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Abstract 

Nowadays, people all over the world have been challenged with the confronting problem of HI VIA IDS. There is large scale of HIV-related data available at VCT centers and other clinics and hospitals. What is demanding is knowledge from the da ta that may help HIVIAloS prevention activities. 

This paper reports on the findings of a research that had the objective to apply data mining technology to find determinant risk factors of HIV infection and their association rules, that would broaden the insight about HIVIAIDS. The study focused on using VCT for the reason that the data availability in electronic format. A data set of 5267 visitors is used. 

In this paper the process of knowledge discovery and data mining functions are described. Different a ctivities are performed for the purpose of data preprocessing using Ms Excel. Among the total records 70% is used to train the model and 30% is used to validate classifier with unseen data. The KnowledgeS TUolO (to identify the fac tors) and WEKA (to mine their association rules) softwares are used for experimenting the research. 

In general, the research has resulted in determining the frontier risk factors, analyzing the influence of each with decision tree and assessing their affinity. The reoorted finclings are promising, making the result usable to the health professional, ;'overnment, policy makers, and the SOCiety at large. And the whole research process can be a good input for further research. 
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CHAPTER ONE 

1. INTRODUCTION 

1. 1. BA CKGROUND 

Tile global wide spectrum of HIV/AIDS (Human Immunodeficiency Virus/Acquired Illllllunodeficiency Syndrome) problem has made all human beings to worry. Millions are suffering from HIV all over the world today. The number of people who pass away from HIV/AIDS Epidemic is very astonishing to hear a bout. The number 0 f people living with HIV/AIDS, according to UNAIDS (2004), HIV/AIDS Epidemic repoli is closing to 40 mill ion. The same source showed about the 5 mill ion of newly infected people in 2004. HIV/AIDS has become a prevalent disease and presents a global problem and its impact, if not controlled , will be profound and is considered to be Iliglliy destructive. Especially it's the main causes of death among youth and midc: ~ age adul ts (highly productive and reproductive of the society) (WHO 2002). 

Looking at the Ethiopian context, Ethiopia is one of the cou ntries in sub-Saharan Africa most severel y affected by HIV. In Ethiopia, AIDS is now recognized as the leading cause of adult morbidity and mortality in the couniry. In Ethiopia, AIDS has already increased the number of deaths in Ethiopia by 6 percent. Th3 projecti on of the data , by Lisa Garbus 2003, showed that between 2000 and 2015, it will increase ihe nu:nber of deaths in Ethiopia by 27 percent. More than 42 percent of all hospital beds in the country are estimated to be occup ied by AIDS patients. The risk factors associated with this problem may be many in number but some variables that rnake p';;:)ple 10 be infected with higll probability are considered to be main risk factors. r.~ ' ·sf resea rch papers reported so r3 r by healtll professionals show the infection patterns most 'y ill terms of only the <-ge and sex group of til 8 individual. HO'Never , ;' .': ' associa tion patterns of these Att'ibutes beyond thes" 1'.-';0 v'l ri ables ilave not c'c"' :' in . . :;lIg ,J ted . 

'\ 



"L'LII,:;ell,ng C1no costing U;l;ts and Ihei: utilization , very much facilitate~ plannin:] , monitoring, and evaluation of HIV treaiments and counselling services. 
AliI,ougl. varioll s researches have been carried out elsewhere to investigate thEe applicability of data mining technology for various mining problems, to the knowledge of the researcher, no data mining technology in general has been investigated in finding major factors (risk factors) and their association that can increase the understanding for the HIV infection patterns for people in Ethiopia specially using the volun tarily counselled and tested individuals. 

Center for Disease Control and Prevention (CDC) lias a global AIDS progr3m to help prevent HIV infections, improve care and support and build capacity to address the global HIV/AIDS pandemic. CDC provides financial and technical assistances through partnerships with community, governments, and national a nd international entities working in resource-constraint cOLintries. Add itional YIV prevention , education and research programs are also conducted in other CDC centers , institutes, and offices. CDC employs a comprehensive approach to preventing further spread of HIV and AIDS. These activities are critically important, as it is estimated tnat mi!lions are currently living with HIV. Ane the number of people seeking the treatment, counse lling, a:10 test services is highly increased. The Health stati slic~ cen ter of CDC co!lects HIV/,lldDS -related data in many of its data systems, including HIV voluntary counselling and testing data. 

A comprehensive approach to prevent HIV inc.ludes the opportunity for the mass to discover whether they are infected together with appropriate counselling Cl'10 support. Whatever the results of testing. people need to learn how to reduce their I is:, of ~etting or tra nSrflll.ting the infection. C')unselling c:nd Testin:; $e~vices are vi!::;1 for prevention and tre"tment strategies, which is much better when done on vo lunta,"/ bases. i'.i the S31lle tillle illl'esl'gating the degree of ass0ci"tion of the ri s;, 

hea::.!, institutions looking fOl-. 

• 
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(Ragh;wan, et. aI., 1998). Pratl ler et. al. (2002) on hi s part states that, although 
health care databases have accumulated large quantities of information about 
patients and their medical conditions, tllere are only few tools to evaluate and 
analyze this clinica l data after it has been captured and stored. The authors fu rther 
stated tha t evaluation of stored data migll t lead to the discovery of trends and 
patterns hidden within tile data that could significantly enhance our understanding of 
disease progression and management'. 

As Fayyad, Paitesky- Phapcro, and Smyth (1996) describe, the tradi tional method of 
turning data into knowledge relies on manual analysis and interpretation. The writers 
further sta ted that, for example, in the heal tll industry, it is common for specialists to 
peri odica lly analyze current trends and changes in health data, say, on quarterly 
basis . The specialists then provide a report detailing the analysis to the sponsoring 
health organization; this report will be used for further decision making and planning 
for health management. 

Specifically, as data volumes grow dramatically, data analysis based on manual 
methods is becoming completely impractical in many domains. Parther et.al., (2002) 
argued that to eva luate and ana lyze data stored in large databases, new techniques 
and methods are needed to search large quantities of data and to discover new 
paiterns and relat ionships hidden in the data. It is due to the challenges of searching 
for knowledge in relational databases and our inability to interpret and digest these 
data as readily as they are accu'mulated, which has created a need for generation of 
tools and techniques for automated and intel ligent database analys is . It is from this 
consequent that the dis,j pline of Know/edge Discovery in Databases (KDD) , which 
deals with the study of such toois u lld techniques, has evolved into an importa nt and 
active area of research (Raghaval1 , et. al. 1998). 

'1.2. MOT/VA nON OF THE STUDY 

__ ''::',i :U, !.j,{.:,: t:/ or ind irectl y. aifE:ct c'i/ ~\unJ::j n r)e ing ;:-rcs;J€Cli \!e of jcb , \;fe style, ~ll1d 

~! l.; r d~;'! !::,es. H!V infeclion pailr-rn lH;dersl ;:llld i r~u ca n be u s·~d ')y al rnost ("i ll .f~ ectf)r::: 

. ,f t;~e _.;cic---fj at 1c:1 lg €:: . M3!nly l~~ e Q0venHl1E::i~t . (nedic;'!i sectors anci S~t), :! !l e ( ; 

'\ 

I 



resea l cllers to proteGt life and to improve tile effi ~ i e n cy of operations. and to plan a 
wide range of activities. 

As it is mentioned in Anteneh (2004), a few decades have been elapsed since HIV 
IAIDS h as drawn the attentions 0 f a II people in the world . HIV infection has been 
infamous for a number of reasons including its rapid spread across the globe 
endangering the lives of millions (especially in developing countries) and its firm 
resistance to the vigorous search for remedy and vaccine . 

The underlying research problem that necessitated this study is the existence of high 
HIV/AIDS prevalence at a national level in general and in Addis Ababa city in 
particular. Specifically at the Addis Ababa city administration data on HIV-related 
cases is gathered daily by many health service centers and CDC have agreement to 
obtain the data. But the avai lability of this data analysed with the traditional statistical 
data analysis alone is not enough for health professionals, planners and policy 
makers to identify major determinants of HIV infection and transmission. 

On the other hand , the problem is that all those previously done studies on health 
were conducted by u sing a very s mall proportion of the data bases, Yet, in those 
studies. dato analysis was conducted by using simple statis tical techn iques, such as 
reyression and verification techniques (Shegawll, 2002), Since the analysis made by 
using traditional methods focuses on problems with much more manageable nUIll ':ler 
of variables and cases tha n may be encountered in real world datil bases, they have 
limited capaci ty to discover new and unanticipated patterns and relationships that are 
hidden in conven tional rela tional databases (Plate,et, ai, 1997) 

Parti cuiarly, in order to Identify patterns in HIV-in iection and associated risk factor", ': 
is difficL'lt to conclusively jlttri lJute the problem to a certain se t of factors s;ncE' ;:IP. 
parameters (attributes or factors) involved are too many, So studying the 8f1in;ly c,f 
trle ractors r<lther lilCl" si .. np :~' I ,~'t ing them is of crucial importance, On th i~ p,}:r,t L ',:;1 
£'1':J ~ande! (2002) t:~ j')~·c:d .' 1 ~:f1·?Qaw(2002} n~'~~j; .Joned tha t the toc';s l:se< in ll'i~: 
~(~,')eElrch on ::i8ath cClu~ ,1 J jly 11:1\1 e neen so far linl::ecl to ti le statist ic ... .;[ ted In>:::t.:es. ! r:8 

sLJrnm,1rizatior. . regrcs~: !:) n, '?'1.3!ysis of varianCe, (-I .: . HoY/eve r, such mcthc', .. 3 ", f \' "'.1 
;1i13!YS;S may concen~t.> 0 0 ; jJentif j' in~l U:e :eal~:r.~ CaUse~ of i nfi~c tion :::qj 10':"."';] 
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the a ssociation of single f actor with c ertain disease. No complex models involving more than one factor have been buill. 

Though the C enter for Disease Control a nd Prevention in Addis A baba office has collected and stored large volume of HIV- related data, including the data of counselled and tested volunteers, the accumulated data is not as such fu lly utilized to support HIV/AIDS prevention and control activities in the country. So, in such situations, new information technologies like data mining may be appropriate means in discovering hidden patterns in data. 

Thus, in this study, the researcher has investigated how the attributes regard ing the socia l, economical, behavioural, environmental , educational, and health related factors determine HIV infection and transmission in the selected area by applying the new computational methods of data mining technology. And this study also has examined the association of these frontier factors detailing with what degree of confidence and support they co-exist on an individual that has high probability of HIV infection. 

The ultimate goal of this research is to assess how well a model can be built by using data mining techniques that could perform well in identifying the risk of HIV infections and transmission among the mass based only upon the personal, partner, environmental factors, etc, withou t using diagnostic tests or physical exam findings. And also the research had aimed at finding the degree to which the influential factors are associated. This type of model might have application ou t side of clinical settings to support health workers in taking preventive actions to reduce HIV related problems as well as to assist health service planners, policy makers, and decision makers as a decision support aid in planning and implementing health intervention programs aimed at in the fi ghts against HIV/AIDS. Thus, the results of this data mining process can be used to distingu ish individuals at high ri sk of infection from those with low ri sk of infection by looking at the probability and determining power of each attribu te . 

The researcll question of this study is tha t if the existing data in the VCT (Voluntary Counselling and Test) database is ana:y:ed by using d a,a mining techniques and tools, it can provide knowledge (beyond simply being a data) that can facilitate tile 



improvement of task against HIV/A!DS by identifying significant and meaninYILII 
patterns among different data elements which are hidden or previously unknown. 
Specifically, in relation to the problem domain of th is study, if the right data included 
in the VCT system is se lected, organized, cleaned, and analyzed using data mining 
tools and techniques it might show a result that could help to develop a model that 
predicts the risk of infection among individuals and to identi fy major determinants 
(factors that lead to probabil ity) of HIV jnfection and transmission in Ethiopia together 
with their degree of co-occurrence. 

Voluntary Counselling and Test (VCT) is the most important services provided by the 
med ica l profession and , as already mentioned, HIV/AIDS test and counselling is an 
area where techniques of data mining technology can be successfully applied to 
come up with various resu lts in the area based on the pattern of the available data. 
For instance, data mining techniques can be used to investigate the attributes of a 
visitor that makes a risky volunteer (with a positive HIV test) and safe visitor (with a 
negative HI V te st) clearly showing the probabil ity of being so and measuring the 
degree of co appearance for the most significant attributes. 

Knowing one's HIV status is considered now days to be the best way towards th e 
fight against HIV/AIDS. And it is believed that the good way to check one's status of 
HIV is through voluntary counselling and test service . This is the main reason why, 
presently, number of health centers and institutions are providing the service by 
encouraging vis ito rs (or volunteers) by lowering the counse lling and te st fee down to 
a free of charge. 

Here , as to the objective of this research, the main concern of interest should not 
only be the ser'.'ice provision but also to understand and inves tigate the volunteers' 
data and trea t them accordingly. So, this study is an attempt that can encourage the 
experts in the " rea to exploit the wide range of appl ications of data mining 
technology and ' ,;"hni ,!ues in '!arious facets o ~ the discipline. 

1.3. APPLICA T!ON OF THE STUD Y 

Even though the primary goal and initiat!v" purpCJse of this rese8:(;;1 is 30'jen llc 

exerci se re sea rch, the fi ndings of this cyp-::-r,me n!a ~ re search can U H; I·,l~i.e~y be l;SE:G 

in various areas . 



In the first place. ti'1e Center for Disease C 011trol a nd Prevention as well as 0 ther 
simi lar 0 rgClnization may use tile intended model to know deeper about t heir data 
and contribution of each attributes of the customer that determine tile probability of 
infection. Beyond simply knowing the factors, it enables also to measure degree of 
association of tile attributes resulting in infection. This Ilelps to device different 
strategies for the efforts towards the struggle against HIV/AIDS , like for instance, 
planning education programs to enhance awareness, in case lack of awareness, 
result in high probability of infection. In doing so they can improve the servi ces they 
render to save and protect life of the majority. 

Secondly researchers in the domain area can use the result of this study to 
collaborate with the basic researches they conduct on HIV/AIDS and related studies 
and operations. Like for instance, if the study reveals that gender differences show 
differences in infection pattern , medical researchers may get some ground to step for 
further investigation. 

The government, minister of health, and policy makers can also use the out put of 
this research as a decision support means when setting policies a n the issues of 
HIV/AIDS prevention and elimination. 

Therefore, directly or in directly, the society at large will befit a lot from the final result 
of til is experimental research. 

1.4. OBJECTIVES OF THE STUDY 

1. 4:i. GENERAL OBJECTIVE 

The objective of this study is to explore the potential appl icabili ty of Data Mining 
Techniques to identify the major factors that result in HIV Infection and 1 ransmission 
and to illVestigate the ir association; that can support counselling and test servi ce 
providers , policy makers, pl[1nners. etc, to prevent the prevalence of HIV/AIDS. 

1. 4.2. 3 D ECiriC OBJECTtVES 
In ord<:'r 10 Clr),:p.ve the specified 0,;ncral objective, the re searcher Ilas th" folk", j, c; 
targets dS its speci fic object ives 

• Ue,il ture Review 

• Identi fy determinant risf. faclors 
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• Assess the in fluence of the ri sk frlCtorS 

• Find association rules for the facl'Jrs 

• Identify group of the society higl11y affected 

• Identify group of the society most benefited from VCT 

• Report the result and make recommendations 

1. 5. RESEARCH METHODOLOGY 

The methodology applied for thi s research was adopted from the techniques used by 

Stat soft and Two Crows (1999). It uses the different data mining steps that need to 

be carried out to develop a decision support system. assuming that the problem is 

well understood. 

The different metilods em ployed for the research and how they were applied for the 

study is provided below. 

1 . 5. 1. IDENTIFYING THE DATA SOURCE 

In this research, the data that were relevant to the preblem under qU8stion was 

identified based on the available iiteratures and by obtain ing assistance from the 

experts in the area The VCT data was found to be an appropriate source and was 

col!ected irom CDC center of USA in Addis Ababa. Center fvr Disease Controi and 

Prevent ion (CDC) col lects and records HIV/A IDS-related treatment data including the 

VCT data frol11 service cen ters like Zewuditu Memorial Hospita l in Addis Ababa and 

Organization for Social Services for AIDS. The researcher used this VCT (::Olta 

availab!e at this cen ter. Thi s is because ; the VCT data that are required for this 

research are a!ready avai lable in electronic format at this station . And secondly, VCT 

is an Hill tre3tment (service) tilat t:ncolllpasses the gener,,1 population and is bes t 

type of data to represent the mass '.Vith no restriction. 

1. 5. 2. [; ~TF Rr·';'N ING THE DATA QUANTITY 

It has t·c:.; ;'] i ' -~1;"Ortrmt to rnake a r .. ~asonab!e estimate of ho··. ·/ much data would ~e 

needed . ~r :J;·,[i·,rt;;king the stud:,.'. 1:1 this regard, based or. E.'niI3iJle lileratures :'1fI(~ 



1.5.3. PRELIMINARY DATA ANALYSIS 

Data mining ca n be regarded as extensions of standard statisti cal techniques, and 
such techniques ca n give us an idea of the performance , that the model is like ly to 
achieve. In this respect , assuming tha t the factors that influence HIV infection , such 
as marita l sta tus, sex, age, occupation, reason for the test may be good factors and 
hence the researcher has made use of visual observation as we ll as statistical 
corre lation ana lysis to identify determinant attributes in addition to the experts' 
suggestions . 

1.5.4. DATA PREPARATION 

Since it is necessary to convert the row data to a more suitable format, the 
researcher has done the data preparation task as follows: In the first step, the data 
was checked for va lidity in size and quali ty. Appropriate measures were taken to 
correct Inconsistent and missing values . Since data mining generally provides 
improved performance with the normalized data, all the selected client data se ts 
were transformed into va lues that are convenient for the selected data mining tools. 
Especiall y, on preparing the data set for the association mining using WEKA 
software (with Apriori algorithm), tough effort was made to change the nominal 
values of all the attributes to single label that Java envi ronment of WEKA 
understands . 

1.5. 5. TRAINING AND BUILDING MODELS 

The next step after collecting, cleaning , and transforming the data was training and 
model bu;lding. Model building, which is the core work in the data mining problem. 
,-,vas accompli shed using avai lable data mining software. The selection criteria for the 
software were made on the bases of availability and convenience of the software. 
Among a number of available data mining software, KnowiedgeSTUDIO and WEKA 
w" re u ~ ,·: d in tlli s project at ciiffere!l t [",ve l and purpose of the [8st'.arch . 

Tr,e e Xi":':n~(·; n t wa s conducted by dividing the data into tra :".ng and validation S" [S. 

