·F (nrll). I (Ir c,(lImrle. 

in order to per Corm dec ision tree classification technique, which is n ~u(lCrvl~d lcamlll 

thaI rt<luircd predefined class to train and build models identiCying the rdC\anlllllllt'tul(' 

IS 1Illportant. The last uuribute where the elussifieatioll oC the indu iduJIIS dnne I m J< 

ullO a categorical Corm at. That is, the classificat ion attributc 'MaIO" take Inn 

\altlCs 'Dcad ' when death ocellr and 'Ali ve' when death not occur 

Table 4.6 S:1I11 pIc W Ckll sys tcm 11 n ders landable A1~FF forlll:11 for H It II I' d~hl}C I 

Non 'U R1 IPDnlasC\' 

!butt PA {M Illcskn II , Oula04, Oat i, W rib, DoOOlla,M j arda, 1·1000,0 ido, ])i nuna, Yeu:kcf I 
"," EN VII( {II ,U,L} 

e REL 
lCItRE,SP,G I' .UK,N ]{ J 

.SEX {M.F} 
eMARITAL 

~O,TY,NM ,IV I.I'O,D I,S E} 
e AGE nUlllcric 

• RST,IRT {I N,MU,XX,DI ,ST,CM,MO,LI,RO,IVA} 
e YSTART 1H1II1cric 

e YEND nUlllcric 

e rJMEX nUlIleric 

• RCLiG {MU,OC,UK,G I,OT} 
• liTER {lL,LI ,TY,U K,RE} 

• EDUCAT {UK,NO,PR,SE} 

90 



SOURCEW {RI,WU,I'I,LA,UK,W I',OT} 

ROOF {TILUK,CO} 
" 'INIJOWS {NO,YE,U K} '" , RADIUS numenc 
ROOMS numeric 

IIOUSEOWN {OW,UK,OT,KE,RE} 

OX EN {UK,YE,NO} 

eLAT] nUllleric 

eLONG1 11uIIlcri c 
e OISTI rosp JluJllcric 

{Alive,Dead} 

1.\Jn1eskan,I-I,IIE,M,UK , 1 ,5 1 .28,IN, 1994, 1995,365,MU,IL,UK ,RI; n I,N ,4.1.0W.lIK,?1 {)I.I\II. 
"lJ.5,Ative 
Y.,kcdl,IIE,M ,UK, I ,93 .69,5T, 1987,1991, I 669,MU,IL,UK,RI,TH.NO,7, I.OW,UK,_.I 0," II 
J.lO.4,Dcad 

bllhis resc,lfeh work, the essentia l fi le for any Wcka application, whkh dC\4,:IIbc:s the 

.nbu\cs selected to build t.he models and their classes, is created (Sec Annex A) l1u 

£k contains the cases lhat are analyzed in order to produce Ihe classifier. I he entry I", 
Qth case consists of olle or morc lines that give the va lues for nil explicitly ddin.;J 

lIJibutcs. Values arc separated by commas and optionally terminated b)' II period III, 

rumple, the first Oncc cases from the data file prepared for this rescarch \\ ork k,{!L ilj 

IOO\'C: 

A row rcprcsents one ind ividual' s case with values of ;!\tributcs mcntioncd abt1\c 

Jeparatcd by a comma. After the cases in the data file have bccn anal)/cd, the prcdl,tnc 

kturacy of the class ifier generated from them can be estimated by evaluatmg It on new 

"'<s. 

"eka can usc another kind of file which consists of new test eases on "Im.h the 
dlss' fi • 'Ibis file I optllJCW I ler ean be evaluated in terms of the error ratc on new cascS. 

lIId, ifuscd, has cxaclly the same fonnat as the training fil c. 

II thi I) I the pcrfonnafl'c l·j t.be s research wo rk a separate test fi le is not prepared. ,at lcr, . ~ 
dassi fic . . cross \,alidaillm lbu.l. • 

r IS eva luated by using the most common tcst optIOn, 
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· these opti ons, tra ining and testing samples cases arc .. 1 I 
" likIng '. filhuOm) e1ttlcd fffJID &be 

I hough another more opllonal classifier evaluation is av,·1 bl 
5k J\ I I a c u.~ hy We I ~ 
• cases file aud as such is not used for this research work. 

4.2.6 Haiancing the ta rget attribute with SMOTE 

t)lCe the dataset imported into the Wcka system, it is importmu look the lur~cl iiltnhutc 

./It'thcr it has n balanced classes or not. According 10 Larose! 16Jlf tine dn\ c\f lilt 

wSel attribute has Illllch lower relative frequency than the olher closs, h:liJIlCIOK 11k 

classes is recommended. IJccausc the classification model could simply prcdlLI ('If 

" cbss lhal )W VC 1II0rc rclal i vc frequency to all operations and achieve 91)t!" llt(Ural) 

m this regard, the researcher identi fy similar problem mentioned abo"c in BRill' d.ll. 

I \\hich 56.424 (85%) arc ali vc while 9,699 (15%) died individu:lls after ;1mpilnll; III 

66,123 cases from the loW I of 236.549 3RH!> datasel is performcd. i\hh()u~h thac "C 
Iffercnt approaches to solve the imbalance [17}: under-sampling of the 1113J{lnlY cI 

DJlor ovcr-sllmpling of the minority class, ovcr-sampl ing of thc minoril) cla~ hJ, il<:cn 

~scd by crcliling "synthcti c" examplcs. "ntis helps us as a good means of incrcil In 

tilt sensitivity of a classi fiCf to the minority class. In this situation, thc rc~ea((;hcr Inc 10 

IIlance the cases [or the target attribute by using Synthetic Minori ty OHf!o.lIuphn 

Techniques (SMOTE) which is provided frol11 Weka supervised inslIllIcc filter optlllll ItW 

"",idees" lolal of 95,220 (56,424 ali ve and 38,796 dead). 