Pie tran-IIllg sd WClS used .0 actually train the me-del and the '/8 lidation set W,1S ll SE:',: 

to cilecK the general izCilion ability [)f ti l e model wi,h a dala sd t!la t is not P31 t cf :"~ 
Ira ininy set. Of the tota! data . 70c,;; WaS used 10 trai r. til.; Ill G(;~I . a[l : ! 30·.{, vt:ls ' ::32 :: 

for val idCilior'. 
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1.6. SCOPE AND LlMITA TlONS 

The scape .of this research was limi ted ta the valuntary caunsel ling and test clients .of Center for Disease Cantrol and Preventian, where the required custamer data was ava ilable. Even thaugh the findings .of this study can fairly be adapted as re levant ta explare and implement the patential applicability .of data mining taals in ather centres .of similar service, related ta HIV/AIDS, this research is limited ta the case .of Center far Disease Cantrol and Preventian. 

Furthermare, the study was limited t.o Ihe valun tary caunsel ling and test data in investigating the cantributian .of each attribute resulting in HIV infectian and finding the ir assaciatian ru le. This pattern can be used bath ta understand the existing data and ta predict haw new instances will behave. 

The time that was given ta undertake this research wark was very shart and caunted a canside rable limitatian in develaping the underlying madel. 

1. 7. ORGANIZA TlON OF THE THESIS 

The whale paper .or thesis is .organized (chunked) inta six chapters. In the firs t chapter, intraductian, mainly the prablem far which the research was canducted is presented Mareaver, the general and specific .objectives, and the methadalagy em played ta carry aut the research is discussed. 

The secand chapter cantains reviews .of the works dane in the prablem area .of the research. The curren t state .of HIV/AIDS and related research prablems were identlriec: Moreaver, passible solutions ta these problems are indicated. 
In the third chap ter, literatures an the technalagy, which is at the cen ter .of this study, nameiy, Data Mining, Knawledge Discavery in Databases, steps .of KDD, wil i be re '.'lc''1(,d . K;lawledge Discavsry in Databases activities ond mining assaciatian ruk·i 'J:S,~ '3l sa appraised. 

T;ie fau nh chapter i~ mainly concerned with the partic:ular da ta mining activ; ,I a{~O olf~rl in solving til e ~rob : er~"'l undor corts ideration. T I -~ : s is abDut assoc:atiJn 11',;01: , ,-: In .:1 [)U delCltl ieve l of ~!.!~tr[.!r;t;(),; . 
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In the fifth chapter, which is the experimentation part of this research, the ditferenl steps to be fo llowed in collecting and preparing data were described. Furthermore, the model building process using appropriate techniques and algorithms, including the various pa rameters were discussed in detail. Finally, summary and interpretation of the experiment's results are given . And in the sixth chapter, the concluding remarks and recommendations are discussed. 

II 



CHAPTER TWO 

2. HIV/AIDS AND CURRENT RESEARCH OUTPUTS 

2.1 General Overview of HIVIAIDS 

HIV/AIDS is the most far-reaching and damaging epidemic the world had ever seen (WHO 2002). W HO, further stated that HIV/AIDS , within a single generation, has grown into an individual and social tragedy with huge implications for human security, for socia l and politica l stability and for economic development. Originally viewed as just another disease, HIV/AIDS has long since moved beyond the boundaries of the health system. It is now generally acknowledged that addressing the pandemic required concerted efforts across all sectors involving a wide array of actors. Nevertheless , the health sector must remain central to all efforts to halt transmission of HIV and to mitigate its impact. 

2.2. Global HIVIAIDS Circumstances 

As all may perceive it, the effect of HIV/AI DS spans all over the world, and it is very measurable when viewed by the number of people infected and the number of AIDS and HIV/AI DS-related deaths. For this review on the global effect of HIV/AIDS, UNAIDS, December 2004 reported global summary of the HIV/AIDS epidemic indicating number of people living with HIV/AIDS, number of newly infected people in 2004, and AIDS death in 2004 reviewed as shown in the Table 2.1 on thee next page. 

This table indicates tha t the total number of people living with the Human Immunodeficiency Virus (HIV) rose in 2004 to reach its highest level ever, compared vl ith years before an estimated 39,4 million [35.9 mill ion- 44.3 mi llion] people are living with the virus . This figure includes the 4.9 million [4 .3 million-6,4 million] people WllO acquired HIV in 2004. The global AIDS epidemic killed 3.1 million [2.8 million-3.5 ~; ; : l l on ] people in the past year. The following graph, as adopted from the !;ame report, displays graphically the estimated number of people living with HIV. 
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Total 

Number of people living with 
HIV/AIDS Adults 

Women 

Children under 15 years 

People newly infected w ith 
Total 

HIV in 2004 Adults 

Children under 15 years 

AIDS deaths in 2004 Total 

Adults 

Children under 15 years 

Table 2.1 Global Summary of HIV/AIDS Epidemic 

[Sonrce: AIDS Epidemic Update, UNAJDS, December 2004] 

39.4 million (35.9-44 .3 million) 
-

37.2 million (33.8-41.7 million) 

17.6 million ( 16.3-19.5 million) 

2.2 million (2 .0-2.6 million) 

4.9 million (4 .3-6.4 mill ion) 

4.3 mill ion (3 .7-5.7 mi llion) 

640000 (570 000-750 000) 

3.1 million (2.8-3.5 million) 

2.6 million (2.3-2.9 million) 

510.000 (460 000-600 000) 

Estimated num ber of people living with HIV, 
2000-2004 
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Figure 2. 1 Estimated number of PLWH 
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The report yet indicate that Sub-Saharan Africa remains by far the worst-affected 

region, with 25 .4 million [23.4 rn illion-28.4 million] people living with HIV at the end of 

2004 , compared to 24.4 million [22.5 million-27.3 mill ion] in 2002. Just under two 

tllirds (64%) of al l people living with HIV are in sub-Saharan Africa . The following 

table, quoted from the same source showed estimated adult and child deaths due to 

HIV/AIDS during 2004 for various continent of the world . 

Sub-Saharan Africa 2,300,000 

Asia 540 ,000 

Latin Ameri ca 95,000 

Eastern Europe and Central Asia 60,000 

North America, Western and Central Europe 23,000 

North Africa and Middle East 28,000 

Caribbean 36,000 

Oceania 700 

Table 2.2 Estimated Adu lt and Child Deaths Due 10 HIV/AIDS During 2004 

[Source: A/DS Epidemic Update, UNA /DS, December 20041 

What is still important to give attention is that the number of people estimated to be 

newly infected keeps riSing. From the same source (UNA /OS, December 2004) it is 

indicated that mill ions are newly infected during the year 2004, as shown in the 

following table. 

Sub-Saharan Africa 25 ,400,000 

Asia 3,100,000 

La tin America 240,000 
-------
! Eastern Europe and Central Asia 210,000 
I 

t_N~rth Am~rica , W estern an d Central Eu:ope 64,000 

I North Africa and Middle East 92,000 
I 

1 53.000 ~aribbe a~ _ _ 
- - -

i Ocean ia 5,000 .. - .-- --_ .. ---- ---_. -.------- -
Table 2.3 Eslimak,j Number of Adults and Ch.ldren Ne\\ l)' Infecled with HIV During 2004 
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Having all tile review of HIV/AIOS in the world, it is not a right time to simply worry 
about HIV but every body should do something about it. It is the responsibility of all 
human being to act against HIV/AIOS. For same reason, the researcher of this 
experimental study is striving from his part towards the fight against HIV/AIOS by 
implementing the possible and available information technology tools to the problem 
domain. 

2.3. HI VIA IDS in Ethiopia 

Before starting writ ing about the current HIV/AIOS, it may be of importance to review 
its history of emergence . The first HIV infections in Ethiopia were identified in 1984. 
In 1986, the first A lOS cases were reported. InS eptember 1 987, the government 
established an HIV/AIOS department within the Ministry of Health, and in 1988, an 
HIV surveillance system was established. In 1989, the Health Bureau of the Addis 
Ababa City Admin istration began HIV sentinel surveillance. (Lisa Garbus 2003). The 
list 0 f these incidents in Ethiopia iss ummarized as in the T able 2.4. Lisa Garbus 
added that, in the year 2003, there were 37 HIV sentinel surveillance sites (31 urban, 
6 rural), though only 34 report data to the MOH. But what needs to be noticed here is 
that as the overwhelming majori ty of HSS sites are in urban areas, an enormous 
segment of the rural popu lation remains uncovered by the current HIV sentinel 
surveillance system. Moreover, the six r ural sites represent 0 nly two regions. This 
despite that 85 percent of the population lives in rura l areas. 

Year In cidents 

1984 The first HIV infection identified 

1985 National HIV/AIDS task force established 
--_. 

1986 The first AIDS cases reported 
i 

1987 HIV/AIOS Department established 
-_. 

1988 HIV Surve illance system established 
._-

1989 Addis Ababa Health Bureau began Sentinel Surveillance 
1-- 199 1 I National HIV/AIDS trea tment policy was drafted I 1 .- - - -I~·· --_. -

L 2000 1 The National AIDS Prevention & Control was established 
I 2001 i VCT service established as HIV Intervenliun stra te(JY 1 L- _ ____ . _____ __ . 

--
Table 2.4. SUinmarized List of HIV/AI DS incidents in Ethiopia 
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According to Lisa G arbu~ 2 003, H IV/AIDS in Ethiopia increased rapidly during the 
·1990s. The report of this writer showed that by 1989, HIV prevalence among the 
general adult population was estimated at 2.7 percent, increasing to 7.1 percent in 
1997 and to 7.3 percent in 2000. In 2001, this figure was 6.6 percent. However, the 
MOH (Minister of Heal th) does not believe that this fall indicates that the HIV 
epidemic in Ethiopia is declining; rather, it is primarily a result of the reclassification 
of one sentinel site. The MOH estimated that 2.2 million Ethiopians were living with 
HIV/AIDS in 2001, of whom 2 million were adults. 

During the early stages of the HIV/AIDS epidemic, there was a major effort to 
conduct serious surveys in Addis Ababa and other major urban centers among core 
transmitter groups. However, post-1990, there are very few data to indicate the level 
or progression of the epidemic among sex workers and truck drivers, as well as 
traders/merchants and the military. 

When we look at the nature of the HIV case data as seen from the paper of Lisa 
Garbus 2003, it indicate that heterosexual and MTCT (Mother-To-Child 
Transmission) transmission account for almost all HIV infection s in the country. The 
few data available have not found an association between harmful traditional 
practices and acqui sition of HIV. HIV transmission via unsafe injections appears to 
be very low. 

AIDS case reporting began soon after the establishment of the HIV/AIDS department 
within the MOH in 1987. AIDS cases are grossly underreported . Among women, 
AIDS cases peak between ages 20 and 29; for men, between ages 25 to 34.(MOH 
2004). Lisa Garbus 2003, also mentioned that from the ANC (Antenatal Care) data, 
the group with the highest HIV Dreva:ence in the country is women ages 15 tD 24. 
Data from blood donors, visa appl icants, and police and army recrui ts indicate that 
HIV prevalence among men peaks between ages 25 and 29 . This is likely related to 
age mixing. wherein young women have older male sex partners, primarily for 
economic reasons. 

According to ANC data, (on MOH 2004 ), the group with the r ic;hes t HIV prevalence 
in til e coun:ry is women ages 15 to 24. Data from blood donors. visa applican ts, and 
police a nd <l rmy r ecru its i nclicale th i'l t HIV prevalence amor.g '- ~e n peaks be tween 
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ages 25 and 29. Tilis is likely re lated 10 age mixing, w herein young womel l have 

older male sex partners, primari ly for economic reasons. 

When we look at the political , economy and socio-behavioral context of the country. 

the relationship between HIV prevalence and socioeconomic factors is highly 

complex. Increasingly, risk of HIV infection is· recognized as related to, inter alia, 

one's socioeconomic sta tus as well as the socioeconomic profile of the community in 

which one is situated. Additionally, Ethiopia's political history, civi l war, conflicts with 

Eritrea , and current food crisis also affect HIV/AIDS dynamics (Lisa Garbus 2003) 

There is also a general belief that Etlliopia's mobile populations including the rapidly 

increasing number of rural residents seeking employment in urban area s; military 

personnel; those displaced by war, drought, and/or environmenta l degradation; male 

transport workers; sex workers; emigres; traders; orphans and vulnerable children; 

humanitarian and re lief workers: and prisoners are core transmitter group. 

Lisa Garbus (2003) has indica ted that gender disparities in enrolment ratios and 

educational attainment levels are high which may obviously be one reason to 

imbalance t he chance of infection between male and female group . T he country's 

high maternal morta lity ratio is al so an indication not only of poor reproductive health, 

but of women 's low sta tus and poor access to basic health services. Man y Ethiopian 

women have little power in sexual negotiation with their husbands. Almost 14 percent 

of currently marri ed women in Eth iopia are in a polygynous union. About 80 pel-cent 

of have been circumcised. Poverty and unemployment are leading to a dramatic 

increase in the trafficking 0 f Ethiopian women. 0 ther issues that re nder Ethiopian 

women vulnerable to HIV include rape, abduction, and early marriage (Usa Garbus 

2003 ). 

2.4 Impact of HIVIAIDS in Ethiopia 

The imp3ct of HIV/AIDS , just like in any other county, is qLi:e puceivable even in a 

more severe state . Ethiopia is one of the countries in sub-Saharan N rica most 

~ ;evene ly affected by HIV. In Elhirii i'l, fl.. IDS is now recogn ;~ l, J as Ihe leading C3use 

of aoult morbidily and mortali ty ;n the coun try_ Accordill'.1 to Lisa Garbus 2003, 

e~ lp h aslzed Etlliopia's population w;1I be up to 1 G percent s ~~CI ' :e r than it would I'a'te 

lleen in a "no-AIDS" scenario . The writer also lllentioned th3t AIDS will reduce life 
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expectancy by 9 to 13 percent th rough 2050. AIDS has already increased the 

number of deaths in Ethiopia by 6 percent. Between 2000 and 2015, it will increase 

the number of deaths in Ethiopia by 27 percent. By the end of 2002, 1.7 million 

Ethiopians had died because of AIDS .. By 2014, there will be a cumulative total of 5.3 

million AIDS deaths (Lisa Garbus 2003 ). 

The work of Lisa Garbus showed that, more than 42 percent of all hospita l bed s in 

the country are estimated to be occupied by AIDS patients. Ethiopia has the sixth­

highest number of TB cases in the world. About 42 percent of adult (15-49) TB cases 

were HIV-positive during 2000. The adult HIV prevalence in Ethiopia as estimated 

and projected from various data of NSS resul ts showed constantly incremental 

behavior. The following table implies the national HIV prevalent by sex and selling 

for selected yea rs (1982-2008). 

1982 1985 1990 1995 2000 200 1 2002 2003 2008 

!\' at iollal 0.0 0.2 1. 6 3.2· 3.9 4.1 4.2 4.4 5.0 

!"\Ia le 00 0.2 1.5 2.S 3.4 3.4 3.7 3.8 4.4 

Fe male 0.0 0.2 1. 7 3.6 4.4 4.8 4.8 5.0 5.7 

L rban 0.0 0.7 7.0 13.4 13.0 12.8 12.7 12.6 12 .6 

Rura l 0.0 0.1 0.3 0.8 1.9 2.1 2.4 2.6 3.4 

Table 2.5 Estimated and projected adult HIV Prevalence (%) by sex and setting .selected years 

[Source MOH 21)1)4J 

According to MOH 2004, possible impact analysis on different variables shows that 

HIVIAIDS has a visible effect and detrimental impact on Ethiopian socie ty and 

economy. The report also poin ts out that, findings from studies conducted at schools, 

workplaces , and among orphans also indicate similar effects. Some of the important 

impact analysis on the 2004 result and extrapolations to future years, made by MOH 

2004, are shortly reviewed in the followi ng few paragraphs. 

r~IIj/A I DS counted for an estimated 38% or 54,000 of all TB case incidences in 2G03 . 

.L.nd this proportion is expected to conti nue to rise in tile coming years, contribu tin g 

' 0 a tota l projected TB caseload of 180,000 in 2008. The impact of AIDS on the total 

:lopulation size of the coul1try is another devastating effect. The report on MOH 

20003 . figure out that the population lost to AIDS by the year 2003 and was 900.000 

Jr.d is projected to reach 1.8 mil lion by 2008 if present trend continues. The report 

IS 
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also menlioned that adult (15-49 years) deaths due to AIDS are expected to ri se 

tremendously in the coming years and directl y account for about a thi rd of all young 

ad ul t deaths in the country. 

Accord ing to the survey report of MOH 2004, there was a 5% increase in death 

among teachers, some of wh ich might be attributed to AIDS. Moreover, absenteeism 

of at least one week out of a semester was reported among a thi rd of the teachers 

due to sickness of the teacher or merl1bers of his/her fa mily. Educational costs are 

increasing due to the replacement of non-productive teachers. Overall school drop 

out rates is reported increasingly possibly because of sickness and death of parents. 

The same study showed that orphan students who lost their pa rents presumably due 

to AIDS and associated disease were more li ke ly to drop out of school and repeat 

classes than their non-orphan counterparts. 

The industria l sector is also greatly affected by the presence of the HIV/AIDS 

epidemic among the work force. A study conducted by the Employers Federation of 

Ethiopia in 2002 ( quoted in MOH 2004) , showed that the impact is most severe in 

the wholesale and retail trades followed by the manufacturing, agricu lture and publ ic 

service sectors. The major effects are found to be due to the followin g: (MOH 2004) 

• HIV-related illnesses in workers resulting in reduced productivity 

• Many skilled workers quit their Jobs because of sickness 

• Shortages of skilled manpower due to HIV/AIDS 

• Increased mortality in the work force due to HIV/AIDS 

• Increased absenteeism 

• Rising medical costs due to HIV/A IDS 

2.5. Efforts Ma de To Alleviate HIVIAIDS in Ethiopia 

In 1985 (before the first AIDS case had been offic ially diagnosed), the government of 

Etll:Jpia established a nationa l HIV/klDS task force . It issued the first AIDS con trui 

slr'1:8gy at the end of 1985. In 1987, the government established an HIV/AIDS 

deiJartment with in the Minis try of Health, The MOH developed a short-term plan In 

1087 and medium-term plans in 1987 and 1992 . As in many countries, these 

in18rventions were inadequate in scale; large ly ineffective in implem811taiion ; lacyerJ 

suffic ient stakeholder involVement in planning and implementation, especia lly at the 

1 'J 
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commu nity level: were poorly or not at all coordinated and integrated across secturs 

and among service providers: and received relatively low priority within governmenl, 

society in general, and in the international comillun ity, with a resultant low level of 

alloca ted financial and human resources. 

In 1989, the MOH drafted a four-point policy statement on AIDS prevention. The first 

draft of a national policy was created in 1991. though not approved unti l 1998. The 

National A IDS Prevention and Control Council was established in 2000 and is 

charged with implementing the Strategic Framework for the National Response to 

HIV/AIDS in Ethiopia for 2000-2004. The counci l, cha ired by the president of 

Ethio'pia and comprising members from government, NGOs, religious bodies, and 

civil society, has declared HIV/AIDS a national emergency. 

The participatory efforts of various bodies of the socie ty against HIV/AIDS are seen 

gradua lly. Li sa Garbus discussed that the Ministry of Education has yet to provide 

clear guidelines for a comprehensive HIV education curriculum. Despite that the 

agricultura l and livestock sectors account for over 85 percent of the labor force, the 

Min istry of Agriculture is not actively invo lved in HIV prevention. 

Although Ethiopia began the HIV/AIDS policy process in 1989 - far earlier than most 

African c ountries - it took nine years t o complete. Moreover, the process i nvolverJ 

almost no participation by actors outside government. There was little high-Ievei 

political involvement in HIV/AIDS durjng the 1990s. By 1999, however, President 

Negasso Gidada had become an active spokesman in the fight against HI 'J/AIDS. 

(Lisa Garbus 2003). According to this writer, Ethiopia 's response is constrained by 

extremely limited human, financial, technica l, material, and management capacities. 

T t1 e country' s heaith care infrastructure is massively under-equipped to address 

HIV/AIDS , p 8rticula rly outside A ddis Ababa . The country's size and pOQi' transport 

infra structure me also key factors. Bureaucratic constraints are impeding the 

response . A'thQugh much more fund i" g is required, bu ilding additional hum3n 

C(1IX1City in !l1e heal th sector, improvln;) coordinat ion, and using existing funds 

e ff ic!en tly an·] effectively are pa ramount. 

The rJa ta on HIV and HIV-related caSES in the r:otJntry has gettin2 huge i;1 size. But 

stili vil'len we '"ok at the nature of the re ;:orI5 above, the repor:s ,~, re :1 CI Cj re ;; ~ ted ny 

age El!ld sex while Ihe case may have a Ilumber of attributes to be studied log811-lel. 
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So the intent of this experimenta l research is to cl"langelimprove the view about the 

data ratller than only seeing it with few dimensions like age and sex. So in thi s 

research, the core and frontier ri sk factors for HIV infection had been identified using 

data mining tools and tlleir associations were also investigated and good association 

rules have been generated and discussed. 

2. 6. Voluntary Counselling and Testing 

Voluntary HIV counselling and testing (VCT) is the process by which an individual 

undergoes counse lling enabling him or her to make an informed choice about being 

tested for H!V. This decision must be entirely the choice of the individual and he or 

she must be assured that the process will be confidential. 

HIV VOluntary counsell ing and testing (VCT) has been shown to have a role in both 

HIV prevent ion and, for people with HIV infection , as an entry point to care. HIV 

provides people with an opportunity to learn and accept their HIV serostatus in a 

confidential environment with counselling and referral for ongoing emotional suppori 

and medica l care. People who have been tested seropositive can benefit from earlier 

appropriate medical care and interventions to treat alld I or prevent HIV . associated 

illnesses. Pregnant women who are aware of their seropositi ve status carr prevent 

transmission to the ir infants . Knowledge of HIV seroststus call also help people to 

make decis ions to protect themselves and their sexual partners from infection . 

According to UNAIDS (2000) technical update, studies have indicated that VeT may 

be a relative ly cost·effective intervention in preventing HIV transmission . 

2.6.1. Elements of VCT HIV Counse lling 

HIV counse lling has been defined as "a confidential (iia logue between a person and 

a care provider aimed at enabling the person to cope with stress and make personal 

decisions re lated to HIV/AIDS. The counselling process includes an evaluation of 

personal risk of HIV transmission and facilitation of preventive behaviour."(WHO 

1994). The objectives of HIV counsell ing are the prevention of Hi'J transr~'"ssion ;Jnd 

the emot ionJI sup port of those "11,0 v:isn to consider HIV testing, both to ,lclp tilC'm 

make a de clsioll about whether or r:ot to be tested , and to iJ:o\'id8 su:}port ar.o 

facll! tated deci::.ion··making fOliov'/i :1g t(; sting. \N iHl the con ~)0 :· i ~ ,Jf til r:: c ii~~ nt . 

cou nselling can be extended to S pO~J St2S ~I nd/ or o ther se/.uo! ~)::i ;~ p'~r~; a:'i t'j ell'ler 

supportive family members or trusted friends where api)ropri ate. 
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HIV counselling ca n be carried out anywhere that provides an environment that 

ensures confidentia lity and allows for priva te discussion of sexual matters and 

personal worries. Counselling must be fl exible and focused on the individual client's 

specific need s and situation . 

2.6.2. Vo luntary Testing 

HIV testing may have far-reaching implications and consequences for the person 

being tested. Although there are important benefits to knowing one's HIV status, HIV 

is, in many com munities , a stigmatizing condition, and this can lead to negative 

outcomes for some people following testing . Stigma may actively prevent people 

accessing care , gaining support, and preventing onward transmiss ion . That is why 

UNAIDS stipulates testing should be voluntary, and VCT should take place in 

collaboration with stigma-reducing activities. 

2.6.3. The Counselling Process 

The VCT process consists of prete'st, post-test and foll ow-up counselling. HIV 

counselling ca n be adapted to the needs of the clientls and can be for individuals, 

couples, families and children and should be adapted to the needs and capacities of 

the settings in which it is to be delivered. The content Cl nd approach may vary 

considerably f or men a nd women and with various groups, such as counselli ng for 

young people, married people, unmarried individuals, or sex workers (UNAIDS 2000). 

So, as mentioned above, counsel ling as part of VCT ideally involves at least two 

sessions (pretest counsell ing and post-test counselling). More sessions can be 

offered before or after the test, or during the time the client is waiting for test results. 

2. 7. Th e Reason of Choosing VCT Data for this Research 

As already been described in the previous section, VCT is a relatively cost-effective 

interven tion in preventing HIV tr3!lsmission is considered as best strategy in 

HIV/AIDS in te rven tions. VCT service encompasses or addresses general populat ion 

groups. 'W ~le n properly carried out. vOluntary counselling and testing can help break 

the vicious circ le of fear, stigma and denial"(UNAIDS, 2000). 
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Other STD-rela ted trea tments or services more directl y focused on pregnant women , 

young people a nd TB c linic clientele, but V CT service models include the general 

population . Though, VCT looks a rela tively new programme intervention with the few 

services available being concentrated, the service remains to be of high importance 

since the general population of the society is benefited. So VCT is not limited to any 

population group and the data from such service wil l confidently represent the mass 

unlike tile case of ANC data which is taken from only few portion of the socie ty. 

Secondly, the availability of the data in electroni c format has made the VCT data to 

be appropriate source to conduct this experimental research. 

2 .~ 

) 



CHAPTER THREE 

3. Data Mining and Knowledge Discovery 

3. 1. Introduc tion 

With the positive effect of capacity and tecllnology advancement to collect, store and 

maintain data is raised with drastically high rate , the ability to analyse and 

understand a huge commutation of data was not so easy until recently. The 

reso lu tion for such problem of understanding huge data has been possible as 

effective of the advent of data mining technology. The data that are generated and 

stored continuously grow into la rge database scaling to giga, and even tera, bytes as 

mentioned in Deogun eLal (2001) . Simi larly, Witten & Frank, (2000) emphasises the 

matter that, the amou nt of information in the world doubles every 20 months at a rate 

of 100%. The downside of this phenomenal growth is inability to analyse & 

understand the data. 

The price affordabil ity and wide spread of devices especially, the ever decrease of 

computer price, enabled organisations to collect and store large collection of data. As 

AI-Attar (1999) states most organisations are currently labelled as 'data rich' . But the 

data are usually used only to provide endless facts and figu res. Such facts and 

figures do not represent knowledge and can be considered, in the view of knowledge 

seekers as a virgin Oar that needs to be exploited further in stead of simply creating 

informat ion overload. AI-After (1999), fu rther discuss that most organisations are still 

Knowledge poor. Th is is because it is the pattern in the data that represent 

v,: lowledge. 

Organisa tions keep on mainta ining records of data generated even longer after the ir 

life time has expired becaUSe they believe that there is va luable information implicitly 

coded within it (Fayyad, 1996). When data collection mechanism was not advanced 

as it is so today, it was relative ly easy to analyse data manually. But as the data 

C0llections continues to be an unmanageable in size as well as cOlllplexii'l, the 

(Jema nd for more sO[Jhisticated techniques & tools jor data analysis has emerged. 

~) (le of these techniques is riata mining (SMCC 1 ()97) 
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The concept data mining had been defined /explained/ by dil ferent scholars with 

different phrases. but almost conveying same understanding . T he intent 0 f all the 

meaning is that data mining is a technique and tool that enable data analyst to easily 

reach al depth in large data and explore the important knowledge hidden in it. 

Data mining is defined as the process of extract ing valid. previously unknown. 

comprehensible and actionable information from large databases and using it to 

make critical business decisions (Connolly et. al 1999). The authors stress that the 

main target of data mining is in searching importa nt information that is hidden and 

unexpected . This is because most organizations have large accumulated data while 

wha t is importan t to them is information . 

Data mining can be considered as one of the most important frontiers in databases 

systems and one of the most promising interdi sciplinary developments in information 

industry (Han and Kamber. 2001 ). The writers further discuss that in teresting 

knowledge. regularities or high level information can be extracted from databases 

and viewed from different perspectives. After discovering previously unknown 

features of data. organizations apply the knowledge to their business processes in 

general. 

The explusive growth in data collection in business and scien tifi c fields has iiterai! y 

forced the need to analyze and mine usefu l knowledge from it. Data mining refers te· 

the entire process of extracting useful and novel patterns/models from I arg t' 

data se ts . It is a process through which interesti ng and previously unknown patterns 

and correlations can be extracted automatica lly from a la rge database of information. 

The implicit information witf1in databases . and mainly the inte resting ass() ':i 3tior, 

rela tionships among sets of objects . · lhat lead to associa tion ru les. may disclose 

L:sefu l pattern s for deci sion support . f inancial forecast. marketing pol icies, me(:ica! 

diagnosis and many other application s. Association rule mining involves detecting 

Items. wh ich tend to occu r together i n transactions. a nd the associotion rli :,,5 t. hat 

I elate them . 

3.2. Know/edge Disco w:ry in Databases 

In conductin(j a data m!:ling activHy, se ries of siers Are ~o bt. ;o l!o':ted ~:) Cl-Jr::~)!etc' 

the enti re process. The ste ps of which will be discussed in one 01 lhe su::Jse'lucnt 
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sectiOrl3 The phrase KDD whlel1 i,as manifested itself at the first KDD workshop in 

1989, emphasize that knowledge is the end product of database findings. Some 

lIlisunderstanding avails among researchers and intellectuals in the field of data 

mining about the two phrases (Data mining & Knowledge Discovery in Databases). 

With many people data mining is treated as a synonym for KDD , whi le others view it 

as simply an essentia l step in the process of f<DD. 

Fayyad et.al(1996) describe the difference as; f<DD is the overall process of 

discovering useful knowledge from data, and data mining is a parti cular step in Ihis 

process. The authors further explain I hat data mining is the app lica tion of specific 

algorithms for extracting patterns from data. Despite of the view of the quoted 

authors , other authors like Han & Kamber (2001) believe that the term data mining 

i12S become more popular as a synonym for KDD and can be used interchangeably . 

.I\nd through out this research paper this view of understanding and using the two 

phrases interchangeably is applicable. 

It is also of important to mention some of the means by which the KDD addressed. 

Fayyad et.al(1996) , listed a number of phrases with which the notion of findin(J 

useful patterns in raw data including KDD , data mining, knowledge extraction. 

information discovery, information harvesting, data archaeology, and ciata pottern 

processing . 

3.3. Steps of Knowledge Discovery ill Databases 

As aforementioned earlier the KDD process is not a single step activity. Rather KDD 

is an iterative, multi-level sequence of steps, whicl1 me, data cleaning, data 

,,·.ieg r~tion, data selec!ion , date transformation, data mining, pattem evaiu::ltion , and 

kr.owledge presentation (Han & Kamber 2001). But according to other writers (Tee 

'99?), the proc2ss of build ing and implelTIent ing a data mining solution even starts m 

To ~rm. 'l cl\ ing tl18 b..':!s",ess pmblem 21 hand. 

Til" emire j<no'Nled~i r.~ [;i scovery ifl Dat8bases process as discussed by ra j'yad 

'-~ ; .21(1 996) ;5 indic;Jtt-:rJ 25 fo! !ows: 
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3.3.1. Problem Definition 

Developing an understanding of the appl ica tion domain, the retevant prior 
knowiedge, and the goats of the end-user are considered to be the first step toward s 
a successfut data mining activity (Fayyacl el.al, 1996). In another words, the starting 
block in a data mining activity is formulating the problem, which is very crucial step of 
t~le overall set of activity. So any mining process should start with a clear definition of 
the business problem involved and the objective function. 

3.3.2. Sel ecti n g a Target Data Set 

The second step involves selecting of data. which is also the main ingredient in data 
mining activity, because the success of the re sult depends on the dClta used. 
Meretwork (2004) emphasiS the importance of selection step in the KDD process 
because databases are heterogeneous, containing a wide variety of data, not al! of 
which may be appropriate for the analysis at hand. So focusing on a subset of 
variables 0 r data samples, on which discovery is to be performed is crucial. Lavin 
and Zehavi (1999) quoted in Meretwork (2004) pointed that one can use subjective 
judgment to extract the relevant target set, but in oliler cases segmentation analysIs 
have to be used. 

3.3.3. Data Cleaning and Preprocess ing 

Data cleaning p reprocessing is another important step 0 f KDD that is about b asic 
operations such as the removal of noise or outliers, deciding on stralegies for 
handling missing data fie lds. Fayyad el.al (1996) indicated Ihat this step is also about 
accounti ng for tim e sequence information and known changes as well as joining data 
from various sources to create hemogeneous source by resolving representa tions 
and encoding differences. Various literatures mention that data collection, clean ing 
and preprocessing is the part that takes high percent of the time and effort of the 
el ltire data minin t; proce ss. 

3.3 .4. Data Reduct ion and Projection 

Since data mining genera;ly provides impr0ved performance wi;n ti le norm3 I i;:8~! 

da18, <Ill t~le rJ3ta ~elS neeu to be transforrr:erj into values that are convenient for the 
sei(;Cled too!s. This foul :h siep, data reducti'Jn and transformation, i·; tilE' step wllcre 

) 



data is transforilled into forms appropria te for mining by performing summary or 

aggregation operation. This also includes finding useful features to represent the 

data depending on the goal of task. In this stage dimensionality reduction and 

transforillation methods are used to reduce the effective nUlllber of variables under 

consideration or to find invariant representation for the data. 

3.3.5. Choosing Mining Tasks and Algorithms 

The mining task starts by decid ing whether the goal of the KDD process is 

classification , regress ion, clustering, association mining , etc. After the goal is 

defined, selecting appropriate mining algorithm(s) and method(s) to be used for 

searching patterns in the data follows. This process includes deciding which models 

and parameters might be appropriate and matching a particular data mining method 

wi th tile overall criteria of the KDD process. 

3.3.6. Data Mining and Model Bu ilding .. 
The sixth step, data mining, is an essential process where intelligent metilods are 

app lied in order to extract new and interesting data patterns. This data Illining step is 

an essential step because it uncovers hidden pattern for evaluation. i<amber and 

Han (2001) pointed 0 ut that this step may i nvolve users' interaction 0 r k nowiedge 

base. These interesting patterns are presented to the user and may be stored as a 

new knowiedge in a knowledge base. 

3.3.7. Interp reting and Evaluation of Mined Pattern 

In the seventh step, which is pattern evaluation and knowledge representation , the 

Illodel is tested for accuracy and validation on an independent dataset thai has not 

been used to create the model. This va lidation stage is a step where the truly 

interesting patterns, based on some interesting measures, are identified and 

assessment of the model for sensitivity as well as pilot testing of the model for 

usability is also perfo'!11cd. The step may also involve visualization of the extracted 

:Jil ttern and may need possible return to any of the previous steps for further 

• Ite lation. 



3.3.8. Consolidating Discovered Knowledge 

The final step, deployment of the model, is incorporating this knowledge into the 

performance system, or simply documenting it and reporting it to interested parties. 

Tilis deployment also involves checking for and resol ving potential conflicts with 

previously believed or extracted knowledge. 

After deploying the model and successful usage of the discovered knowledge, the 

only further idea to think off is monitoring the model. This is because of the fact that 

there may be always changes in human needs and conditions at the domain may 

vary as function of time. This means, a model that is perfect to the need of an 

organization at one time may no longer be regarded as a perfect one after long time. 

So, frequently and constantly revalidation of model on new data is required to check 

if the model lasts appropriate. 

However, it does not mean that the steps of KDD process are carried out 

sequentially. Data mining is an iterative and multi step process: 'The basic step 

(extracting the data from a database, prepare and otherwise cleaning it, run the 

knowledge discovery algorithms on it, analyze the results , and write it as repeated 

again and again. And each step can conceivably returned to any previous ones' 

(Ask"Ip. , 2001) . 

The current experimental research work also followed accepted stages of a data 

mining process to identify the core risk factors that are related to HIV infection and 

mine their affinity analysis. 

3.4. Mu ltid isciplinary Nature of KDD 

Many researchers in the f ield 0 f machine I earning, pattern r ecognition, databases, 

statistics, artificial intelligence, knowledge acquisition for expert system and data 

visualiza tion have been shown keen interest in KDD. 

Whitten and Frank (2000) mentioned about relationship of statistics and machine 

learning in a more detai l expressions. Regarding their differences, statistics has been 

more concerned with testing hypothesis, where as machine learning is has been 

concerned wi th formulating the process of generalization as a searcll through 

possible hypothesis. And regarding their simi larity, very similar schemes have been 



developed in parallel, in both fie lds. Statisticians published a book on cle:; si fication 

and regression trees. While about closer period of time, a maciline le3rning 

researches were developing a system for inferring classification trees from 

examples. Another similari ty between the two is use of nearest-neighbour method for 

class ification. The se are standard statistical techniques that 11 ave been extensively 

adopted by machine learning researches. 

Fayyad et. ill (1996), explained that the knowledge discovery in databases systems 

typica lly draw upon methods, algori thms and techniques from these diversified fields 

with a un ifying goal of extracting knowledge from data ill the context of large 

databases. The authors furti1er discussed the links, relations and commonality 

between KDD and other fields as enumerated below. 

• In the fields of machine lea rning and pattern recognitions, their overlap with 

KDD lies in the stUdy of theories and algorithms for systems whiCh extract 

patterns and models from data (mainly data mining metl10ds). KDD focuses 

on tile extension of these theories and algori th ms to the problem oi finding 

special patterns in large sets of rea l world data. 

• Knowledge Discovery in databases also has much common land witl1 

sliltistics, particularly exploring data analysis (EDA) . Knowledge Discovery 

in Databases systems often embeds particular statist ical procedures for 

modelling d ata a nd handling noise with in an 0 verall k nov.'ledge discovery 

framework. 

• Machine discovery which targets the discovery of empirical laws from 

observa tion and experimentation (Shrager and Langley 1990) as quoted in 

Fayyad (1996 ), and causa l modell ing for the inference of causal models 

from data are also related research areas. 

• Another related are? is data warehousing which re fe rs to the recentiy 

popu1er Manogement Inforrnation Systerns trE:nds for collectinc: ;:,no 

cleaning transiicilon"Ji data and making thern availa!)le fe r on-li:1e relr ie'ltat. 