Following this chapter we are run ning experiment for thc selected lJIlIling tool. tC(hlllquc: 

ld algOrithm using the preparcd dataset to build the models and identify lhe bc.!tl (II)( for 

!tie researeh objccti vc. 
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CHAPTER FIVE 

EXI'EIUMENTATIONS AND RESULT DISC US 10 

5.1 SysteJ\l Architecture 

IJ1 lhis research lIilal stati stics data is mined to extract patterns related to dellth I ~SUC~ I,I,nh 

!hi: help of Wcka 1001. Using the JDM process, a system is designed that courses the 

cllssi licalion. The system is trained using vital statist ical dala. We follow f.:m ~ 

131idatio ll to evaluate the system. The experiment is run on data sCllhal consists of 25 

1!tribulCS and 95,220 records afler SMOTE. Based on these sampled dmllsct, illS ample 

enough fo r understa ndi ng the dilTcrcnt stages that arc used ill various datu mUlln" 

algorithms. 

g . Data 
.. -

Fornmtllng daln 11110 apprOpnJIC 
Preparation fonnals required for the tool 

r 

Tool Filling Missing 
va lues 

Knowledge Building model 
~-extraction 

figure 5. 1 an over'view of system Architecture 

TIe f he system In order to carT) out above Figure 5. 1 shows the different components 0 t . 

1ht d with the collection of ra\\" dJlJ 
ala mining process the flow of the system starts 

. ' dcrstood b) the Wcka ,,,,I 
nus data is first preprocessed and converted into rannals un 
.. . I t r three of this paper. 

1 atc used in the OM process as we discussed III c mp c 
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5.1.1 Estimuting the Error Rate orthe Learned Model 

'c nm the classi fication analysis to make prediction ,', "s . 
~rt' \\ • Ill1porturu 10 ched. !he 

"alcnCSS of dataset fo r selecting certain validation method ~ he 
4ffOpn. or t B\ J11.l~lr 
~L Because afler collectmg Ihe dataset learning algorithm i applied In 

Jir:ndcllily. Thus the algoritlml has used the training sct to train the c1as~ificr. 

J(III'llcy is estimated on the test set. To gel an idea of how much data is needed In 

~licc, each sct of experiments is run on several different training ScI siLes. 

TD5ct tlle approprintcllcss of the dataset preprocessed and ready for model bUlldlllg. the: 

r5(3rchc-r tried to observe it s learning curve. From the graph on Ihe learning cun'c, the 

~'ltI [ JI which the learning curve converges might show the minimulIl of sample dlltJXI 

tlt used for tra in ing purpose so that the rest is planned for testing purpose. 

ht this research purpose the experiment started from 10% gone through up to 100'. of 

tr dataset as shown 011 the learning curve. 

Tablt 5.1: Salllpies of Training Dataset :md Corresponding I'crrorlllanrc or 
Cbssifier 

Sample (%) Pcrfonnance 
10% 89.8040 
20% 89.9754 
30% 90.27 17 
40% 90.3503 
50% 90.5046 
60% 90.5967 
70% 90.6090 
80% 90.6690 
90% 90.6788 
100% 90.7520 

'-.. 5 2 fu . f the size of the tmining sci "!ure . shows perrormance on the test set as a nctlOn 0 
lit bas' ' . . I rror rates being 10" Bcr0$5 Ie Imllllng ScI exhibits sat isfactory performance WIt 1 e 

lI bm' h lower error roles across all mg tasks. In general , the learning curve always as 

br tasks On Ihe larger data sets sizes. 
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Fi2 UH' 5.2: Learn ing ClIn'c for Training Dalaset 

IlTl lhe smaller data sets. the learning curve sometimes achieved 10\\("[ error rulc\ Ilk­

lI\ ~·~t error rates ror a ll training tasks are achieved by using a datil SCI 'ii/l! of 28.fifl() 

' IJmplcs. 

\s lIe can sec from the learning curve, the saturation point goes sharply up a~ the !Wmplc: 

~lC incrc<lses. To minimize the effect of the shortage of the dataset used. the rt:')c,lr(hcr 

~k,\:110 use 10-lold cross validation for 95,220 cases for which it is sampled from the 

\\ 001(' 236.549 datascts of BRHP database. 

5,2 Experimentations 

Jr.c olher object ive or this research work is 10 predict the mortalil) \\hcthl'r the 

.!klilidual is "Dead' or . Alive' from data obtained from the BRHP database In onler 10 

"lmCI pallcrns that shows the ri sk for death. 

1\ IlRI A section from this d3laba~ I~ 
~ 'IP database consists of more than 236,000 cases. 

~'d ~ . . . I ' , good prJctice to hJ\ C 3 
Or the testing stage and Ihe rest for trammg. It IS a \\ays 

Jr' " • . h' we usc the data '>C1 mid 
~l r sel 01 data l'or train ing than for testll1g [9J. In t IS case 

9 tolds . ~olds of the cases lor testing Ih(' datJ mlmnlt 
Ir<H ning cases and the rest 1 I' 
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·.1. .... 5 as described 
~gonuuu 

'fication technique. class] I 

in the prevIOUS section f th 
o is chapter to ondUct the 

. parent that as the dimension (size) of the tree goes on grow' . 
It IS ap 109 11 Iluns Into lid • 
analyze, interpret and generate rule sets. In this regard, the researcher has eamed out an 

~xperiment to looks at the effect of the attributes with their information galO on the 

j-'trfonnance accuracy of the models built. This would help 10 idenli fy th31 the lO'CIe'dl'\1 

or diverting attributes that confuse the learning process of the models. Table 5.2 ho"" 

the list of attributes as ranked by their information gain. Ranking the attnbulcs to lhe 

mining task of the decis ion tree is realized by Weka select attribute Option tab ttul IS 

available for ranking filter using information gain. 