A popular approach fo r analysis of cata NarehousE:s has been Oc.NJ (on­

line analytical processing) whose too:s focus all providing rllu ltic imensional 

data analysis. ht:nce both hnowledge (jl~c()ve ry and OLft,P c::re vie\vc-j ,::s 



related facets of a new generation of intell igent information extraction and 

management tools. 

The conceptual and practical convergence of these fields has con tributed and 

applied t ogether for specific a pplication . These a II together made the field of data 

mining to be considered as a mul tidisciplinary practical and experimental research 

area that has capabil ity of solving business problems. At th is point, it is still 

necessary to notice that data mining has not rep laced any of these techn iques but 

strengthens them in one way or another. 

3.5. Data Mining Vers us Other Statis tical Tools 

Data analysts have been using different tools for data analysis even for centuries to 

understand the natural world. Moxon (1 996) stated that there have long existed many 

analytical tools that support veri fi cation based approach. Irrespective of the existence 

and capabilities of the many analytica l tools, data mining tools exhibited differences 

in many aspects . Askale (2001) poin ted that in the analytical tools, it is the user that 

puts a hypothesis about specific data relationships and then the tools would help in 

verifying or disproving the hypothesis. In other phrases, statistical analysis concerns 

itself willl analysing primary data that has been collected to check specific research 

hypothesis, while data mining can also concern itse lf with seconda ry data col lected 

for other reasons. 

The other three aspects that distinguish statistica l data analysis from data mining, as 

listed by Giudici 2003, are: 

• First, data mining analyses huge amount of data while statisti cal analysis 

limits itself to small data set 

• Second, many databases do not lead to the classic forms of stati stical data 

organizations, but data mining approach can sti ll supports the analysis. 

• Third, data mining results must be of some consequence. This means that 

constant attention and emphasis need be given to business result s 

acllieved wilh analysis model. 

Business problems can be solved llsing various statistical methods and many 

algori thms. And the clloice of a method depends on the underlying problem or the 

type of ava ilable data. Statistical tools are typically used to address the business 



problem of generating an overview of the data in databases. This is done by using 

techniques 1I1at sUlllmarize information about the data into sta ti stical measures tllat 

can be interpreted without requiring every record in the databases to be understood 

in detail. An example can be tile application of statistical functions like finding the 

maximum and minimum, the mean or the variance . 

Askale (2001) indicated that query and reporting tools integrate the data and report 

on any pattern (query) that is requested by the user. This type of discovery is 

possible only if the user prompt it. The writer further described thi s as, unless the 

users suspect a pattern they will never find it. Th is shows that the traditional tools 

have limitations in that resul ts depend on the abil ity of the analyst to formulate 

appropriate questions. Moreover, when the number of the variables being analysed 

are too many it would be difficult to identify the important variables (TCC, 1999). 

Data mining is different because rather than verifying hypothetical patterns, it uses 

data itself to uncover such patterns. 

According to Trybula (1997), machine learning and stat istical techniques can be 

used to automatica lly extract information from data, but data mining which is a Iso 

called knowledge discove ry in databases, is an efficient discovery of valuable, non­

obvious information from large collection of data . Data mining centres on tile 

automated discovery of new facts, hidden patterns and relationsllips in data. 

Though, data mining technique is discussed to a better means of data understanding 

utilization, it does not mean that data mining has replaced other techniques such as 

OLAP, query, reporting, etc. Rather data mining complements and integrates with 

other decision support system capabilities such as query and reporting, on-line 

analytical processing, data visualization and tradi tional statistica l analysis. 

3.6. Data Min ing Activities 

Wrl8n we see it at high leve l mining , the two pri mary goals of data mining, in 

p r~ct i ce, are the I)cediction and description in general. Predictive modelling consists 

of severa l types lI f model such as claSSification, regression and AI-based models 

and afe referred to as supervised learning, since calculated or estimated va lues are 

compa red wit ll knClwn results. Where a s descriptive techniques are referre:J to as 

unsu pervised learning which interrogate (ll e database to identify patterns and 



relationships in the data . Association mining, clustering analysis, pattern recognition 
models, v isualization methods, among tile many are categorized under descriptive 
mining. 

According to Fayyad et.al.(1996), prediction involves using some variables or fi eld s 
in the database to predict unknown 0 r future va lues 0 f other variables 0 f interest. 
And description focuses on finding human-interpretable patterns describing tile data. 
The authors further state that the relative importance of prediction and description for 
particular data mining appl ica tions may vary considerably; however, in context of 
KDD, description tends to be more important than prediction. 

Data mining could be implemented to carry out different tasks. Some of the major 
activities, among the many, tllat could be carried out using data mining are: 
classi fication, estimation, prediction, affinity grouping or association rules , clustering , 
description and visualization [Berry & Linoff 2000]. The goals of predictions and 
description are achieved by using these stated tasks or activities of data mining. 

Classification which many researches in the area of data min ing, perceive as the 
most common mining task, is a process of finding a set of models that describe and 
distinguish data classes' or concepts, which enables to predict the class of objects 
whose class label is known. So in developing a classification model, a set of 
preclassified examples are used to develop a model that can classify new data into 
one of predefined set of classes. Different authors like Han & Kamber 200 1, 
indicated that classification is a two step process. In the fi rst step is model building 
using existing data and in the second step the model is used for classification of new 
objects after the accuracy of the mode l is checked with te st data . 

The second data mining activity is estimation, which deals with con tinuous valued 
outcomes. Unlike classification which deals with discrete ou tcomes (like "Yes" or 
"No"), estimation deals with continuous valued outcomes. Estimation approach 
measures a worthiness score of some unknown continuous variab le rather than 
categorizing tile outcome into predefined label. 

The other common data mining task is affinity grouping; also called finding 
association ru les, wh ich is used to determine which th ings often go together. 
Association approaches are most common in market basket analysiS. Affinities are 
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expressed in term s of suppori and confidence ru les such as percent of all objects in 

which some condition holds true when some other factor is true. For this 

experimental research, affinity grouping of data mining was carried out since the 

model to be built is finding association of the attributes (or risk factors) that mostly go 

together for individuals whose HIV test result reviles positive. The association rule 

mining was not conducted for all the att ributes of the clien ts' data. Attribute selection 

was carried out using otiler mining activities (Decision tree classification in 

KnowledgeSTUDIO), and the affin ity grouping were examined for the risk factors 

contribute more for HIV infection . 

Prediction is also another mining activity that can be thought of as classification or 

estimation (Berry & Linoff 2000). Prediction tasks feel different because the records 

are classified according to some predefined future behaviour or estimated future 

value. 

Any of the techniques used for classification and estimation can be obtained for use 

in prediction by using training examples where the value of the variable to be 

predicted is already known, along with historical data for those examples. The 

historical data is used to build a model that explain the current observed behaviour 

and this model is applied to current inputs and the result is a prediction 0 f future 

behaviour. 

The other data mining activity is clustering which deals with the task of segmenting a 

diversified population of objects into a number of more homogeneous subgroups or 

clusters. Clustering is similar to class ification in that the task is about organization of 

data into classes , but clustering is different from classification since there is no 

predefined class in clustering. Most of the time clustering is the first step in data 

mining analysis for it would be used to identify related records and then other data 

mining tasks could be performed to explore further relationships. 

There are other data mining tasks that increase 0 ur understanding 0 f tile people, 

p:o:!ucts, or processes that produced the data in the first place. Some times the 

pUlvose of data mining may be simply to describe wha t is going on in a completed 

da iat)ase. SUCll mining act ivities which simply uncover a good description of 

bell:lviour is description and visualiza tion. Tilerefore , data visual ization is also one 

poweliul desCI' iptive data mining activity. 
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3.7. Application of Data mining 

Much of the data mining technology. including mining activities, mining process, its 

relevance with other tools, are seen in the previous sections of this part . Now it is 

time to take a step to see the promising applications of data mining. 

Data mining has become very popular because of its successful applica ti on in 

diversified areas. Nowadays, many companies are benefiting from data mining. The 

popularity and substantial con tribution it can make spans from service giving 

organizat ions to production enterprises. 

Many organizations are using data mining to help improve their en tire business 

processes including acquiring new customer, in increasing revenue from existing 

customers, and retain ing good customers. By profiling customers who have bought a 

particular product a company can focus its attention on similar customers who have 

not bought that product. By profiling customers who have left, a company can act to 

re ta in customers who are at risk for leaving (Two Crown, 1999). The authors also 

mention that te lecommunications and credit card companies are the two leaders in 

applying data mining to defect fraudu lent use of their services . Insurance companies 

and stock exchanges have also shown interest in applying data mining to reduce 

fraud . 

According to Ka mber and Ham 2001, data mining is also applicable for biological and 

DNA data analysis. Biomedical researches include the development of new 

pharmaceuticals and advances in cancer therapies to the identification and study of 

human gene by discovering large-scale sequenci ng patterns. The authors added that 

recent research in DNA analysis has led to the discove ry of new medicine and 

approaches for disease diagnosis, prevention, and treatment. 

Data mining now days is also used in pharmaceutica l forms to mine large data bases 

of cllemica l compounds and of genetic material to discover substances that might be 

candidates for development as agents for the treatments of disease, as well as 

analysing the recen t sa les of the company (Berry & Linoff 2000). 

Delta mining techniq'Jes have been found fruitful in medical applica tions where it ca n 

be used to analyse and even to predict the effectiveness of surgical procedures , 
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medical tests or medications. On tills point Shegaw (2002), On developing predictive 
model for child mortality, has applied data mining technology with a good 
achievement research report. 

3. 8. Applica tion of Data Mining III Heal th Sectors 

Ballenger et.al.(1999) wri te that data mining is a 'horizontal application meaning it is 
not specific to any industry.' Ballenger added tllat the ingredients that are important 
for data mining are availabi lity of data and tile willingness to explore the possibility of 
hidden knowledge that res ides in the data. However, there are industries that have 
already made significant progress in the application of data mining. One of these 
domains is the hea lth sector. 

According to Larvac (1 998 ), in the health sector, the wid espread use of medical 
information systems a nd explosive growth of medical databases require t raditional 
manual data analysis to be completed with methods for efficient computer assisted 
analysis. Such an extensive amount of data gathered in medical databases requires 
specia lized tools and methods that can be used to discover new info rmation and 
knowledge which is useful in decision making and problem solving. 

With the pressu re from vari ous factors and the need to enhance qual ity of services, 
~ 

the health industry has sta rted to mine its data to cut costs, improve quality and save 
lives . In this regard, Bresnahan (1997) stated that one way in which data mining is 
helping health service providers cut costs and improve service by showing which 
treatments statistical ly have been most effective. For instance, once the hospita l 
counsellors, and hence the ad ministrators, recognize that HIV/AIDS test vo lunteers 
fro:n similar background (as collected from tilei r pe rsonal data), are fa ll ing in same 
classes like positive HIV test results, the hospi tal can devise better strategies 
to':,ards efforts to provide effective counselling and treatment including planning to 
educiJ te the mass of that group. 

The applica tion of data mining is nowadays found to be of very much important and 
Knowledge discovery can also close the loop between clinical data capture and 
evicJence-based decision support by faCilitating the conversion of data into evidence 
fo r future decision (Downs and Wallace , 200 1). Data mining techniques have also 
been applied for survival analysis and the prediction of prognosis in cancer treatment 
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(Theeuwen. Kappen, and Neijt, 2001). Plate et.al (1997) also described that although 
epidemiological data is traditionally analyzed wi th very simple statistical techniques; 
flexible models such as neural networks have the potential to discover unanticipa ted 
features in data. 

Shegaw(2002) pointed that the application and utilization of data mining technology 
in the heallil sector is steadily growing fast in the developed world. But its 
applicability remains to be unapprecia\ed in tile developing countries in general , and 
in the Ethiopian health context specifically. Given experiences elsewhere in terms of 
the benefits acquired ina pplying data mining technology in the health sector, it is 
only proper to explore the relevance and potential advantage of such a powerful and 
promising technology in the Ethiopian context. Thus, in this study, since there is high 
and astonishing rate of HIV/AIDS related problem, the researcller is motivated to 
assess the potentia l applicability of data mining technology to develop a model that 
can support clinics, hospitals, policy makers, and planners etc, in Etlliopia by using a 
VCT database for two reasons: the first reason is the availabi lity of the data in 
electronic format, and the second reason is the fact that the VCT service 
encompasses the general population. The researcher has chosen the Center for 
Disease Control and Prevention, (CDC) to conduct the study, because CDC has 
collection of relevant data. 
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CHAPTER FOUR 

4. DATABASES AND ASSOCIATION MINING 

4.1. Mining Association Rules in Large Databases 

In section 3.6 of this chapter, where data mining functiona lities were discussed , it 

has been pointed out that association rules mining is one of the types of patterns that 

can be mined. Data mining functionalities are used to specify the kind of pa tterns to 

be found in data mining task. In general, as ind icated in Han & Kamber (2001), data 

mining tasks can be classified into two main categories as descriptive mining and 

predictive mining. Affinity grouping or association rules mining is one of the 

descriptive mining tasks that characterize the general properties of the data in the 

database. 

Association rules mining finds interesting association or correlation relationships 

among a large set of data items (Han & Kamber, 200 1). With massive amounts of 

data continuously be ing collected and stored, many organizations are becom ing 

interested in mining association rules from their databases. The discovery of 

interesting association re lationships among large amounts of transactional records 

can help in decision making processes , such as ca talog designing, cross marketi ng , 

loss leading analysis and support in medical diagnosis as well. 

So according to Han & Kamber (2001), association mining wh ich is also called 

association analysis or affinity grouping is the discovery of association rules showing 

attribute values conditions that occur frequently together in a given set of data. 

Although association analysis is widely used fo r market basket or transaction 

analysis, it has been also used in va rious areas. 

More forma lly, associati on rules are of the form X ==> Y, tha t is: 

., A, I \ .'. I A, .. ==> 13, I ... 1 IJ,," Where 

are attribute va lue pairs. The associa tion rule X==>Y is interpreted as databa se: 

tup:es that satisfy the conditions in X will also likely to sat isfy the conditions in Y So 
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association ru ie mining searclles for interf: stlng reiationsllips among objects iI 'l a 

given data set. 

To illustrate tllis concept with examples. given a database. a data mining sys tem 

may find association rules like: 

age(person. "20---29) and marriage (person, "single") ==> test(persoll. 

"infected") willl [support = 2%. confidence = 60%] 

where person is a variable representing a customer and age, marriage, 8. test are 

attribu tes that describe the person. "20 --29", "single" and "infected" are the 

respective attribute values. The rule in this exa mple ind icates that. of all the 

customers under study, 2% (support) are 20 to 29 years of age with marital status of 

single a nd its HIV t est result reads positive(in fected) a t the database 0 f the given 

service cente r. There is 60% probabil ity (confidence or certainty) ihat the custome,s 

in th is age and who is unmarried is likely to be infected with the vi ru s. 

Accord ing to Whitten and Frank (2000), Assoc iation rules like classification rules 

attempts to predict the class gillen a set of conditions on the LHS (Left Hand Sice). 

The conditions are typ ically attribute value pai rs, also referred to as i tem - ~; ets. 

However, the main difference is that the prediction associated with the RHS (Right 

Hand Side) of the rule is not confined to n single class attribute, instead it can ':l Eo 

associated with one or more att ri bute com binations . 

4.2. Interestingness meas ures 

Interestingness measures are one of the data mining primitives that I~ f; erl to j t; 

considered In the data mining process. These function s are used to SE,u::rclle 

uninteresting patterns from kncrw!E;cge discovered . They may be used to >1 ' ;ide ttl e 

mining process or. after discovery. to evalua te the discovered patte :·lls . L~ iffe(e r ' l 

kinds of knowledge may Il ave different interestingness measures. 

Accord ing to Han & Kambe' (2001), aithough specification c f tile 1'" :8'/ant rj;)[" . Int' 

kind of "nowledge to b8 mined , 'l r, d bockgmund kllowle::l£" may ~u lJs t2n tiiJ ~i y I'f, d 'JCC 

the number of patterns generaterJ: a data rnining process Illay still generCl te Cl ! ~ rg '} 

nuql ber of patt erns. Typica lly, only a small fraction ~~1 t ~h c:: '~ paH',: rns \ \I!I[ Jc t l l a! ~ y ~) e 

of interest to the given user. Thus, users nec:o LJ fun;] ,-.:: G ~:' i" · i l :l e the n;'.Jrnber llf 



uninteresting patterns returned by the process. This can be achieved by specifying 

interestingness measures lila t estimate the simplicity, certa inty, util ity. and novelty, of 

pa tterns . 

Simplicity, as a measu re of patterns interestingness, is a factor contributing to the 

overa ll simplicity for human com prehension about the discovered pattern. Objective 

measures of pa ttern simplicity, as discussed in Han & Kamber (2001), can be viewed 

as functions of the pattern structure , defined in terms of the pattern size in bits, or the 

number of attributes or operations appearing in the pattern . This implies that the 

more complex the structure of the rule, the more difficult it is to interpret, and hence 

the less interesting it is likely to be . Rule length· is also another interestingness 

measure. 

Rule support and confidence are two measures of ru le interestingness that can 

validate the usability of the rules generated. They respectively reflect the usefulness 

and certainty of discovered ru les. For instance, a support of 2% for an association 

rule means that 2% of all the transactions under analysis show that some variable 

(X) and another one (Y) usually go together. A confidence of 60% means that 60% of 

the customers who exhibited some feature on one variable (X) also have similar 

feature on another variab le(Y) . Typica ll y, association rules are considered to be 

interesting if they satisfy both a minimum support threshold and a minimum 

confidence threshold . Such thresholds ca n usually be set by users or domain 

experts. 

Each discovered pattern should have a measure of certain ty associa ted with it that 

assess the validly or trustworthiness of the pattern. A certainty measure for 

associa tion rules of the form "A==>B", where A and B are sets of items in a databa se 

(D), is confiden ce. Given a set of task-relevant data tuples the confidence of "A==>B" 

is defined as 

,,! o.:lllljtll ll" l\ I1l llte I\;il;. 
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( # lli/J/es w lltaillillgJotli A alld IJ ) 
co lI(i d ell cc (A =>8 ) = -'------'--------""---------'-

( # tuples cOl1laill illgA ) 

Equation 4. 1. Formu la to Measure Confidence of Rule 

A confidence va lue of 100%, o r 1 , indicates t hat the rule is always correct on the 

data analysed and such rules are called exact. 

The potential usefulness of a pattern is a factor defining its interestingness. It can be 

estimated by a utility fu nction, such as support. The support of an association pattern 

refers to the percentage of task-relevant data tuples for which the pattern is true. For 

association rule of the form "A==>8" where A and 8 are sets of items, it is defined 

as: 

( # tuples containing both A ({II(IB ) 
SlIpport (A =>B) = ---=----------"------­

( total # luples) 

Equati o n 4. 2. Formu la t o Measure Support o f Ru le 

In other illustrative terms, the rule A=>B that holds in the transaction set 0 with 

support s, where S is the percentage 'of transactions in 0 that conta in A U B ( i.e., 

both A and B). This is taken to be the probabili ty, peA U B) . This means, support 

(A=>B) = P(Au B). Simi larly, the rule A=>B has confidence c in the transaction set 0 

if c is the percentage of transaction in 0 con taining A that also contain B. This taken 

to be the cond itiona l probabili ty, P(BIA). That is, confidence (A=>B) = P(BIA). 