Table 5.2 the ranked attributes with their informatioo gain 

Anributes Name Information Gain Deviation from the ma.,(lm~ 

Xo. (i.e Ma'z(). 1 0825) 

I ROOF 0.10825 0 -
2 WINDOWS 0.09871 0.00954 

J T1MAD 0.098 19 0.01006 

'4 ROOMS 0.09 13 1 0.01694 

i RADIUS 0.08487 0.02338 

6 DISTHOSP 0.07132 0.03693 

7 ENVIR 0.06849 0.03976 

8 HOUSEOWN 0.05925 0.049 

9 RELiG 0.05658 0.05167 

10 VEND 0.05148 0.05677 

II MARlTAL 0.04992 0.05833 

12 PA 0.0491 1 0.05914 

\J TIMEX 0.04628 0.06197 

14 RSTART 0.04051 0.06774 --1 

J 15 SOURCEW 0.04027 0.06798 
~ 
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16 REL 0.03852 0.06973 --
17 YSTART 0.03115 0.0771 

18 LATI 0.02869 0.07956 

19 AGE 0.02223 0.08602 

211 LONGI 0.02132 0.08693 

21 EDUCAT 0.02079 0.08746 

J2 OXEN 0.02057 0.08768 

2J LITER 0.01545 0.0928 

24 SEX 0.00683 0.10142 
.-

Being fam iliar with attributes ' importance to the data mining task 3S portrayed abo\( 

According to the information obtained from the above table, lhe researcher preferred 10 

run the experiment using all attributes that are selected in the anribute analYSIS section of 

chapter three. 

So, as we can see from the result of attribute selection using entropy based infonnatlon 

gain method of weka, twenty-four attributes of the dataset are delcnnining for prtdlctm 

the STATUS variable that is created for prediction. Seven attributes arc separated from 

these attributes having high importance for model building by identifying their lillie 

disorderliness (less discriminative). Again, the top two anributes arc also took apart from 

these significant anributes due to having potential embark to classify the model perfectly 

as the class attribute related to their very high disorderliness. !'!ence the researcher 

performs the experiment using these best attributes and the identilied 10- fold trOiS 

validation for eight scenarios are conducted. 

111 d 
. I· d ' detail in pre\'ious chapter 

e etails of the decision tree used in WEKA are exp alOe 10 

thre thm are required to be executed 
e. For the decision tree to be created, algori s 

fro a th trees arc extraCted anJ 
m the training data follo"ving the test data. Dee e 

I th tree and the as lallen 
se eeted the best one the rule is created based on e 
be • . the algorithm de nbed" 

tween the attributes. The decision trees With respect to . 

h 
'Ii tion on the lest dltalS doJK 

t apter three for BRHP database research is shown. Ciassl Ica 

based On the decision tree that is created. 
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II the ctassification techniques have similar SCreens. The bo . 
:\. ItOm ngh! SCCtJt'O (I f thr 

n displays the classifier output. The classifier 0 t scree u puts results bastd .... _ 
. th 00 -'oriry class, that IS, e outcome of the experiment wh' h ' 

Pl3.J . . Ie IS ahl:l1Ys the cJ \/11th 
ximum number of cases. This IS considered the study cas . ,L ' 

lila: e In UIIS rcS(3lth and aJ 
_.I·es the least computation time. Classification of data and the 
w. confu ion matn~ 1. 

displayed in the classifier output screen below the decision tree. 

Experiments are performed with various method parameters mainly hn . . , c nglng lyptJ 01 

decision tree. The 148 classifier window enables us to switch the parameters to btuM 

different decision tree scenarios. 

It is also important to describe the J48 classifier parameters thoSt allo" us f{ r 

mlelligently adjusting them. Bellow in Table 5.3 148 classifier Parameter plJora rt 

described which is taken from Weka Manual. Often only repeated cxpcnments and 

familiarity with the data tease out the best set of options as shown below, 

Table 5.3: Description of J 48 classifier Parameter OptiOD5 iD Wtka 

Parameter Options Description 

Whether to use binary splits on nominal 
binarySplits 

attributes when building the trees, 

The confidence factor used for pruning 
confidenceFactor 

(smaller values incur more pruning). 

debug 
If set to true, classifier may output additional 

info to the console. 

minNwnObj The minimum number of instances per leaf, 

numFolds Determines the amount of data used for 

reduced- error pruning. One fold is used for 

pruning. the rest for growing the tree, 
, . used instead 

reducedErrorPruning Whether reduced-error prurung IS 

of C.4.5 pruning. -l 
<he training data for 

saveInstanceData Whether to save 
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c visualization. 

;ted 
The seed used for randomizing th d 

cat3\.\h n 
reduced-error pruning is used. 

Whether to consider the sublItc subtreeRaising raising 
operation when pruning. 

I 
unpruned Whether pruning is performed. 

useLaplace Whether counts at leaves are smoothed based 

on Laplace 
L 

Based on Weka data mining tool implemented J48 classifier with different parumclcr. the 

researcher employs 148 algorithm for applying decision tree classification model on the 

BRHP dataset preprocessed as in the previous chapter. 

There are eight scenarios that are experimented fo r decision tree classific3t1 n In thn 

research. These scenarios are analyzed to compare them to each other in terms 01 

different performance matrices values, accuracies, number of leaves, and i7C of tree 

generated, ROC curves and execution time. 

The scenarios fo r dec ision tree classification that are experimented in this research arc as 

l~ted below, 

Scenario #1: General Decision Tree pruned without missing value replacement before 

SMOTE 

Scenario #2: Binary Decision Tree pruned without missing value replacement but bcJ(lrt 

SMOTE 

S ' , 'th .' aJue replacement before Cfoano #3 : General DeciSIOn Tree pruned WI mlSSlng v 

S\IOTE 

St· , ' " aJue replacement before eoarlQ #4: Bmary Decision Tree pruned WIth IDlssmg v 

S\lOTE 
Sc ' _ . . ' value replacement after 

eoano #'J : General Decision Tree pruned Wlthout IDlssmg 

S\IOTE 
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S en9rio #6: Binary Decision Tree pruned without missing valu I 
c e rep nccmcOilficr 

SMOTE 

S Dario #7: General Decision Tree pruned with missing value I 
ce rep acement after 

SMOTE 

Scenario #8: Binary Decision Tree pruned with missing value replacement otter \1 11 

from these experimental scenarios, we obtain the models result 10 compare them c h 

other and finally we find out the outperforming model based on the criteria of cVlI.lualion 

The dala mining experiments are run and the outputs arc obtained by lht Wcka 

1001 is summarized in table 5.4. This study has attempted to look at the elTccu or 

mortality in a rural context encompassing as many confounding factors or \ariable I.) 

JXlssible. 

Table 5.4 Summary of measures of performaDce aDd accuracy of Ibe modc~ 

Before SMOTE After SMOTE 

:I,."trimenLation Without replacing With replacing Without replacing With rtplaclRll 
missing value missing value missing value mluma .. aluc 

s..'tllarios# 1 2 3 4 5 6 7 -'-
Pruned Pruned Pruned Pruned Pruned Pruned Pruned Pruned 

Tire Type 
General Binary General Binary General Binary General U""I} 

:ofleaves 167 71 167 71 321 107 338 112 

llUOfTree 208 141 401 213 424 III 
208 141 

Tune(Sec) 33.38 10.42 38 .01 12.12 37,9 
7.57 31.62 8.2 

CCI 90.10 90.10 89.50 90.23 89.50 9030 1
8950 

89.5 1 
0.903 o !91 

WG TPR 0.895 0.902 0.895 
0.901 0.895 0.901 

<WG FPR 0.441 0.113 0.118 0.112 OJ~ 
0.423 0.442 0.423 

0903 ~91 
I, Pmision 0.885 0.902 0.895 

0.893 0.886 0.893 089\ 
0.895 0.902 0.895 0903 

, Recall 0.901 0.895 0.901 09'1 0.941 0.951 
ROC Area 0885 0.892 0.885 0.892 0.950 

091" 
0.936 0.936 0.935 

"-Stnsilivily 0.968 0.965 0.968 0.964 O.SlJ 
~r.«ificity 0.490 0.853 0.853 0.~56 

0.509 0.488 0.510 0.895 0.903 0891 
F'~!easure 0.893 0.887 0.893 0.887 0.902 
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• 3 Result Discussions ,. 
Front the eight scenarios, results have shown that most . parameters Implemented ha\ e 
Ulperfonned the decision tree that are created by chang' o mg parameters from !he .... c 

Generic ObjectEditor window for building different decision tre . es using 148 Illsonthm 

An added advantage of 148 based algorithm is that there are more cases prestnl tn 

category "Alive" than "Dead" to produce interpretability for the health pI'3Clltloncn 

and may help in both the validation of the method and in developing further 

knowledge of the problem. 

One of the steps in the knowledge discovery process is to evaluate the pc::rfonnal'\l.:c oflhc 

system in tenns of how correctly the model classifies records in to different labclro 

classes. Sometimes, the actual class and the classifier decisions may differ in prtdttlln J 

record to a certain class label. Hence the researcher is concerned to examine the dC"~I( n 

treeS built using all the eight scenarios to compare its efficiency experimented SO (.\r As 

we can see from the table 6.4, the accuracy measures are obtained by altering rant.metcn 

set in the J48 algorithm. 

From this, we can say that scenario #7 has the best accuracy perfonnance "hich is 90 10 

The mean absolute error which measures the error between the actual and the predlCteJ 

value is also lower at this best scenario, 0.151 . 

Th 
. . 1 . t to the perfonnancc e"<penmenl 

e performance of scenano #5, III a I aspects IS nex 

seven. The first scenario takes smallest time of all the scenarios. The table sho" s thaI the 
. . . f th . s experiment 7 and the !roUt I 

maximum number of tree and biggest size 0 e tree I 
. . oed vi ualize through Ime: grarh the 

ex.penment 2. The researcher also prefers that It g to s 
th models 10 select the best cOC I 

perfonnance accuracy's used to analyze and evaluate e 

fu F,'gure 5.3 compares the perfonnance: of the 
rther discussion and easy understanding. . . urn perfonnance obstf\ cd oa 

models in correctly classifying instances. The minim 
. .. for the scenlrio # 7. 

expenment (scenario) #2, 4, 6 and 8 WIth the maxunurn 
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,0' 
!lO.2 

,0 

89.S 

39.6 

89.2 

Performance of the models 

2 3 4 5 6 7 

Figu fr 5.3 Comparison by performance fo r all models 

8 

Th~ data min ing output represents a significant advance in the type of anal)lic.tl wol, 

.'UlTl'nlly available ahhough there are li mitations to its capability. Ont.: limilnllon 1\ 111.11 

Ithough data mining can help reveal patterns and relationships. it docs 1l01lc1llhc u "r 

Ihnaluc or signi ficance of these patterns. These types of determinations muM be I1\Jd.: 

~) the user. A second limitation is that while data mining can identif) conncCIlOIl\ 

~1\"'CIl behavio rs and/or variables, it does not necessarily identify a causal rc1:Ulon)hlp 

So \0 be successful , dala mining still requires skilled technical and analyt ical )pcclal!\h 

Ilho can strllctl1n.: the anal ys is and interpret the output that is created , Duc to lar.:k 01 

'P,I(''l' and lime constra int from these eight models. onl y the best SC1cCICd mood I~ 
Ji~ussed in Ih is paper with most meaningful relations to hUl11l1ns lind \\Ith he .. 1 

1 ·fi . . I'· "d d CiSI011 trce pruned \\llh 
\ assl Icatlon accuracy at the same li me, That IS the genera IZr,; e 

missing vnlue replacement after SMOTE. 

In h' ' obtained from Ihe cJ3y~dit'r 
[ IS regard. thl: accuracy in terms of percentage IS -

II . • • " oblain<.iI ,\jlh Ihe JJJU .. I,.:J 
UlPllI which is 90.30 as shown in Figure 5.4. fhls accurac) IS 

PJT:lnk'lcrs set in the J48 algorithm. 
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"'8 ~Ulilber of Leaves : J.) 