Association rules that satisfy both a user specified minimum confidence threshold 

and user defined minimum support threshold are re ferred to as strong association 

rules and are considered interesting. Rules with low support likely represent noise, or 

rare or excep tiona l cases. 

In genera l, eacll measure is associated with a threshold that can be controlled by the 

user. Rules that do not meet the threshold are considered uninteresting, and hence 

are not presented to th e user as knowledge. 
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Association rule mining is a two-step process as Han & Kamber (2001) explained it as 

follows. Th is is the most common approach to find associat ion rules by breaking up the 

problem into two parts. 

1. The first step is finding all frequent item sets which, by definition, must occur at 

least as frequent as a pre-defined minimum support count. 

2. The second step is generating strong association rules from the frequent 

itemsets wh ich, by defin ition, must satisfy minimum support and minimum 

confidence. 

Accord ing to Sivanandam el.al.2004, the definition of a frequent pattern relies on the 

following considerations. A set of items is referred to as an itemset (pattern). An itemset 

that contains k items is a k- itemset. The set {X, Y} is a 2- itemset. The occurrence 

frequency of an itemset is the number of transactions that contain the item set. This is 

also known as the frequency or the support count of an item set. An itemset satisfies 

minimum SUppOlt if the occurrence freq~ency of the itemset is greater than or equal to 

the minimal SUPPOlt threshold value defined by the user. 

Discovering the frequent itemsets requires a lot of computation power, memory and 

110 , which can only be provided by para llel computers. As data is increasing in terms of 

the dimensions (number of items) and size (number of transactions), one of the ma in 

attributes needed in an associat ion rule-mining algorithm is sca lability~ . Sequential 

algorithms cannot provide scalabi lity, in terms of the data dimension, size, or runtime 

performance, for large databases. Therefore, high-pelformance para llel and distributed 

computing can be employed for enhancing the performance , scalability (Sivanandam 

et. al.2004 ). 

A frequent itemset is cal led dosed if it does not have any superset with the same 

support. A frequent itemset is said to be maximal if it has no supersets that are 

frequent. The collection of maximal frequent itemsets is a subset of the collection of 

closed frequent itemsets, which is a subset of the collection of all frequent itemsets. 

lv1aximal frequent itemsets are necessary for generati ng association rules. 

'li the tCIl11 scalabililY refers the :1 biJ ity to handle massive data stores 
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4. 3. Association Mining Algorithms 

4.3.1 Apriori Algorithm 

Apriori is an influential algorithm for mining frequent item sets for Boolean associat ion 
rules. The name of the algorithm based on the fact that the algorithm uses prior 
knowledge of frequent item sets propeliies. Han & Kamber (2001) pointed that Apriori 
employs an iterative approach known as level-wise search, where k-itemsets are used 
to explore (k+1)-i temsets. First, the set frequent 1-itemsets is found. This set is denoted 
L1.L1 is used to find L2 , the set of frequent two itemsets, wh ich is used to find L3, and so 
on, until no more frequent k-itemsets can be found. The finding of each Lk requires one 
fu ll scan of the database (Han & Kamber 2001). The pseudo code for the apriori 
algorithm is shown on the AppendixD. 

According to Sivanandam et.al.(2004), Apriori is based on bottom-up search approach. 
In th is approach, the search starts from 1 item sets and extends one level in each pass 
until all maximal frequent item sets are found. This approach performs well if the length 
of the maximal itemset is short. If the maximal itemset is longer, top down search is 
suitable. The authors further discussed that for a transaction with a medium sized 
maximal frequent set, a combination of both these approaches performs well. Th is 
algorithm integrates both th e bottom up search as well as the top-down search. Th is 
algorithm is suitable for itemsets of any size . It uses the top down approach to find the 
frequent subsets of itemsets. The bottom up approach is used to find the supersets of 
the frequen t itemsets. 

Other than Apriori algorithm , there are also a number of association mining algorithms 
which are more or less rooted their bases on the basic idea of the apriori algorithm. 
Some of these which are adopted as a solution for limitations of apriori algorithm are as 
listed below. 
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4.3.2. Frequent Pattern Tree 

Frequent Pattern growth is another way of mining frequent itemsets without candidate 

generation. The Apriori generales a huge number of candidates wh ich, obviously, 

increase the time and space complexity of the process. The FP growth adopts the a 

divide -and-conquer strategy as fo llows: It compresses lhe database representing 

frequent items into a frequent pattern tree , but retain lhe items set association 

information, and then divide such a compressed database into a set of cond itional 

databases (a special kind of projected database), each associated with one frequent 

item, and mir,e each such database sep~rately. 

The FP-growth method transform s the problem of finding long frequent pattern s to 

looking for shorter ones recursively and then concatenating the suffix. Appendix B 

shows the algorithm. When the database is large, it is some times unrealistic to 

construct a main memory-based FP-tree. So an interesting alternative is to first partition 

the database into a set of projected databases, and then constru ct an FP-tree and mine 

it in each projected database. Such a process can be recursive ly applied to any 

projected database if ils FP-tree still cannot fit in main memory. 

According to Han & Kamber (2001), a study on the performailce of the FP-growth 

showed that it is efficient and scalable for mining both long and short frequent patterns, 

and is about an order of magn itude faster than the apriori algorithm. 

In the case of this resea rch, the algorithm used for associat ion mining was just th e 

APRIORI algorithm and other algorithms like Count Distribution algorithm, Data 

Distribution algorithm, and Cand idate Distl'ibution algorithm are not employed . These 

advanced algorithms are left as recommendation for any interested in the area. 
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CHAPTER FIVE 

5. EXPERIMENTATION 

This chapter detai ls the diffe rent data mininy steps that were carried out in this 

experimenta l research wOI·k. This section makes up the ce ntral and most important part 

of the entire study. As to this research, the initial task is to identify the lead ing risk 

facto rs. Accordingly, the main objective of this experimentation part was to determine 

the main ri sk factors that determine probabi lity of HIV infection to be high in the fi rst 

place and find ou t their association rule or degree of co-occu rrence. 

The major data mining steps u ndeliaken/involved in t his research include: identifying 

the goa l of the data mining task, identifying source of data, data clean ing 3nd 

preprocessing, as weli as developing classifie r and ,association ru les generation. 

5.1. Ti1e Goal of This Data Min ing Task 

The underlying research problem that necessitated th is study is the existence ilf high 

HIV/AIDS prevalence. Since, data on HIV-related cases is gathered daily by rl1cJn'f 

health centers . it has become practica lly impossible to use only the trad itional statistical 

data analysis on huge vo lume of data. Health professionals, pl anners and policy makers 

need to identify major determinants of HIV infection as well as their association in order 

to plan and implement case-specific intervention strategies to red uce H!ViAIDS 

prevalence and related disasters in country at large. 

As stated in the backg round of thi s research, previously done studies on health were 

conducted by using a very small proportion of the data bases . Besides, in those studies, 

data analysis was conducted by using simple stat istica l techniques, such as regression 

and verification techniq:Jes. Since the c:nalysis made by using irad itiona! methuds 

iOCl:ses on pwb1ell<s with much r:lsre nl a r;;~!e~jl) l e number of variables and cases thiJrl 

melY b P. e ncounterea in re al world data bases, they have limited capacity to d :s(;(l'/G' 

',eiV ann uni1l'iici;1aterj ;)atle rns and relationships thai are hidcien in the cialehCJ sE:s . 

Pan i'; '.lia rly, in ,xcier to identify pattems i;1 HIV-infection 3;1d as s() j:Jt (~d risk [<letols, it 



was d ifiicull 10 conclus ively attrib~l te the problem to a certain set of factors since the 

paramete rs (att :'ibutes or factors) involved are too many. So studying the affinity of the 

fa ctors rather than simply listing them is of crucial importance. 

Before passing to the discussion on the remaining mining steps applied in this resea rch 

an a ttempt was f irst done to d escribe the technology 0 r t ools used together w ith th e 

steps involved in conducting the experiment. In this research work, the researcher has 

co nducted two act iviti es. To identify or determine the frontier attributes , just by the data 

itself, the researcher has used Knowiedge5TUDIO software and to mine the 

associations of these ri sk factors WEKA was used. Thu s, before going to the details of 

the rema ining steps wh ich were ca rried out in this research, the researcher would like to 

give an overview of KnowiedgeSTUDIO and WEKA software. 

5. 2. Data mining To of selection 

Tool selection criteria may vary based on different considerations. Among the factors 

co nsidered in th e selection process for an appropriate data mining tool, the important 

ones were: 

S? The data milli[l\j ta:;ks that the tool is intended for (classification and association) 

S? The algorithms supported (Apriori and Decision trees) 

S? Architecture and Operating systems: the computer architecture on which the 

software runs (stand alone and a MS W indows operating system) 

S? Data sources: Possible formats for the data that is to be analyzed (MS Excel) 

S? Data Size: the maximum number of records the software ca n comfortably handle 

(more than 15,000 records) 

S? Vis ualization capabi lities 

Th8 identi fica tion of an appropriate data mining tool was a time taking process -3 n'.i 

consumed a considerable amount of the resea rch time. Reviews of data mining tm.'" 

by Elder et. al. (1998 ) and Goebel et. al. (1 999 ), were used as basis for furt:y),­

;1 ,vcsti,)8 tion on the Internet. The researcher final ly approached the venders of iwo 

~Clf! .,v 'lre loo:s that mort, or les5 saLsfy the above requirements. These pre~erabl" 



selected software are Knowledge Sludio version 4.1. 1 of Angoss Software Corporalion 

(Angoss) , and WEKA version 3-4. 

5.3. KnowiedgeSTUDIO Software 

KnowiedgeSTUDIO is a new generation of software that employs today's most 

advanced data mining tech niques packaged in a familiar Microsoft Office-style worki ng 

environment. KnowiedgeSTUDIO functions as a workbench for creating and managing 

data mining proj ects. With it, it is easy to gather data, perform analyses, create and test 

models, graph objects, genel-ate a va riety of reports, and perhaps most importantly, 

score datasets so that you can make predictions based on your models. 

KnowiedgeSTUDIO provides a number of ways to visually explore and express patterns 

in data. It can help with the whole data mining process - from preparing data through 

producing fi nal graphs and reports. Some of the facilities it provides fo r data mining 

processes are: 

<{}> Decis ion Trees: Explore relat ionships visually by creating splits ihat a,8 

displayed in a tree-like fashion. 

<{}> Graphs: Display the values of variables and decision tree splits witrl <3 number of 

chart types. 

<{}> Predictive Models : Create, test, and use software objects that can render 

pred ictions on new data. 

<{}> Data Managemen t : View data in raw or mapped fo rm. Control and adjust variable 

types and othe r meta-data. Handle miss ing values and more. 

<{}> Cluster Analyses : Create, test, and use software objects that can categori ze 01· 

group record s from new data. 

<{}> Ru les and Code : Generate decision tree rul es ill a variety of formats . Gene!", ;.", 

code fro lll predictive models. 

<{}> Reports : View and prinl reports for dataset layouts , decision tree splitS, iV. 

pred icLve model and cluster ana lysis dala. 



5. 4. WEKA Tool/Softwa re 

The system is written in Java, an object-oriented programming language th at is widely 

available for all major computer platforms. Java allows us to provide a uniform interface 

to many different lea rni ng algori thms, along with methods for pre- and post-processing 

and for eva luating th e resu lt of learning schemes on any given dataset. There are 

several different levels at wh ich WEKA can be used. First of all, it provides 

implementations of state-of-the-art learning algorithms that can be applied t o dataset 

from the command line. It also includes a va riety of tools for transforming datasets, like 

the algorithms for discretization. One can pre-process a dataset, feed it into a learn ing 

scheme, and ana lyze th e resu lting classifier and its performance-all without writing any 

program code at all. 

As an example to get started, better to explain how to transform a spreadsheet into a 

dataset with the right format for this process , and how to build a decision tree from it. 

Spreadsheet data can be transformed into a dataset as comma delimited data. And the 

fi le need be in a ARFF format. WEKA includes implementations of algorithms for 

learning association rules an"d for clu stering data for which no class value is specified. 

On 0 f t he a lgorithm i ncluded for association mining is Apriori algorithm. The pseudo­

code for th is algorithm is shown on AppendixD. 

Apriori algo ri thm iteratively reduces the minimum support until it finds the required 

number of ru les with the given minimum confidence or unt il it reaches lower bound 

support. The algorithm provides various options to adjust and control the rule 

generation; some these valid options are listed as follows. 

-N required number of rules. The required number of rules (default: 10). 

-c minimum confidence of a rule . The minimum confidence of a rule (default: 0.9). 

-D delta fo r minimum support. The del ta by wh ich the minimum support is decreased 

in each iteration (defau lt : 0.05). 



-u upper bound for minimum support. The upper bound for minimum support (defaul t 

= 1.0). Don't explici tl y look for rules with more than this level of support. 

-M lower bound for minimum support . The lower bound for the minimum support 

(default == 0.1). 

-S significance level. If used, rules are tested for significance at the given level. 

Slower (defaul t = no significance testing). 

-R If set then columns that contain all missing values are removed from the data. 

These va lid options were effectively used in this research to get rules at different 

confidence and support. Based on the level of support and confidence, th e rules 

soundness was assessed by domain experts. Discussions for the resu lt were made on ly 

on those rules wh ich sound good as judged by experienced experts. 

5. 5. Identifying the Source data 

It has been stated under section 1.2 as well as 1.4 of the fi rst chapter that the primary 

goal of this research work was to assess how well an association rules for the risk 

factors can be generated by using data mining techniques. This work would also help in 

predicting the ri sk of infection among clients based solely upon VeT cl ient datasets 

consisting of demograph ic, partner, professional, educational, public hea lth history 

factors, without using diagnostic tests or physical exam findings. Thus the resu lt of this 

data mining process can be used to distinguish persons at high risk of infection from 

those with l ow risk of infection, and the association of the ri sk factors is investigated 

uising the selected association mining tool (Apriori ). 

Even though clea r definition of the problem is the first step in any data mining task, with 

high importance, the primary requirement i s availabil ity 0 f data ina ny format. And in 

most cases the ideal source of such data is the corporate data warehouse". Especially, 

ill supervised learning system, we use pre-classified historica l data (past data) to build a 

... Lbla watt:hnUSl' rL'itT,S lu the collection ofd'lta from many diflcn.: nl sources and its storage in J COlllillon format 
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model of the future . Thus, in relation to this research work, in order to distinguish people 

who are likely to have high risk 0 f infection from t hose with l ow ri sk 0 f infection, the 

classifier should be trained using historical data collected from al l VCT clients 

(consisting of both infected and uninfected people) or positive and negati ve test results. 

In this research, in order to identify source of historical data collected about HIV/AIDS 

related cases by CDC, discussions were held with various experts at the domain area. 

As a resu lt of this discussion, the researcher identified VCT to be main source of data 

which is avail able in electronic format tha t can be used for this research project. This 

choice has two reasons as a base. The first reason is for the fact that VCT services 

add ress the general population and hence data from such area has reliability to 

represent the enti re popu lation of the society. Secondly, the ava ilabi lity of the data in 

electronic format has made the VCT data to be appropriate source to conduct this 

experimental research. 

5. 6. Creating th e Target Datasets 

Once the source of the data has been identified , the next step taken was creating target 

data sets from the obtained data. The VCT client data set was origina lly stored in Epi 

Info Version 6 (EPI 6) with text fo rmat (which is a statistical package usually used for the 

analysis of medical data; (a brief of IPI6 will be detailed in the following indented 

paragraphs). Data entry into the specified software is performed at the VCT service 

sites and incorporated into the CDC data wa rehouse. Figure 5. 1. shows the main 

screen of Epi Info software. 

El'i lufo. II series of compuler progrolils produced by CDC alld the World Neallh 

Orgolli:<lIioll I'rovides public·dolilaill sojiware for word processillg. dalahit.l·e 1I1It! 

SllIlislirs l l"Or/i illl'uhiic heallh . Versioll 6 of Epi Illfo IV(fS released iIl/11a)" 1994. 

[ pi 111/0 is 1I complete .~yslelll for II 10rd processillg, do/a cnlr)" (/(I/lihasc manogelllell t, 

alld I'uhiic helllih sialislies for IIJM· eolllp(flihie lIIicrocompulers (DOS!- Pllcililies lire 

!iI'a l'ided fo r il llporlillK (llul c.lp 0rl illg II v({riell' o/Jile IIJ ICS. ililhough Epi IIIF) hils ils 

o II'n/ilc /(!J"I1I1I I. dll / /Sf/iles IIlso ("(III hI' III1(/h '~('(1 dil"('cl/l·. 
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--------
Figure 5.1 Main Screen of Epi Info Software 

The data set was organized in rows and columns w here each column represents an 

attribute (Va riable) and each row stands for a single record of an individual. In this data 

set a total of 82 attributes (columns) and 18646 records (rows) were identified. Th is data 

is recorded in two years and nine month s time from which the resea rcher decided to 

work the experiment using on ly two yea rs data (09/12/2002 - 09/12/2004) having 

15801 record s. 

The researcher collected a copy of th is original data set on CD and al l the necessary 

operations of data selection and data preparation were carried out on thi s data set. 

Fol lowing the successful selection of the requ ired data set from the original two yea rs 

data (09/12/2002 - 09/12/2004), the next important issue considered by th e researcher 

was importing th e selected data set, which was in Ep16 document format in to MS-Excel 

formal. 

Al though th e original data set was organized in rows and columns using EP16 sta ti stical 

so ftwa re, it was not possible to import thi s data as is into the data mining software th at 

were used in this research project. Since the KnowiedgeSTUDIO software has a good 
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faci lity to import data from Lotus, Excel, dBASE, Metastock, ASCI I and bina ry fil es , th e 

researcher decided to export the original data set in to MS-Excel format, which was then 

imported to KnowiedgeSTUDIO softwa re. As a result of thi s attempt, the selected data 

preprocessing operation with Ms-Excel. The exported data to a worksheet is shown as 

in AppendixA. 

In order to determine the major r isk factors that m ake ani ndividual t a l ie in the H IV 

infected cl ass, a data set consisti ng of both classes of clients (infected, and uninfected) 

was created and prepared for analysis. Since this research work was a preliminary work 

intended to assess the applicability of data min ing technology based on VCT data sets, 

th e experi ment was conducted by samples taken form th e original two years data. Thus 

for the purpose of this research work, a sample data set consisting of records from each 

class of people was se lected and used to identify lead ing factors. W ith same sample 

data, association ru les for the selected attributes were stud ied. Sample records and 

attributes of the original data is partial ly displayed on Append ixA. 