Siz,ofthetree : 424 

Tune taken to build model: 12. 12 seconds 

== Stratified cross·validation = 

= Summary 

Correctly Classified Instances 85985 

Incorrectly Classified Instances 9235 

Kappa statistic 0.7976 

Mean absolute error 0.151 

Root mean squared error 0.277 

Relative abso lute error 31.2624 % 

Root relative squared error 56.3766% 

Total Number of Instances 95220 

= Detailed Accuracy By Class = 

90.3014 % 

9.6986 % 

TP Rate FP Rate Precision Recall F-Measure ROC Area Class 

0.935 0.1 44 

0.856 0.065 

Avg.(Wt) 0.903 0. 112 

= Confusion Matrix == 

a b <_. classified as 

527793645 1 a ~ Alive 

5590 33206 1 b ~ Dead 

0.904 0.935 0.92 

0.901 0.856 0.878 

0.903 0.903 0.903 

Hgure 5.4 Classifier output based on J48 decision trees. 

0.951 

0.951 

0.951 

Alive 

Dead 

The I ·r, · . . th similar anributcs thai c asSI leT predicts the records m to a certaIn class as ere are 
lie in th . ilia d t rmines the class boundar) e same class boundary. However, the attnbute tee 
ofth . . . 'Iarity) trend applied 

e given record is suppressed due to the data.driven (attnbute simi . 
by th . . . .. ilia tend in the IncOrrect 

e classifier. Such kind of attributes sumlantles I 
c!as ·fi . bel d by the actual class rna) 

51 lcation of records. This shows that the record that IS la e 

103 
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be labeled by the classifier to other class. This k,·nd f h o p cnomena often rtduce t.M 

performance of the system. 

Hence as the above figure indicates that out of the unseen instances (test data) supplied 

.this model , using the best scenario can correctly classify 90 "M' fill · ill · . ..)v to 0 em In Clf proper 

class, while 9.70% of them are misclassified into different classes. 

e ac ua an Table 5 5 Sample of instances that show tb I I d predicted class dirrcrcncc 

Values of the Anribute =-l 
]nstance 
number 95216 95208 95219 95192 7 67 51 9 

PA Hobe Hobe Mmeskan Mmeskan Dobcnn Dobena Mmeskall I Mmesknn 

ENVIR L L H H L L 11 1 11 

REL CH CH CH HE HE HE ell 11 

SEX F M M M M M F F 1 
MARJTAL TY TY TV MO MO MO TV TY 

AGE 0- \0.5 0-10.5 10.5-21 3 \.5-42 63-73.5 63-73.5 0-10.5 ' 0-10.5 

~ 
RSTART MU MU xx xx xx XX MU xx 

~ 2002- 1995- 1993- 1995- 1995- 1995- 1997- 1995-, J 
" YSTART 2004 1997 1995 1997 1997 1997 1998 1997 

• 1997- 1998- 1998-
~ 2002- 1998- 1993- 1995- 1997-
, YEND 2004 2000 1995 1997 1998 1998 2000 2000 

<E 
~ TIMEX 64 874 510 516 797 797 317 1438 

" 
; 

;; RELIG MU MU MU MU OC OC MU MU 
2 

" LITER TY TY TY L1 UK UK TV TV 
" £ EDUCAT NO NO NO NO i NO 
~ NO NO NO 
'§ SOURCEW WP WU RJ RJ RI RJ WP RI 

< ROOF TH TH TH Til TIl TH 
~ TH TH 
0 r NO 11'10 NO 
0 WINDOWS NO NO NO NO NO , ).0 3.0 3.0 4.0 
0 RADIUS 3.0 3.6 3.1 5.0 
z 

ROOMS I I 2 I I I I I 

HOUSEOWN OW OW OW OW OW OW OW OW 

OXEN NO YE YE NO NO YE YE 
NO 

TiMAD 3 3 5 5 2 4 

I 2 

LATI 8.08 8.09 8.10 8.10 8.09 8.10 

8.03 8.04 38.36 38.38 

LONGI 38.34 38.35 38.44 38.44 
38.47 38.47 3.5 

DISTHOSP 7.1 S.2 7.5 7.5 4.7 

11.5 14.3 

'" Dead Alive Alive Ali\'c Ali\'c 

::> Actual Dead Dead Dead 
~ 

~LI Alive Dead AIi\'c j\li\ c Dead 

~ Predicted Alive Dead Dead 
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AS we can perceive here the result of the classifier v 1&_-a!)' In cI&Nlf),m 

d
ifferently that is in the actual class From . L._ • ,. \ • U~ rIC fTtcu)' C 

. ,""'" ... ""' .. 
researcher try to identi fy for which instances the cI .fi" m1.lC .fy the: "",:men 1<-
being reduced the performance accuracy measure as depicted m Table 5 S 

0, IS n:1iu..t c \ m The result obtained in the study contains val uable new intionn.,. nTh'" 

some interesting findings. Hence we are able to understand the rrobkm • ( 
misc\assification under the considered dataset. As sho\\n In fiiure 5.5, the 11\( t.ltUi or 

individual as it is indicated by instance number 95208 nnd 95219 an: IlCtUlUy ' 1>':.1' 

whereas instance number 95216 and 95192 arc classified as 'Alive' by thc c1 llief e\tIl 

their actual class is ' Dead' . The researcher observes in similar fashi(," of the other tI • 

(in this case ' Alive') and clearly identify the problem of miscln ificall n u \toe do In the 

'Dead' class and presented in Table 5.5 above. In all the case the mltel "Ii .. th( n 

occurs from the misjudging of a single attribute values cnlculo.lina the ImlJant)l f 1ht 

other attributes disregarding their difference as the principal prcdlclJ\c value 

Now, let us discuss at the confusion matrix that contains IOfonnlluon about lUll and 

predicted classifications done by a classi fier. The datl!. in n confUSIon malll'( em be ~ 
to evaluate performance of classifiers. 

A confusion matrix for the adjusted parameter is obser.-cd in addition to the: error rat 

over various data set sizes. The confusion matrix is a matrix howln& the: rrcdltlCd 

and actual class. In this experiment we have twO types of c\lusc That mClJ\ the 

outcome of the experiment is either the individuals is 'Dead' or '·\ h\(· Th 

confusion matrix with two classification look like the table gl\'en above 

• 

In Table 504 it is possible to notice that the table: (matrix) shown the columns ~t 
th 

ctunl result lienee from T aNc ~ .. 
the predicted result and the roWS represent e true or a ' 

r ·nd· dua\s ~ be" the: ",..t an.! 
the number 52779 and 33206 indicates the number 0 1 1 I 

be 
,,£ is represents the number of \nIh\ 

predicted values are similar. The num r -'U"' . \ .fled as being 'De.d' b) the: V.i , 
where the actual outcome is 'Alive' but IS c aSSI I 

. _ -90 re rescnts the number of mdl\iJ 
DeCision tree classifier. Similarly the number)) p 

\05 



>,\here the actual outcome is 'Dead ' but wrongly cI"""-r. d L_ ....... 1 Ie IS Ult"mK' il\'(" III 

the Table 6.4. 

The number of true positives in this confusion mauix is 52779 rctcrds lbotc rcc r.h 

which are predicted as 'Alive' class by the classifier and 3.1 L. --.I so ,wpp<,~ '"'" b) ~ b<n 

tested on the test data are (True Positives). The number of the ttconb Ylhkh II( 

classified to the "Dead' class by the classifier and they are actually ~1I1 tc ltd '" the 

Icst dam (True Negative) is 33206. The sum of these values (equals to 59 S) II\( us 

the correctly class ified number of cases even if we provide 95,220 the loLal d.ita\Clf 

(cases) to the experiment. 

As we can also see from the Table 5.4, sensitivi ty is a bit high fo r U\I \«I(d model 

"hi le specificity is next to sensitivity but high across even 10 all olher model ~Cr\lIU\'II) 

is the ability of the classifier to identify true positives (In thiS case the "lUll Ah\oe ), 

which is equal to the recall of the classifier whereas specificity of the cl lfier 11 tht 

ability of the classifier to identify the true negatives (Actual Dud In thi (3)c). 

Precision and recall is also a good pcrfonnance measure for the model buill lbe 

precision of this model for the' Alive' class is a bit higher than the pml lOR for the 

'Dead' class. The ROC area of all of the models is also above O . ~ 1 modcrltdy sood 
The ROC is a simple graphical plot of the sensitivity. or true po Ill\'( nHc, \ . ril~ 
positive ratc (1 _ specific ity or 1 • true negati ve ratc), fo r a binary classlficr S) tcm IS lli 

discrimination threshold is varied. The ROC can also be repre ented cqwvalcntl) by 

plotting the fraction of true positives out of the positives (l1)R true poSllI\C rate) \ the 

fraction of false positives out of the negatives (FPR - false po ill\-c ratc). It IS abo \\n 

as a Relative Operating Characteristic curve, because it is Il comparl n of 1\\ opalun 

characteristics (TPR & FPR) as the criterion changes. 

5.3.1 Generating rules from the decision IrCC 

The size of the tree given 

(Classi ficat ion nodes) that is 

by the number of nodes and the nwnbcr of k;a\ts 

F· S 4 Froo> 
. the uee art sho\\n In IguR 

present III 
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tree it is seen that onJy IS of the attributes are required I 
. 0 create the tree v.hich mnru. the 

predictor attnbutes that are used for classification of the data~ .. t . ".. The Partial decision trtt 

constructed is presented in Annex B. 

From the decision tree created it is possible to understand th . f e meaning 0 the patterns .md 

generate rules from that decision tree. Because rules are more a d' ccurate pre letors of • 

given class than decision trees developed. Rules are generally easier to understand than 

trees since each rule describes a specific context associated wi th n class. Furtherm rt, • 

rule set generated from a tree usually has fewer rules than the tree has leave . 

We lake a close look at the decision tree and find that the lOp level of tree is the attnbuu: 

"ROOF", Therefore we can infer that this attribute is most disccmablc to the target \Glue 

we want to predict. The classifier construct by using 15 attributes has an accu!1I;cy of 

90.30%. This classi fier has used some attributes to construct rules and pro, ided the c1 

predicted by the rule. 

By default rules are ordered by class and sub-ordered by confidence . The number of 

instances for each labeVclass is given at the leave. The numerical value, which appeared 

next to the predicted class, indicates the leve l of confidence of the predictor for the: 

outcome or the predicted class. Follows the name of the majority class, the number of 

instances for the majority classl number of the minority class is avai lable in brackets. 

From thi s, it is possible to calculate the likelihood predictability of the majority elMS 

from the numbers of instances. For example, Dead (2401.0/35.0) is the first leaf of the: 

decision tree in the generalized decision tree with pruning using some attributes mood, In 

which 'Alive' value is 240 112436= 0.99 like lihood predictability of the majonty elm 

Similarl y, we can calculate level of confidencellikelihood predictability of the outcome 
r . r of the patterns/rule '" bleh arc 
lOr the other majority classes. The followUlg are a lew 

d 
r which their prtdictabilit)' of the 

iscovered between status and other attributes lor 

majority class is relatively high compared to the rest. 
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Rulel: If ROOF is 'TH' (Thached) and TIMEX is '<= 1'8098' . 
. . . . " > . and If RST ART - is 

-!}It (in migration) Ifl which the mdlvidual is registered fo th ud ' I r e SI Y IS then the status lS 

predicted as 'Alive' (will survive) highly likely. 

Rule2: However, If ROOF is 'TH' (Thatched) and TIMEX is '<- 1380.978386' and If 

RSTART is 'MU' (multiple change) and YEND is within ' 1995.5.1 997') the II\dlvld",1 

involves at the study area is then their status is predicted as 'Dead' (will nOI surVl"c). 

Rule3: However, If ROOF is 'TH' (Thatched) and TlMEX is '<- 1380.978386' and If 

RSTART = is 'XX' Goin between 1995131 and 20050101) nnd RELIG is 'M ' 

(Muslim), and if MAruT AL is 'TY' (too young) then individuals in the study are highly 

likely Dead (will not survive). 