5. 7. Feature Selection 

As it is described previously, the original data set from which the ta rget data set for this 

research work has been selected con sists of a tota l of 82 attributes. However, based on 

experts ' opinion, of these attributes, only some of th em we re considered as relevant 

(i nfluential) for this specific research work. 

Liu and Motoda (1998), as quoted in Shegaw (2002) discussed on the importance of 

selecting rel evant features (attributes) in any data min ing task as "the abundance of 

potential featu res constitute a serious obstacle to the efficiency of most learning 

algorithms. Popular methods such as K-nearest ne ighbor, Apriori, C4.5, and back 

propagation are slowed down by the presence of many features, especia lly if most of 

these features are redundant a nd irrelevant to th e learn ing task ." Furthermore, some 

algorithms may be confused by irrelevant or nosi ly attribu tes and lead to a poor mining 

resu lt. Th erefore, el iminating some attribu tes, wh ich are assumed to be irrelevant to this 
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associat ion mining, can increase the accuracy, save the computa tional time, and 
simplify results obta ined. 

It was by considering th e importance of selecting relevant featu res (attributes) in 
increasing the eificiency oi tile algorithm that the researcher opted to appiy 
dimensionality reduction on the data set created for analysis by selecting the minimum 
set of features (a ttributes) that associated with the research problem. 

As a result of dimensionality reduction process, a total of 20 candidate attributes 
including cl ient 10 (as suggested by domain experts) were selected as relevant features 
to train the required decision tree classifier in order to identify the major factors for 
farth er selection that was used for association mining. Selection of these fi rst relevant 
featu res was conducted in consultation with heath specialists and resea rchers who have 
good knowledge and experience on the data set of VeT database. 

The following table gives a brief description of the candidate attributes selected as 
relevant features but further dimensiona lity reduction was ca rried out fo r the final mining 
task, which is association mining, based on the result obtained from the 
KnowiedgeSTUOIO clilssifier. 

Table 5.1. Attributes Selected from Ihe original data file 

Attribute Name Description Values 

CL IENT 
A unique reference number given to each A serial number 
clien t ,6 

AGE ' The age of the clients Continuous numerical value 

SEX The gender of Ihe client Two symbolic valu es 

MARSTAT Marital status of the client Seven unique categorical 

values 
EDUEXP E The level of educa tional of the client Eight unique categorical values 

EMPLOY ED Employment condition of the client Two unique categorical values 

OCCUPAT 
Occupation of the cl ient Twelve unique categorical 

values 
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A referral case visit Twelve unique categorical 8 REFERBY 
values 

T!lC' mos t impo"\2:; ( re2 !:" on Of Ir. c: cl;c ..... t c'r"' T\·.'C, ty~ ~\" ':) I..; :-:;:; ~.)c· r ''' ' 2~:_'~::': :-! 9 RE.~S E::::::·_ ;:; 

the vlsil day values 

10 PRTESTED The previously lested client case Six unique categorical values 

11 EVERHAD 
The previous sex experience of Ihe cl ient Two unique categorical values 
wilh penelralion 

12 EXPOTIME Suspected exposure time Continuous numerical values 

13 USECOND The client condom use in thetast 3 months Four unique categorical values 

14 
The condom use of the client during the Four unique categorical values 

I 
LASTS EX 

last time had sex 

15 STIHIST The history of STI of the client Four unique categorical values 

16 SEX1,ORK Is the client a commercial sex worker Five unique categorical values I 
17 EXPECT A test result that the client expects Four unique categorical values 

18 NOTIFPRE 
The pre-test partner notification plan of Five unique categorical values 
the client 

19 HIV The HIV test result of the client Three unique categorical values 

20 
The post-test partner notification plan of Five unique categorical values 

I 
NOTIF POS 

th e clienl 
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The above selected fields were chosen with various purposes in mind. Some of those 
features were selected to be used as an independent (input or factors) and as 
dependent. The ciel'enrient (output) vClriah le i.e . status of th e client W ClS lIsed to classify 
the visitors as infected or uninfected . Based on the outcome of the dependent variable, 
th e contribution (influence) of predicator (input) variables for HIV infection were 
evaluated. 

There are fi elds that were available in the original two years VCT data set but that were 
not considered as irrelevant for the task of this research project. These unused 
attributes include: "COUNTRY", "REGION", "VDATE", "COUNCODE", "PARTCODE", 
"COUPCODE", etc. 

Since the data source selected for this research project consisted of two years and nine 
months VCT data (13/03/1002- 09/12/2004), records collected before March 2002 were 
not considered in this research project just for the sake of conducting the stud y on the 
two years data wh ich is still more than 85 percent of the entire reco rd s and reasonable 
amount for a research. As it is already discussed previou sly, VCT records of clients who 
visited (were served) between December 2002 and December 2004 were used to train 
the model, which not only can predict the likelihood that a given client wou ld be infected 
or not, but also for further selection of the most few att ributes before association mining 
was employed. 

5.8 Data Preprocessing 

As it is described in the data mining methodology of Berry and Linoff (1997) , data 
cleaning and preparation is th e second step of any data mining task. Though, the 
process of data cleaning and preprocess ing is high ly dependent on the technique 
(method) to be employed, it can not .be a step to be skipped in any data mining 
resea rch. 

So, data preparation was conducted by taking into consideration the requi rement of the 
softwa re used. The refore, in preparing the data set into a format that is convenient for 

55 

) 



knowledgeSTUDIO and WEKA, the following data cleaning and preprocessing steps 
were undertaken on the data set created for analysis. 

5.8.1 Data transform ation and reformation 

Ca liforn ia Scientific Software (1998) describe th at, in general, how one represents data 
is often crucial to the success or failure of data mining project as well as the efficiency of 
the process. Th ere are some common areas of confusion that should be avoided during 
the data preparation stage of data mining task. Particu larly, when some data appears as 
numbers (as th e case of data in this research in which almost all the codes are 
numeric), they may deceive us. So, accord ing to Ca liforn ia Scientific Software, if 
numbers represent unique concepts and not values wi thin a continuous range of some 
quantity or rating, th ey should be converted into symbols. 

In the orig inal data set created for this data mining task, the values of some attributes 
were re presented using numerical codes. Such numerical codes that are used to 
represent unique' concepts had to be converted into symbols or columns to avo id any 
confusion during the mining process as follows: 

(i) Decoding the "AGE" Code The attribute "AGE" in the original data set consists the 
real age of th e individua ls. The values of this field were numeric and needed to be 
discretesized into va rious ranges. Before segmenting the age range the researcher 
consulted domain experts to know on what basis they used to generate age related 
reports. So according to the experts' information , it was identified that they make data 
analysis as the following segments: "1 0 -To-14", "15 -To-19", "20 -To-24", "25 -To-29", 
"30 -To-34 ", "35 -To-39", "40 -To-44" , "45 -To-49", and "50+. The transformation was 
made possible using MS-Excel functions . 

(ii) Decoding the "SEX" Code : In the original data set, the attribute "SEX" which stands 
for gender was represented using two different numeric codes(1 & 2). So, for the 
pu rpose of this research work , these numeric codes were converted into thei r 
respective symbol ic va lues (the gender of the client). Table 5.2 shows the SEX code 
used in the original data file and the transformed name of the SEX. 
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Table 5.2 Aclual Values of "SEX" code and the original numeric code 

Original "SEX" Code Transformed Value Used 

1 Male 

2 Female 

(iii) Decoding the "MARSTAT" code: in the original data set the variable "MARSTAT" 
stands for "Marital Status" and its values were represented using seven different 
numeric codes one for each value. For this attribute, the original numeric codes were 
converted into th e respect ive symbolic values (the marriage condition of the 
individuals). The fo llowing table shows the numeric code used in the origina l data set 
and th e actual symbolic va lue used for this research work. 

Table 5.3 . Actual Values of each "MARTSTAT" and the original numeric code 
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Original "M ARSTAT" Code Transform ed Va lue Used 

1 Married 

2 Never Married 

3 Separaled 
- - - - -~~---.-- ---- . -_._---------_. __ . __ . __ . . __ .. -_ .. _-- .- .... ---~-------, DivLlced -, 

5 W idowed 

6 Living togeth er 

99 Others 

(iv) Decod ing the "EDUEXPE" code: in the original data set, the va riable "EDUEXPE" 

stands for "Educational Experience of the client"(i.e. the level of education of the 

visi tor) and its va lues were represented using eight di fferent numeric codes where 

each code represents one unique symbolic value. So, for this attribute, the numeric 

codes used ill the origina l data set were conve rted into their respective symbolic 

values. The following table shows the original codes used to represent the values of 

"EDUEXPE" attribute, and the tran sformed value for each code. 

Origin al "EDUEXPE" Code Transformed Value Used 

0 Illiterate 

1 Able to read 

2 Primary Level (1-6) 

3 Secondary Level (7-12) Old System 

4 Secondary Level (7 -10) New System 

5 A level (11-12) 

6 Vocatiofl,ill (11-12) 
; 
I 7 Tertiary Level >=12 
i , 

99 Others L 
Table 5.4 Tile Original "EDUEXPE" code the decoded symbolic value 

(v) Decoding th e "EMPLOYED" code : in th e original data set file this variable stands 

for the employment condition of the client and its values were represented by using 

two different numeric codes where each code represents one unique ca tegorical value. 

These numeric codes were therefore converts into their actu al values at this stage of 
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the research. The following table shows the original numeric codes used to represent 

the values of EMPLOYED attribute, and the decoded actual va lue for each code. 

Table 5.5. The original code and Transformed values of "EMPLOYED" attribule 
~------ -_._---_. i 

Ody ina l "Elvi Pl OYL D" Code '!ral1 sf,:,uned Va lue Used 

0 No (Unemployed) 

1 Yes (Employed) 

(vi) Decoding th e "OCCUPAT" code: this attribute is used to desc ri be the occupation of 

the client and in the original data set fil e its values were represented by using twelve 

different numeric codes where each code represents one unique categorica l value. 

The following table shows the original code and transformed values of each code. 

Original " OCCUPAT" Code Transformed Value Used 

1 Legislators, Sr. Officials, Managers 

2 Professionals 

3 Technicians, Ass. Professionals 

4 Clerks 

5 Service , Shop, market , Sales 

6 Skilled Agr. And Fishery workers 

7 Crafts and Trades 

8 Plant/Machine Op., Assembly 

9 Elementary Occupation/unskilled 

10 Students 
r, 

11 Housewife 

12 Arm ed forces 

99 Others 

Table 5.6. The Original code and transformed va lues o["OCCUPAT" altributc 

(vii) Decoding th e "REFERBY" code: in the original data set file this variable stands for 

the referral case or condition of the client (if any) and its values were represented by 

using twelve different numeric codes where each code represents one unique 

categorical val ue. These numeric codes were therefore converts into their actual 

values at this stage of this research work. The following table shows the origina l 
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numeric codes used to represent the values of "REFERBY" attribute, and the decoded 

actual va lue for each code . 

Orig inal "REFERBY" Code Transformed Value Used 

1 Sell- not referred 

2 Public Health Institut ions 

3 Private Health Institutions 

4 Military Health Institutions 

5 Friend or Relative 

7 NGO 

8 School 

9 Religious Institutions 

10 Cl ient 

11 APLWH/A 

12 PMTCT 

99 Others 

Table 5. 7. The original data set code and transformed value of "REFE RBY" allribute 

(v iii) Decoding th e "REASHERE" code in the original data set file this variable stands 

for the "Most Important Reason Here" which describes th e reason why the client has 

vis ited the VCT service cen ter and its values were represented by using twenty-two 

different numeric codes where each code represents one unique categorical value. 

These numeric codes were therefore conve rts into their actual. Table 5.8 shows the 

original numeric codes used to represent the va lues of "REASHERE" attri bute, and the 

decoded actual value for each code .• 
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Orig inal "RASH ERE" Code Transformed Va lue Used 

1 Clienl risky/had risk 

2 Partner risky/ Had risk 

3 not trust partner 
--

4 III/ symptoms 

5 Premarital 

6 Marita l reunion 

7 Family planning 

8 Visa Applicant 

9 Referred 

10 2'~ test (window) 

11 Confirm positive resul t 

12 Get results preventive test 

13 Need counselling 

14 Test before pregnant 

I 
- _. 

15 Pregnant, must know 

16 Plan for future 

17 Death/illness of partner 

18 Occupational exposure 
-

~ 
19 Other bloodlfluid expo 

20 Sexual assault 
- =j 21 Preliminary ART 

99 Others I 
Table 5.8 The original data set code and transformed value of "REASHERE" attribute 

(ix) Decod ing the " PRTESTED" code: rn the orig inal data set fi le this variab le stands 

for the "Previously Tested " which describes the previous test condition of the client and 

its values were represented by using seven different numeric codes wnere each code 

represents one un ique categorical value. These numeric codes were therefore 

converts into their actual va lue. The following table shows the original numeric codes 

used to represent the val ues of "PRTESTED" attribute, and the decoded actual value 

for each code. 
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Tabh:: 5.9 The origina l data sct code and transformed value of"PRTESTED" uttribute 
Orig inal" PRTESTEO" Code Transformed Value Used 

a No 

1 Yes, HIV + 

--2 Yes, HIV-
3 Yes, inconclusive 
4 Result nol given 
5 Oidn'llake resulls 

99 Others 

(x) Decoding th e "EVERHAD" code : in the original data set this variable is used to store information about sexual experience of individual ("EVER HAD SEX"). In the origina l file, the values of this variable we re represented using two numeric codes . So, for the purpose of this resea rch work, the numeric codes in the target data set created fo r analysis were converted into thei r respective actual va lues as shown in Table. 5.10 
Table 5. 10 The Origl 1l;]1 "EVERHAO" code and the new decoded values 

Original" EVERHAO" Code Transfo rmed Va lue Used 
a 

No 
1 

Yes 

(x i) Decodi ng " E\POT IME" cod e: this vari able stands for "Su sr ec ted E,posure Time" anclused to maintalJ1 informati o n about the suspected ex posure of infection ri sk. In th c origina l data fil e, the valucs la r tlli s allribute were represented using fi ve numeri c codes . Therefore, for this variabl e as \\'c ll. th cse numeric codes were converted into their rcspec tive aClll al va lues . The " fol/owing tahl e sho \\'s the ori g inal codes and th e respective values for th ose codes. 

I 0""", .. :";O"M'" 0" , Transfo rm ed Va lue Used 
Less than one month 

Between 1 month and 3 months 
3 Between 4 month and 6 months 
5 Over six months 

98 N/A 

Table 5. 11 The 0 1'19inal "EXPOTIME" code and the new decoded values 
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(x ii ) Decod ing "USECOND" code: th is variable stands for "Condom lise for the last th ree 

months" and in the original data file, the va llics fo r thi s allribute were represented us ing four 

numeric codes. Therefore, for th is vari able these numeric codes were converted into thei r 

respec ti ve actllal va llics. The following table shows thc origina l codcs and thc respect ive v::llIes 

fo r those codes. 

Table 5. 12 The Ori gina l "USECOND" code and the new decoded va lues 

Origi nal " USECOND" Code Tra nsform ed Value Used 

0 Never 

1 Always 

2 Sometimes 

98 N/A 

(x iii ) Decoding the "LASTS EX" cod e: this variable stands for "Used condom last time 

had sex" and used to gather in formation about if the client used condom during his/her 

last time sex engagement. For this variable fou r numeric codes were used in the 

original data set. The actua l values required for this va riable were decoded as in the 

following table: 

Table 5. 13 The Original "LASTS EX" code and th e new decoded values 

Ori g inal " LASTS EX" Code Transform ed Va lue Used I 

0 No 

1 Yes 

97 Doesn't remember 

98 N/A ,.' 

(x iv) Decod in g th e "STIHIST" code: this attribute stands for "History of STI " and used to 

draw info rmation about the sexually transmitted infection history of the cl ient. In the 

original data set, th e values of this variable we re represented using four numeric 

codes, So, for the pu rpose of th is research work, the numeric codes in the target data 

set were converted into their respective actual val ues, 
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T'lble 5. 1-J . The O riginal "STIH IST" code. and [he new decoded vallies 

Orig in al" STIH IST" Code Transform ed Value Used 

0 No 

1 Yes 

97 Don't know 

98 N/A 

(xv) Decod ing "SEXWORK" code: SEXWORK stands for "I s client commercial sex 

worker" and is used to store information about the client if he/she is committed to 

sexual activit ies for business purpose. In the origina l data set fil e, the values of this 

va riable were represented using five numeric codes. The original code and their 

respective Transformed values are shown in the table below: 

T able 5. 15 The O rigi nal "SEX\VORK" code and [he new decoded va lues 

Origina l " SEXWORK" Code i Transformed Value Used 

0 No 

1 Yes 

2 counselor th inks yes 

97 Don'l know 

98 N/A 

(xvi) Decoding the "EXPECT" code the "EXPECT" att ri bute stands for the "Result 

Client Expects" and used to coll ect th e opinion of the cl ient if he/she thinks the result of 

test wil l be positive or negative. The va lues for this variable were represented using 

four numeric codes. The following tabl~ depicts the original and transformed values of 

the attribute. 

Table 5.16 The OrigInal "EXPECT" code and [hi..' !le W decoded values 

Original " EXPECT" Code Transform ed Value Used 

0 Negative 

1 Pos itive 

/ 97 Don't know 

98 N/A 
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(xvii) Decoding the "NOTIFPRE" code: this va riable is u sed t o m aintain information 
about the wi llingness of the client to notify hi s/her partner prior to the HIV tes t. 
"NOTIFPRE" stands for pre-test partn er notification plan and in the origina l data set file 
the values of this va riable were represented using five numeric codes. The following 
table shows th e original code the transformed val ues of th e va riable. 

Tn ble 5. 17 The Orig inal "NOTIFPRE" code and [he new decoded va lues 

Original" NOTIFPRE" Code Transformed Value Used 

0 Refused to notify 

1 Agree to notify 

2 Plan to notify 

3 Unsure 

98 N/A 

(xviii) Decoding th e "HIV" code: the HIV attri bute is used to reco rd information of the 
test result of the client. In the original data set the values of thi s attribute were given 
in th ree numeric codes and th eir decoded va lues were shown on the following table. 

Tab le 5. 18 The Origi nal "H IV" code and the new chxoded va ili es 

Original" HIV" Code Trans formed Value Used 

0 HIV-

1 HIV+ 

98 N/A 

(x ix) Decoding the "NOTIFPOS" code: th e "N OTIFPOS" attri bute stands for "post-test 
partner notifica tion plan" which is used to store information of the will ingness of the 
client to notify his fri end about his/her HIV test result. In the original data set the 
va lues of this va riable were fill ed with five numeric codes. The next table is about the 
original code and the transformed values of this va riable. 

Tab le 5. 19 The Original "NOTIFPOS" code <lnd the IlC\\' (h.'(od1.,.·d \';1!lIes 

Original" NOTIFPOS" Code Transformed Value Used 

0 Refused to notify 

1 Agree to notify 

2 Plan to notify 

3 Unsure 
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These decoded or transformed va lues fo r all attributes were used for this experimental 
research and their transformation was done by using Excel built-in fu nctions. The 
formu la employed to reform all the attribute values is shown on AppendixB. 