Rulc4: Those individual However, If ROOF is 'TH' (Thatched) and TL\ X is '( 

1380.978386' and if RSTART = is 'XX' Goin between 1995131 nnd 200501 01) i\J1d 

RELlG is 'OC' (Orthodex), and if AGE is '<=10.5' and '52.5·63' is Ihen thre individuals 

have high chance not to survive for the study. 

R"leS: If ROOF is 'TH' (Thatched) and TlMEX is '<= 1380.978386' and if R TART 

is 'XX' Goin between 1995131 and 20050101) and RELlG is 'M '(Muslim), and If 

MARITAL is 'NM' (never married) and EDUCAT is 'UK' , ifENVIR is' II ' (highland) 

then individuals in the study are highly likely Dead (wi ll not survive) whereas if i:.NVIR 

is ' L' (lowland) then individuals will survive in the study area. 

As it is observed from rules' 1 to 5 above, mortality is associated with types of roof 

,reason start the episode, days exposed for episode, educational background, age of the 

. d' . d th . ad and even wilh inmigralion. 
In lVldua!s. individuals religion, year eo e epls e, 

T I d til attributes used to constrUCt those 
o determine the importance of the above ru es an e _ 

. . th dieted class predicted by rulcs IS 
rules, the association of the annbutes WIth e pre 

. d reportS of pre\il 
I gl'ven by domam expertS an eva ualed based up on comments 

research works. 
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.. sible it is better to experiment these variables using association rule di.sco\tt} If \t IS pos 
the researcher is restricted to perfonn further study due to ume COOSlmnl (Of However, 
ch work Hence the researcher has recommended as further expenment In !.he: this resear . 

h ter of thi s thesis for concerned bodies or researchers to validate the relevancy of next c ap 

the attributes. 
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CHAPTER SIX 

CONCLUSIONS AND RECOMMENDATIONS 

6.1 Conclusion 

In this research an anempt is made to investigate the possible application of data Mimng 

technology in developing a model that can support fo r identifying the patterns f vila I 

event. Result of the research is an important milestone in placing appropriate 

interventions rules and regulations that can minimize the burden of public henlth 

problems. Furthermore, the very interesting and unknown characteristic of the mined 

result is igniting further researches to be embarked by public health and IT professionals. 

Machine intelligence algorithms are improving as the number of data mining tools 

and algorithms increase. Healthcare data is a good test bed for data mining. j\ grcat 

deal of data in health care is still being gathered and organized using pen and 

paper. In this research, we have used the BRHP database as lhe experimental study 

that consists of 25 attributes and 66,123 cases sampled (95,220 cases after MOTE) 

from 236,549 cases. 

In this research J48 decision tree algorithm is applied. The main aim of thi s research is to 

identify the best performing scenario of data mining the technique \\lith knowing the mOSI 

detennining factor/attribute for the given dataset oflhe research. 

" I . t outperfonn some of lhe 148 
Several models are developed as expenmental ana YSIS 0 

"b"l· ·th our output and can be more 
parameters. The models built allow us more flex! I Ity WI 

" " I M sl of the models developed is 
powerful weapons in our data mllllDg arsena. 0 . 

l". the issue under considerauon. As 
Comparable and have closer perfonnance accuracy lor . 

" "" fi 54 90.30% predictive accuracy IS 
We can see from expenrnent (scenano) 7 ID gure ., 

" 0 "'0% of the test data represents lhe 
obtained for the selected best model. That means 9 . .> • . 

" " d f< computation and claSSification 10 
majority class of the training set. The hme reqUIre or 

this method is minimal. 
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In this research. the prediction rate of the J48 algo thm L __ n IW rt\(llcd that me " 
statistics data in BRHP is possible Or applicable with ~ . 

' . I\( lnC) 10 kJUc,;C f, dad 
performance accuracy use SMOTE that providl!s a new apPfOa'h Lo the CD cb:a ltd. 

The results show that using the SMOTE approach can the bsUJlcn ImprQ\C kctl1ky of c 

for a dataset 

Hence it is possible to conclude that the vital statistic d3ta (dcath or mt ruhl) KI) 

can be predicted by the application of class ification technique: (JoSS dccltion tree 

o.lgorithm) given the limitation of this study. In general, the rt ult hum thl (.at)' LI 

encouragin g. 

6.2 Recommenda tions 

There arc a number of different data mining algorithms lh:u produtc mudel I c tt 

rules that can be used in decision support system. In addition t~ thc'-C a1aunthm •• 

application of SMOTE to data mining is important ",hen cI ImNl"lkc un In W 

target attribute to be predicted, There are 31so several tOpt to he tpo.\ldcrW tW1bcr 

this line of research. 

A possibility fo r future work could be to implement a local dat.lba.~ II r the anal lJ 

where user can inplll data directly into their analysis, and ba..scd on the Nk IC'I. gn 

deliver the answer back. That means classification can be done USIIl& all tprtd cUl&kt In 

the database of the BRH P. This can be a handy tool for health pracullonc:n (If f" Ie: 10 

implement), 

As thi s research work is an academic practical exercise, is shoulJ be: corutdcrcd • 

preliminary effort to give insight into the application of dam miRing to.:hnolol 11f &he 
. fi I B d 0 !he rc ult ol>UlIlc:J. the n:oa:d>c:t 

SpeCI led area of the research prob em. ase n 
, . , I· ,",,,,.od future ~Q!' 
lorwards the following recommendauons lor po ICY m 

~ od I b 'I d selected ",tb thc~ t bmqUt1 
, It is important to deploy the m e Ul t an 

. th 'd lficauon of Indl\ldual 's mcrulil} 
as a primary decision support III e I en I 

and grouping patterns. 
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?- The concerned bodies for BRHP may need to InHStlg.i1t( tht IrplL,.bilit) or 4IU 

mining technology in more details and Oth(f d(t3i1s !tIlted t pre \"C 

approach for strategic business needs. 

?- As stated earlier, the data set that is conducted for tIll resc rth \I, n. IS cal) • 

sample of eighteen years data with selected o.uribute . 1I(",c It rDI) be 

appropriate to consider the full dataset with all o.unbute as thiS II\C bNIdtf 

opportunity to look into profound phenomena on it. 