5.8 .2 Handling Vari ables w ith Miss in g Values. 

Missing values of some variables, in any data mining task, affects the min ing output and 
should be hand led systematically. In ord er to hand le th e problem of va riables with 
missing va lues in the data set created of a given data mining task, there are di ffe rent 
approaches .recommended for use. For this specifi c research work, the approach 
suggested by Two Crows corporat ion (1998) was fo llowed to represent miss ing va lues 
identified in the ta rget data set. 

For continuous variables or va riab les with numerical values, such as the AGE variable in 
th is project, Two Crows Corporation (1998) suggest that missing should be replaced with 
the mean value for that fi eld. Based on th is suggestion, for the numeric variable (AGE) 
missing values were replaced by the mean value of this field. The average value for this 
variabl e was 26. 

In similar way, to handle the problem of miss ing values fo r categorica l vari ables, the 
same suggestion is to group such fi elds into nominal and ordinal variables, and to take 
the med ian for 0 rdinal variables and the modal f or the n ominal variables. The 0 rdina l 
variables are categorical variables whose va lues have meaningful order and such a 
variable was not invo lved in this rese<Jrch, where as nominal variables refer to the 
ca tegorica l variables whose vaiues are unordered. 

Acco rding to the data set created for this research work , categori ca l variables whose 
missing values were handled based on the above suggestion include the following 
va riables: "SEX", "MARSTA T", "EDUEXPE", "EMPLOYED", "OCC UPA T" , "REFE RBY", 
"REASHERE", "PRTESTED", "EVERHAD", "EXPOTI ME", "USECOND" , "LASTS EX", 
"STIHI ST" , "SEXWORK", "EXPECT", "NOTIFPRE", "HI V", "NOTIFPOS". All th e above 
fields are nominal variables and for any missing in those fields, the modal (mos t 
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frequent) value was fi lled. The modal values for the above these nominal ca tegorical 
variables listed in the table below. 

Table 5.20 Mod,1I V:llucs 10 Reprcsc!lI Missi1lg V<'l!UCS ror Nomin<1] variahles 

Fie ld name Modal va lue 

SEX Male 

MARSTAT Never Married 

EDUEXPE Secondary Level 

EMPLOYED No 

OCCUPAT Olher,s 

REFERBY Self-not referred 

REASHERE Had Risk or Suspect or Symptoms 
PRTESTED I No 
EVERHAD Yes 

EXPOTIME Over Six months 

USECOND Never 

LASTSEX No , 
I STIHIST No 

-1 SEXWORI< No 

EXPECT Negative 

I NOTIFPRE I Agree to Notify 
HIV Negative 

-
NOTIFPOS ! Agree to Notify 

5. 8.3 Data Orga niza ti on for Model Building 

The previous sections were a preprocess activities and still there are more step towards 
the model building. Data preparation for the KnowiedgeSTUDIO was not a I)ig dea l 
except the reformation as shown in the previous section. Because this software can 
process data in plain English even if there are punctuation marks included. Specially for 
interpreting in the Decision tree algorithm , such data fo rmat was not considered 
problematic. 
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But in the case of data preparation fo r the WEKA, another considerable amount of time 

was exhausted. The data which were in Excel format was not directl y used unlike that of 

fo r Knowl edgeSTUDIO. The va lues for each attribute were made to single label (without 

having spaces in between if any) . W hen the values are made of Illany words, they were 

written in a jointed way to be read as single label as Comma Delimited or comma 

separated values file/data. In order fo r better understandabil ity to humans, the first 

letters of the joined words were capita lized. For instance, the value "Fifteen to Nineteen" 

of AGE was converted to "FifteenToNineteen". Then th e data was saved in (da ta.csv) 

file format. 

Then the file was opened with Notepad program for further preparation. Here the 

relation and attributes we re declared fo r the data in such away that the WEKA softwa re 

understands. The sample dataset for declaration of attributes is shown on AppendixC. 

After preparing the data this way it was saved in (data.adf) file format that Java 

environment of WEKA reads. 

5. 9. Model Building 

At this stage everything was ready to create and train the model. The first action to 

accomplish this was to import the organized data set into the workspace of the 

KnowledgeSTU DIO . The data insertion screen of the software looks Figure.5.2. 

Basically, the work of this resea rch was a two-step process . In the first step a classifier 

was modelled to identify the frontier risk factors, performed by decision tree classifi er in 

KnowledgeSTUDIO. In the second step the association rules were generated f or t he 

most determinant risk factors. So the present research was Illore concentrated in 

generating rules to explain affinity group of the factors or to determine which factor most 

often go together in th e VCT records with positive test result. 
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Thus, after the data set in Excel format was imported into KnowledgeSTUDIO, 

classification model was tra ined by inserting decision tree with KnowiedgeSEEKER 

algorithm. The classification model was conducted by using all the 19 attributes that 

were selected except the "CLlEIIJT" field because the values of the client attribute are 

unique ID for each record has no power to discriminate. The va riables that were used to 

build the first model were: "SEX" , "MARSTA T", "EDUEXPE", "EMPLOYED", 

"OCCUPAT", "REFERBY", "REASHERE", "PRTESTED", "EVERHAD", "EXPOTIME", 

"USECOND", "LASTS EX", "STIHIST", "SEXWORK", "EXPECT", 

"NOTIFPRE","NOTIFPOS" and the "HIV" field was the output variable. 

For the first t rial, a II the default parameters provided by the K nowledgeSTUDIO (i.e., 

algorithm, Information Gain Measure, and Auto select settings) were accepted and used 

as they were. The default parameters of auto select setting used for th is initial has the 

following vales . 

Maximum attr. info 

Minimum attr. info 

Maximum attr. count 

Algorithm 

Info . Measure 

10.00 
0.1 

5 

KnowiedgeSEEKER 

Entropy Variance - Non P-value 

In this softwa re there are two types of algorithm that are avai lable for construction of 

decision tree. These are KnowiedgeSEEKER and HeatSEEKER. In this particular 

research KnowiedgeSEEKER was used The reason is that it is a flexible algorithm that 

is especially good for exploration purposes and manual tree build ing and it c an a Iso 

handle a large amount of attributes with either a continuous or discrete dependent 

variable . 

With this sett ing, the model determined classes of the attribute HIV. The entire record 

was classified into HIV+ and HIV- values as shown on the next figure. There is a 17.06 

percent chance that HIV will be positive and 

82.94 percent chance that HIV will be Negative. 
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The model were iteratively built and checked by varying the parameters from the default 

value to see whether the probability of the class changes from the obtained percentage. 

But after many trials it was found t hat the probab il ity remained the same as th e first 

result. Therefore, the researcher decided to continue using the default parameters and 

selling as provided by the software. 

After modelling algorithm and modelling measure have been selected and before the 

model was actually built, a mechanism was generated to test the models quality and 

va lidity. I n this step what was performed is the separation of the data set into training 

and test set so as to bui ld the model. This is to build th e model on the training set and 

estimate its quality on the testing set. Partitioning the dataset into learn ing and test sets 

was done using the insert partition feature of the software. 

Before passing to the next model building , the classifier was checked for validity wi th 

validat ion dataset. Validation showed beller perfo rmance when the tree is forced to 

grow automaticall y. The auto grow stop size was set up to 20 and number of split to up 

to 5. This decis ion for paramete r sett ing was done by first trying on different 

combinations and this one was found to give better percentage of va lidation. The 

following table indicates the Validation Summary Report or confusion matri x for th e 

validat ion set. 

il Confusion Matri x· HIV 
I 

I II 
" Predic ted 

I 

I Ii 
HIV + 

II 
HIV-

I 

I 
Actual !HIV+ il 92 II 178 I 

I 
IHIV- II 

13 II 12 97 I 
I 

Statistics 
I 

ITotal records 
IL 

158°1 

Icorrectly predicted I[ 1389
1 

Ipercentage 
II 

87.91%1 

Ivalid records 
II 

158°1 

7 1 



\ 
When the classifier is used on va lidation data which was not part of the training data, 
the tes t showed that 87.9 1 percent of the total record s were classified correctly. Among 
th e 1580 record s the confusion matri x show that Only 13 records were predicted posi tive 
and observed negative whi le 178 were pred icted negative and observed positive . 

Next to this, upon an effort to identify the most determinant factors experimentally, 
different cl assifiers were made with various combinations of attributes by omitting one 
variable at a time. This was done in consu ltat ion with experts in th e area who had better 
knowledge and experience as to which va riables are more determinant (among the 
already selected ones) and essen tial to identify infection probability. To build this 
class ifier too, the default pa rameters were used. 

With th is option used by the researcher every model was checked for validation to see 
the influence of the omitted variable. The exclus ion of some of th e va riables resulted in 
a less performance classifier, wh ich indica tes th e importance of the excluded va riable. 
For some variab les, their exclu sion resu lted in a better performance as seen with 
validation set, which means that these variables are not important. A summary of the 
prec ision rate observed for the different va riables with their respect ive number of 
records correctly predi cted are shown 0 11 the following table. 

T:1ble 5. 2 1 List ofvarinbl cs exc luded <"Inc! the per:ormancl' of those models 
Excluded Vari able Percentage i # Records correctl y 

I predicted 
AGE 87.53' ! 1383 . 
SEX 87.91 ! 1389 , 
MARSTAT 870Y 1375 
EDUEXPE 87.91 

1
1389 

EMPLOYED 87.91 ! 1389 , 
OCCUPAT 87.91 i 1389 
REFERBY 87.9 1 1389 
REASHERE 87 .59' 

1
1384 

PRTESTED 88.23 1394 
EVER HAD 87.97 1390 
EXPOTIME 8804 139 1 
USEDOND 87. 59' 1384 
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LASTSEX 87.97 1390 

STIHIST 87.59' 1384 

SEXWORK 87.91 1389 

EXPECT 87.22' 1378 
._------- 1-,------- --

NOTIFPRE 87 .9; 1389 

NOTIFPOS 87.66' 1385 

For the results presented in the above table, it was observed that the exclusion of the 

va riables AGE", "MARSTAT", "REASHERE", "USEDON D", "STI HIST", "ECPECT", and 

"NOTIFPOS" flagged with star (*) resulted in a poor performing model, relative to the 

original model, wh ich indicates the importance of th ese va riables. The researcher used 

0.25% deviation as th reshold to justify the importance of these va riables. Where as 

better performing models were obtained when the variables: "PRTESTED", 

"EVERHAD", "EXPOTIME", "LASTS EX", "NOTIFPRE" were excluded. And the exclusion 

of the variables "SEX", "EDUEXPE", "EMPLOYED", "OCCUPAT", "REFERBY", and 

"SEXWORK", showed no change at al l and this still indica tes that the variables are not 

as such important ones. 

Therefore, for the further experimentation, the resea rcher decided to concentrate more 

on those accepted as important variables. In contrary to the opinion of the domain 

experts, the variable SEX and EMPLOYED remained to be non-influential. There was 

also another problem observed from the previous experiment. The attribute NOTIFPOS 

was judged as unimportant by the experts but in the above experiment the exclusion of 

this variable revealed poor accuracy a!> if it were an important variable. The scientific 

selection of the other attributes was appreciated with views of domain experts. 

To get rid of such strange phenomena, the researcher has made subsequent changes 

based on StatSoft (2003) suggestion that it may often be most useful to combine the 

automatic methods for building trees with "educated guesses" and domain specific 

expertise. To be wise the researcher has built various models with these attributes 

(AGE ", "MARSTAT", "REASHERE ", "USEDO ND", "STI HIST", "ECPECr) together with 

the suspicious fields ["NOTIFPOS ", "SEX", and "EMPLOYED") in different combination 
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and checked for validity. This approach comprom ised both experts' suggestion and the 

experimentall y obtained evidence. 

Subsequent changes were made and different pa rameters util ized , to analyze whether 

SEX, EMPLOYED and NOTIFPOS are good determinant to be considered as influential 

risk factors or not. But upon checking for valid ity it was experimentally observed that the 

precision of all classifiers remained unchanged. That means, regardless of exclusion or 

iriclusion of them didn't show diffe rence than using on ly the previously selected 

variables. So with thi s experimental evidence and experts' suggestion, the researcher 

proceeded towards the remaining part of the research identifying attributes "AGE", 

"SEX" , "MARSTA T", "EMPLOYED" "REASHERE", "USEDOND", "STIHIST", "EXPECT" 

as determinant factors for HIV infection . 

The individual discussion on the contribution of each of these factors is presented as 

follows one after another. 

Figure 5.3 Decision Tree for attribute AGE 

AboveF~ty FI~€enToN~!een 

," 1822.78% 
\\: tiw: £1 7712% 

o! 79 2.12% 

635 17.06 ... 
alive 3,087 82.94% 

1 . 3 722 l00.0~ 
AGE 

2 
c::::::::: Thirty T 0 ThirtyFour T v.entyFive ToT l'l.!nty:-::ne 11'.en:, T (~w2ntyFoul 

"11024.12~ 2\112014 E" 162 13,56% 

live 346 is.Bar.! alivE 792 79.i6% ti\'e 1.033 86.44% 

.: ~50 21510 1 .9932668% tal 1,;19532.11o/! 

Taking the extreme case, the figu re indicates that higher proportion of the sample 

(32. 11 %) is in the age of 20 to 24 among which 13.56% was found HIV positive. The 

maximum ratio of infection per class (35%) was seen in the range of 40 to 44 years age. 

and minimum infection ratio (3.84%) was observed in the range of 15 to 19 years . 

If AGE is Above Fifty then there is a 22.7 percent chance that HIV will be positive and a 

77.22 percent chance that HIV will be Negative, And if AGE is 45 to 49 then there is a 

21.31 percent chance that HIV wi ll be HIV+ and a 78.69 percent chance that HIV will be 

Negative . 
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When we look at the 20's and 30's, If AGE is 30-34 there is a 24. 12 percent chance that 

HI V will be positive and a 75 .88 percent chance that HIV will be Negative. If AGE is 35-

39 there is a 27.35 percent chance that HIV will be positive and a 72.65 percent chance 

tllat HIV will be Negative. Sirnilarly, if AGE is 25-29 th en there is a 20.24 percen t ch anee 

that HIV wi ll be posit ive and a 79.76 percent chance that HIV will be Negative. 

The above findings generally indicate that the higher probability of infection spans from 

age 25 and above. For all ages above 25 there is more than 20% chance to be HIV 

positive, regardless of other facto rs to be discussed later. 

Figure 5. 4 Decision Tree for attribute USECOND 

~-------::':== =:::::::::~---~ 

. V+ 
gati\€.47987.73% 

tal 546 14.67% 

N/A Ne...er Sometimes 

158 15.16' 

335 9.00% 

From this figure there are two inte resting and unexpected patterns observed. The first 

one is about the records in the N/A(Not Applicable) class. Th e clients wi th this value 

reflected that th ere is no need to use condom, regardless of their reason . Yet they have 

15.16% chances to be in fected. May be they are the one who do not exercise sex, or 

who think they trust their pal1ner, or so. But for unknown reason the probability of 

infection is not negligible. So the researcher recommends another investigation on this 

issue. 

The other impor1ant finding here is comparison of the people who never use condom 

and th ose who use sometimes. Un lucky they are ; the probability of infection for the 

people who use condom sometimes is higher th an those who never use it. That means, 

If USECOND is equal to "Sometimes" then there is a 21.49% chance that HIV will be 

positive, where as If USECOND is equal to "Never" there is a 18.79% chance that HIV 

wi ll be positive. The difference is 3% chance which is velY significant with t his large 

scale data. This disclosed that the irregular use is even the worst of all the cases. 
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To increase the insight view of these patterns, the researcher considered the fie lds 

USECOND and EXPECT together and came up with the following resu lts : 

Figure .5. 5. Decision Tree for attributes USECOND and EXPECT 

• . ISS 15_1~'" 
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......1 .o,R25. 

USECONO 
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~ 
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I 335 .9 . 
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~ 
Ne9ah~ P;ili~ 

From th e above figure, it is shown that if USECOND is "Always" and EXPECT is 

"Negative" there is a 7.53% chance that HIV wil l be positive and this is very small when 

compared to those who expect positive (40%) even though they say that they use 

condom always. This an indication that peorle who properly use condom have better 

confidence to expect negative test result and also have better chance to be negative 

than those who expect posi tive. 

When looking at the classes who sometimes use and who neve r uses condom , 

whatever they may expect (positive or negative), the higher probabi lity is still with th e 

one who sometimes use condom. The }ollowing rules generated frolll the tree descri be 

their probability in clea r sense. 

Rule # 1: If USECOND is equal to Never and EXPECT is equal to Don't know then there is a 20.1275 

percent chance that HIV will be HIV+ and a 79. 8725 percent chance that HIV will be Negative. 

Rule # 2: If USECOND is equal to Never and EXPECT is equal to Negative then there is a 9.57447 

percent chance thaI HIV will be HIV+ and a 90.4255 percent chance IIlat HIV will be Negative. 

Rule # 3: If USECOND is equal to Never and EXPECT is equal to Positive then there is a 47.3282 percent 

chance lllat HIV will be HIV+ and a 52.6718 percent chance that HIV will be Negative. 

Rule # 4: If USECOND is equal to Sometimes and EXPECT is equal to Don'l know IIw n there is a 20.1717 

percent cllance that HIV will be HIV+ and a 79.8283 percent chance that HIV will be Negative. 
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Rule # 5: If USECOND is equal 10 Sometimes and EXPECT is equal to Negative then there is a 15.7895 

percenl chance that HIV will be HIV+ and a 84.2105 percent chance thai HIV will be Negative. 

Rule # 6: If USECOND is equal to Sometimes and EXPECT is equal to Positive then there is a 50 percenl 

cllance that HIV will be HIV+ and a 50 percent chance Ihal HIV will be Negative. 

The other important point which was not been possible to display on the tree (larger tree 

size unable to fit paper size) was the foll owing facts: 

Rule # 7 If USECOND is equal to NIA and SEX is equal to Female Ihen there is a 17.1681 percent 

chance that HIV will be HIV+ and a 82.8319 percent chance that HIV will be Negative. 

Rule # 8: If USECOND is equal to NIA and SEX is equal to Male then there is a 12. 7883 percent chance 

tha t HIV will be HIV+ and a 87.2117 percent chance that HIV will be Negative. 

From this it can be generalized that most female compared to male feel/believe that th e 

concern of condom is not applicable. 17.17% of females who say using condom is not 

applica ble are in fected . But in the case of male only 12.79% of those who say using 

cond om is not applicable are infected. 

The next graph displays the decision tree for the attribute MARST A T. And associated 

sct rules are discussed after. 

Figure 5. 6 Decision Tree for attribute MARSTAT 
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From this decision tree , lots of previously unrecogn ized things related to chance of HIV 

infection were observed. These are made clear by looking at the rules obtained from the 

tree. This tree ind ica tes that above 75% of the data is collected from unmarried people. 

The implica tion of this figure is that unmarried individuals are concerned about HIV case 
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(are more fearful, or have better awareness) than others and get benefits of VeT. But in 

con trary, the ra tion of people infected with HIV as seen from the result is very small in 

unmarried group. Th e probabi lity is only 11.61 % which is much smaller than the general 

probability (17 .06%). 