?- In the researcher opinion, the number of ex:pcrirnenls thai ore COOOUl.:tcJ In this 

research work is not ample enough to obtai n best occurncy moo(1 wma the IlRIlP 

database. Hence doing further researches shall be considered by uslna dlllcrcrll 

algorithms of the same or different software with 3 number of $CCn.1r1OS 
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Annex B: A partial decision tree generated for BR II P dOl 

J48 pruned tree 

ROOF ~ TH 
I TIMEX <~ 1380.978386 
I I RSTART ~ IN: Alive (4001.0/402.0) 
I I RSTART ~ MU 
I I I YEND ~ '(-inf-1 988.7], Dead (132.0) 
I I I YEND~ '( 1 988 . 7-1990A]'Dcad (3 1 1.0) 
I I I YE ND ~ '( 1990A-1992.I]': Dead (555.0) 
I I I YEND~'(1992.1-1993. 8]' : Dead (730 .0) 
I I I YEND ~ '( 1993.8-1995.5],: Dead (II 4.0) 
I I I YEND ~ '(1995.5-1 997.2],: Dead (2401.0/35.0) 
I I I YEND ~ '(1997.2-1 998.9], : Dead (3754.0/65.0) 
I I I YEND ~ '(1998.9-2000 6], 
I I RSTART ~ XX 
I I I RELIG ~ MU 
I I I I I MARlTAL = UK: Dead (6 1.0125.0) 
I I I I I MARlTAL~ MO 
I I I I I I EDUCAT~UK : Dead ( 1 276.011220) 
I I I I I I EDUCA T ~ NO 
I I I I I I EDU AT ~ PR:Alive( 1 5.0I3.o) 
I I I I I I EDUCAT ~ SE: Alive (2.0) 
I I I I I MARlTA L ~ TY : Dead (2 I oo.0/239.0) 
I I I I I MARITAL - NM 
I I I I I I EDUCA T = UK 
I I I I I I I I ENVIR ~ 11 : Dead (257.01940) 
I I I I I I I I ENV IR ~ U: Alive (1.0) 
I I I I I I I I ENVIR = L: Alive (153.0159.0) 
I I I I I I EDUCAT ~ NO:A li ve ( 1 6 1.0130.0) 
I I I I I I EDUCAT - PR: Alive (16.013.0) 
I I I I I I EDUCAT ~ SE: Alive (3.0) 
I I I I I MARlTAL WI: Dead (62 1.0/5 1.0) 
I I I I I MARlTAL - PO: Dead (123.0/53.0) 
I I I I MARlTAL = DI: Dead (25.0110.0) 
I I I I I MARJTAL - E: Dead (12.0,4.0) 

I I RELIG OC 
I I I AGE '(-inf-10.5]' Dead (47.01\90) 
I I A E - '(10.5-21)" Alive (129.0052.0) 

I I I A E_'(21_3I.5I"Alivc(1380 190) 
I I I AGE - '(31.5-42)" Alive (67.011 5.0) 
I I I AGE - '(42-52.5]': Alive (5 1.0/22.0) 
I I I AGE - '(52.5-63], Dead (41.01200) 
I I I I AGE -'(63-73 .51" Dead (50 0 12.01 

Il2 



I I I I AGE = '(73.5-84]': Dead (JJ.O/S.O) 
I I I I AGE = '(84-in1)': Dead (28.012.0) 
I I I RELiG = UK: Dead (8~.0133.0) 
I I I RELiG = CH: Alive (91.0125.0) 
I I I RELiG = OT: Alive (1.0) 
I I RST ART = ST 
I I I AGE = '(-inf- IO.5]': Alive (0.0) 
I I I AGE = '(10.5-21],: Dead (299.0nO.0) 
I I I AGE='(21-31.5]' 
I I I AGE = '(31.5-42]': Alive (J840/8J.0) 
I I I AGE = '(42-52.5]': Alive (I 62.0nO.o) 
I I I AGE = '(52.5-63]': Dead (130.0/55.0) 
I I I AGE = '(63-73.5]': Dead (108.0139.0) 
I I I AGE = '(73.5-84],: Dead (107.0127.0) 
I I I AGE = '(84-inl)': Dead (94.011 5.0) 
I I RSTA RT = MO 
I I I YEND = '(-inf-19887]': Dead (30) 
I I I YEND = '(1988.7-1990.4],: Dead (10.0) 
I I I YEND = '(1990.4-19921],: Dead(12.0) 
I I I YEND = '(1992.1-1993.8],: Dead (8.0) 
I I I YEND = '(1993.8- 1995.5],: Dead (14.0) 
I I I YEND = '(1995.5-1997.2],: Dead (50.0121.0) 
I I I YEND = '(19972-1998.9],: Dead (47.0118.0) 
I I I YEND = '( 1998.9-2000.6]': Alive (287.0/550) 
I I I YEND = '(2000.6-2002.3], : Alive (88.0/140) 
I I I YEND = '(2002.3-inf)': Alive (259.0113.0) 
I I R TART = Ll : Alive (426.0) 
I I RSTART ~ RO: Dead (19.0/9.0) 
I I RSTART = IVA: Dead (0.0) 

ROOF = CO 
I TIMEX <- 1377 
I I RSTART = IN: Alive (1637.0/55.0) 
I I R TART = MU: Alive (I 557.01258.0) 

I I R TART - XX 
I I I AGE - '(-i nf-I O.5]': Alive (49.0/22.0) 
I I I AGE - '(10.5-21],: Alive (156.0/37.0) 
I I I AGE ~ '(2 1-31.5]': Alive (165.0118.0) 
I I I AGE - '(3 \.5-42]': Alive (82.0/14.0) 
I I I AGE - '(42-52.5]': Dead (56.0127.0) 
I I I AGE = '(52.5-63]' : Alive (Z5.09.0) 
I I I AGE - '(63-73.5]': Dead (27.0,6.0) 
I I I AGE = '(73.5-S4]': Dead (20.015.0) 
I I I AGE = '(S4-in1)': Dead (12.012.0) 
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