According to this result, married people are found to be less conce rned about the matter 

(VeT), though the infection probability has shown very significant figure. The result 

shows 27.98% of married cl ients are infected which almost t ri ples the percent for the 

unmarried one. This gap invites two other investigations: the first one is to know why 

married people are so affect with HIV and the second one is to know why this group 

could not be benefited from VeT services. 

Widowed, separated, and divorced classes have exhibited the higher probabil ity in 

general . That is 74.42%, 40% and 30.33% of them respectively are HIV positive. And 

hence the researcher analyzed the case of marital status together with other factors like 

employment and gender in order to discover new understand ing. Regard ing this, rules 

from same tree indicates the next important behaviour of the data. 

Rule # 1: If MARSTAT is equal to Married and EMPLOYED is equal to No (Unemployed) then there is a 

36.99 percent chance that HIV will be HIV+ and a 63.01 percent chance that HIV will be 

Negative. 

Rule # 2: If MARSTAT is equal to Married and EMPLOYED is equal to Yes (Employed) then there is a 

21.3213 percent chance that HIV will be HIV+ and a 78.6 787 percent chance that HIV will be 

Negative. 

Rule # 3. If MARSTA T is equal to Married and EMPLOYED is equal to No (Unemployed) and SEX is equal 

to Female then there is a 36.36% cllance that HIV will be HIV+ and a 63.64% chance that HIV 

will be Negative. 

Rule # 4.' If MARSTA T is equal to Married and EMPLOYED is equal to No (Unemployed) and SEX is equal 

to Male then t/lere is a 40.54 % chance t/lat HIV will be HIV+ and a 59.46% chance that HIV will 

be Negative. 

Rule # 5: If MARSTA T is equal to Never Married and EMPLOYED is equal to No (Unemployed) then there 

is all. 9608 percent chance that HIV will be HIV+ and a 88.0392 percent chance that HIV will be 

Negative. 
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Rule # 6: If MARSTAT is equal to Never Married and EMPLOYED is equal to Yes (Employed) then there 

is a 11.4045 percent chance that HIV will be HIV+ and a 88.5955 percent c/18n ce that HIV will be 

Negative . 

Rule # 7: If MARSTA T is equal 10 Never Married and EMPLOYED is equal 10 No (Unemployed) and SEX 

is equal 10 Female Ihen there is a 14 .. 26% chance tlla l HIV will be HIV+ and a 85.74% c/lance 

that HIV will be Negative. 

Rule # 8: If MARSTAT is equal to Never Married and EMPLO YED is equal to No (Unemployed) and SEX 

is equal to Male Ihen there is a 7.88%t chance that HIV will be HIV+ and a 92.12% chance that 

HIV will be Negative. 

Rule # 9: If MARSTAT is equal to Separated and EMPLOYED is equal to No (Unemployed) then there is a 

61 .54% chance that HIV will be HIV+ and a 38. 46% chance Ihat HIV will be Negative. 

Rule # 10: If MARSTA T is equal to Separated and EMPLOYED is equal 10 Yes (Employed) then 

there is a 27. 2727 percent chance that HIV will be HIV+ and a 72.7273 percenl chance tilat HIV 

will be Negative. 

Rule # 11: If MARSTA Ti s e qual to Separated and EMPLOYED is equal to No (Unemployed) and 

SEX is equal to Female then there is a 67.86% chance that HIV will be HIV+ and a 32.14% 

chance Ihal HIV will be Negative. 

Rule # 12: If MARSTAT is equal 10 Separated and EMPLOYED is equal 10 No (Unemployed) and 

SEX is equal 10 Male Ihen there is a 45.45% chance Ihat HIV will be HIV+ and a 54.55% chance 

thai HIV will be Negative. 

It is presented in rul es 1 and 2, th at employment va riations between the married 

communities revealed marked differences in HIV infection. As per the discussions made 

with hea lth experts and researchers, the researcher proved that these variations in HIV 

infection among the employed and unemployed seems appropriate since unemployed 

people usually have excess free time {(J be exposed to the problem. This case proves 

that busy individuals are by far (about 15.67% probability difference) safer than others. 

Rules 3 and 4 re inforces th e above case rela ti ng to the gender difference. Taking the 

unemployed records of marrie d people in to consideration, these rules disclosed that the 

male are more vulnerable than the female provided that they are married. The possible 

reason for this obselVation is left open (or (lII1her investigation. 

Anothe r important understanding drown from the tree is that appeared on rules 7 and 8. 

Rule number seven revea led that 14.26% of the unmarried and unemployed female 
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clients are HIV posit ive. This number is greater than the total probabil ity (11.96% shown 

seen in rule # 5). But on the rule number 8 it is shown that on ly 7.88% of unmarried and 

unemployed males are HIV positive. So the conclusion of these two rules is that, in the 

case of th is gro :lp (ulima:Tied filld une:nployecJ) female are found to be more vulnf;(& i)li': 

than male. This proved the earlier understanding that women commit themselves to 

unsafe sexual practice for material benefit . 

Next is discussion on relation of sexua lly transmitted infection and HIV in fection. Figure 

5. 7 shows th e decision tree for the attribute STIHIST. 

Figure 5. 7 Decision Tree for attribute ST tHIST 
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From th e above tree, it was observed, thai HIV/AIDS is associated with sexually 

transmitted infect ion. Especia lly, looking at the "No" and "Yes" node of the tree, 34.38% 

of the people with STI positive are under ca tegory of HIV positive. But on the "No·' 

STIH IST case the probability of HIV infection is 17.37% which is by half less than the 

probabi lity for the "Yes" group. Th e chance of the "No" STIHIST is slightly equal to the 

general probabili ty of HIV positive (17.(t6%) observed for th e entire data set. So from 

this understanding it is proved that having sexua lly transmitted infection increases tiie 

chance of HIV infections as well. 

Figure 5. 8. Decision Tree for attribute REASHERE 
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From this decision tree, it is shown that only one person out of 88 clients who want to 

confirm HIV+ was seen negative. So 98.86% of peoples who previously known thei r 

seropositive status have confirmed exactly. This was recognized as an indica tion for the 

peliection of the HIV test selVice. 

On th e other hand, among the clients who visit for second test or windowing, only one 

person was fou nd HIV posit ive. The 99.07% of the people with this reason are observed 

HIV negative . This shows another insigh t that people who had used VeT selVice are 

much benefited and have strong stack to take care of themselves from ways that leads 

to HIV infection. Th is was made possible as a result of counseling selVice given before 

and is an encouraging assessment or feedback that counseling precisely helps society. 

Figure 5. 9. Decision Tree for attr ibute SEX and EMPLOYED 

~ 

Female 

"'~"';IV"'--393 22.41% 
e~ tile 1,36177.59% 
at 1.754 47.13% 

EMPLOYED 

H + 635 17.06% 
N ath.e 3,087 82.94~ 
o I 3.722 100.00' 

SEX 

$ 

Male 
+ 242 12.30% 

~ati\e 1,72687.70% 

tiil 1 968 52.870/. 

EMPLOYED 

~ ~ 
No (Unemployed) Yes (Employed) 
,~ , 

23223.63% .. r 161 20.~5% 
egr 1he 750 76.37% ~atil.e 611 79J 5%~ 

tal 98226.38% Jatal 772 "20,J4% 

No (Unemployed) Yes (Employed) 

fV+ 51 12.09% ~+ 191 12.35%' 
gatil.e 371·87.91% _ ative 1.355 87.65% 
tal 42211 ,34% alai 1.54641.54% 

~
+ 635 ' 17.06% 

e alhe 3.087 82.94° 
Tot I 3722 100.00% 

EMPLOYED 

~ 
No (Unemployed) Yes (Employed) 

~ ~ti\e 1, 121 79.84r~ a!i...e 1.966-~84 :8 1 % 
II.< 283 20.16%'1 1+ 35 < 15.19 r, 

I 1.404 37.72%1 al 2.'318.62.28% 

From this decision tree for SEX attribu te, it was observed that higher percent of the 

cl ients are ma le (52.87%) while 47.13% is female. But higher proportion of infection was 
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seen on the female node with probabil ity of 22.41 % wh ile in the case of male there is 

on ly 12.3% chance to be HIV positive. The probability seems balanced for both the 

unemployed and employed ma le group (12.09% and 12.35% respectively). But in the 

case of unemployed females . the probability of infection is increased to 23.63%. This 

variation was observed as another testimony that there is material benefit behind multi 

pal1nership for women. Therefore. unemployment is one critical problem to be 

considered on the way towards HI VIA IDS intervention. 

5.10 Generating Association ru les 

In the previous section of this chapter th e primary task done was identifying the main 

risk factors in a systematic way. That step was also supported with approva l of domain 

experts. Now, in this section the association of these attributes was mined and their 

association rules were generated and analyzed . This is a sect ion in which th e second 

part of objective of this particul ar research has met its goal. 

For this p art oft he project. t he researcher used W EKA data mining tool for th e only 

reason that it has better features for association mining with Apriori algorithm. But as it 

has been mentioned in the data preparation section of this chapter, preparing the data 

was a little bit tiresome task and accounted considerable amount of the research time. 

The data which were in Excel format was not directly used unlike that of for 

KnowledgeSTUDIO. T he values for each a ttribute were made to single label (without 
" 

having spaces in between if any). When the va lues are made of many words, they were 

written in a jointed way to be read as single label as Comma Delimited or comma 

separated values file /da ta . For the sake of better human understandabi lity, the first 

letters of the joined words were capitalized. For instance, the value "F ifteen to Nineteen" 

of AGE was converted to "Fif1eenToNineteen" . Then the data was saved in (data.csv) 

file formal. Table 5. 22 sample data prepared as sing le word value. 

Then the file was opened with Notepad program for further preparation. Here the 

relation and attributes were declared for the data in such away that the WEKA software 
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understands. The sample dataset for declaration of attributes is shown on Append ixC. 

After preparing the data this way, it was saved in (data.arif) fil e format that Java 

environment of WEKA reads. 

., 
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", I·""" REASHERE~COND 
-

AGE EMPLOYED STIHI ST EXPECT HIV 

-- .-
HadRiskOrSuspectOrS TwentyToTwent~Four Female NeverMarried Yes ymptoms Never No DortKnow Neqative TwentyToTwentyFour Male NeverMarried Yes PlanForFuture Never Yes Negative Negative 
HadRiskOrSuspectOrS 

I 

TwentyFive ToT wentyNine Female NeverMarried No ymptoms Always No DontKnow Positive TwentyToTwentyFour Female Divorced No VisaOrOccupExposure Never No Neoative Neqative FifteenToNinteen Female NeverMarried No PlanForFuture NotAppl NotAppl DonlKnow Negative 
HadRiskOrSuspectOrS TwenlyTo TwentyFour Male NeverMarried Yes ymptoms NotAppl No Neqotive Neqative FifteenToNinteen Male Ne~erMarried Yes PlanForFuture NotAppl NotAppl Negative Negative TwentvToTwentvFour Female NeverMarried Yes PlanForFuture NotAppl No DontKnow Neqative T wentyFiveT 0 TwentyNine Male NeverMarried Yes PlanForFuture Alwa)'s No Negntive Positive I 
HadRiskOrSuspectOrS 

I 
Thirty To ThirtyFour Female Married No ymptoms Never No DontKnow Negative 

HadRiskOrSuspectOrS TwenlyFiveToTwenlyNine Male NeverMarried No ymptoms NotAppl No Positive Positive FifteenToNinteen Female NeverMarried Yes OtherBloodOrFluidEx~ NotAppl NotAppl DontKnow Negalive 
HadRiskOrSuspeclOrS Twenty ToT wentyFour l'1~ ___ yeverMarried No r-ymptoms _ Never No Neq C!~!ve Neqative ._------Thirty T 0 ThirtyFour Male NeverMarried Yes PlanForFuture NotAppl No Dontl<now Negative .r---.----1---
HadRiskOrSuspeclOrS ThirtyFife T 0 ThirlyNine Male Ma rri ed Yes ~-;mplom s Never No OontKnow Positive 

I'~~'~:=--
------ --

MaritalReunionOrUntru Twcnt'tToTwenlyFour Married No stPartner Never No Dontf<!1ow Neqative ThirtyT 0 ThirtyFour ! Female Married No PlanForFuture NotAppl No Negative Negative 

I Female 
HadRiskOrSuspectOrS TwentyFiveToTwentyNine Widowed Yes ymptoms 

- _ . - - Never No Positive Positive 
Table 5.22. Sample data prepared as single word value for all attributes 
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WEKA Explorer has good interface to open files in ARFF format and load to the 

software. Hence th e file data.arff was loaded successfully. Figure 5. 10 below shows the 

data load ing screen of VVEK,6. exn!orcr. 

·~t'l 

,." ...... ....,.-
,,~~ ... , ".I(; ; 

. ,.I . ...,..,tf·S2E-1 

~ .... , .. 
10"C>i 
:O~(· 
JB<MF:~'A: 

• 0 £0.I>\.",[!' 
~l!':J"tl\~{'ir '""3_1:8 _______ _ 

~E!~~~ .• 
, [::]:1 •• : ; 
_Bb 'iCJ 
'·bl.~· 

St"'tl ~<W1I ""'~ 

rh • ..,. tr.o.£<:~'tL' 

.... "..-'9 O(O'JA 

111 

. - -- - - -~~ 

Figurl' 5. 10 rile \V EKA. Explorer sc reen 

~, ___ I LI _-=""O-' _~ 

'" 

WEKA includes an implementation of the APRIORI algorithm for generating associa tion 

rules. The APR lOR I algo rithm can only deal with nominal att ributes that the data for thi s 

research has already been prepared fo r. 

The assoc iat ion mining output of Apriori is shown in Figu re 5.1 1. The last part gives the 

association rules that are found . The number preceding th e ==> symbol indicates the 

rule's support, that is, the number of items covered by its premise. FollowiQg the rule is 

the number of those items for which the rule 's consequent holds as well. In parenth eses 

is the confidence of the rule- in other words, the second figure divided by the first. In this 
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research, with first trial (with defau lt parameters and with all the attributes) the 

confidence of the best ru le (rule with highest confidence) was 0.94. 

,--------------------------------_. __ .. __ .. _ .... -, 

rvl illlmllill support 0.2 

r-dillllllllllll11~l ric <wn lidell ce>; 0.9 

NlIll1h~r or cycks r~rlormcd : 16 

(;~ncriltt,;d se lS ur l a rg~ il~ll1s~tS: 

Size O r ";~ l uflarg~ il ~ Il1Sei S L( I): 15 

Size ()f SCI of large il ellls~ l s L(2): 55 

SI7.1.: u1" sct of larg~ il~11lSdS L(3) : 50 

Si7.C or s~l of larg~ jl~msel S L( 4) : 16 

Size of ~Cl of l<lrge il~l11sct s L(5): 

Ik";l rllks 10und: 

I ,\lAI{STAT=Nc\'crtvl<lrried EXPECT=Ncgativc 14 73 ==> l-II V=Ncg:Jli\c I ]X~ e011r:(0.94) 

2. 1\1:\I{STAT=NevcrMarri~cI USECOND=Ncver 1!!V=Negali vc 14 64 ==-> STIIIIST=No 137 1 conI':(0.94) 

.'. Sl ~ '\ Feillak USECOND=Ncver 12R6 ==> ST!HI ST=No 1191 ~onr:(O . lJ3) 

..j i'\'l:\I{ST.A.T=Nevcdvl<llTiecl REASH ERE=PII1nForFullirc 15~2 "==> I!lV =~cgal i\"l: 1406 conl':(0.92) 

5 SI · . .\ =- Ma :c MARSTAT=Ncvedvlarricd STlH IST=No 1626 == 111\' (\cg<lU\C 1496 conf:{O.92) 

6 J.\ PI·:CI"=Ncgalivc 1843 ==> HI V=Negalivc 1695 c0I1I":(0.92 ) 

7 SI''\ =\ 'Iak /"IARSTAT=Nc"crM,nricd EMPLOYr:D=Y~s STI! i 1ST- Nil 1291 ==> HI V=Neg~lI[v~ 11 83 conl":(0.92) 

X. !\ 1·\I{STA.T=Nevcrivlan·icd USECOND=Ncver 1685 => ST111IST=\'u 15-1 2 conf:(O.92) 

I). l iSI ·.c:ONO=Ncvcr J-[I V=Nega[iv~ 20 18 ""=> STII-IIST=No 18-15 \.:onr·(09 1) 

I ll. t ' SI,CON D:-;Ncv~r EX PECT=I)omKnow 1-I IV=N~galivt.'" 1199 =:=> STII II S I"=No 1090 conf: (O 9 1) 

Figure 5. 11 . Output from th e APR lOR I Association Rule Learner for the First Experiment 

APRIORI orders ru les according to their confidence and uses support as a tie-breaker. 

Preceding the rules are the numbers of item sets fou nd for each support size 

considered. By default , APRIORI tries to generate ten ru les . It beg ins with max imum 

support of 100% of the data items and decreases this in steps of 5% (default Oelta) unt il 

there are at least ten ru les with the r~quired minimum confidence, or until the support 

has reached a lower bound of 10%. The minimum confidence is set to 0.9 by defau lt. As 

it is seen from the beg inning of Figure 5.11 , the minimum support decreased to 0.2, or 

20%, befo re the requ ired number of rules could be genera ted which involved a total of 

16 iterations. These parameters were changed by setting the corresponding opt ions. 

The principal options are summarized inTable 5. 23. 
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Table 5. 23 princ ipal options for tile APRtORI association rule learner. 

Option s 

-N < required number of rules > 

-C ,<minimum confidence of a rule> 

-0 <celt.::: ~! ::f l"':i · .~:I-::t ',r; ;.:uPi3.!;: r' 

-M < lower bound for minimum supporl 

Function 

Specify required number of rules 

Specify minimum confidence of a rule 

Spec ify del la ior decrease of minimum support 

Specify lower bound for minimum support 

Now the researcher proceeded by changing these settings in different combination wi th 

. va ryi ng parameters mainly: min imum support, minimum confidence, delta for minimum 

support and number of rules to be generated. The rules were extracted and found to be 

mostly sound by domain expert s. The discuss ions of the results were made on those , 

that domain experts were found to be interested in. 

In the first experiment , all the record s of dataset and all the previously selected 

attributes or ri sk factors including the target attribute [AGE, SEX, MA RSTA T. 

EMPLOYED, REASHERE, US ECOND, ST IH1ST, EXPECT & HIV] were treated with 

defau lt parameters. That is, with minimum support 0.1, minimum confidence 0.9, delta 

0.05, and 10 number of rules. 

The best ru les were obtained after 16 cycles (F igure 5. 11 ). Among the rules found , it 

was seen (Rule #1) that if some one is unmarried and he/she expects negative result 

there is 94 % confidence wi th 27 .97% s'upport that the person's result is HIV negati ve. 

The second rule indicated that if, a person is not married, never use condom and his/her 

HIV test is negative there is 94% confidence with 27.8% support that history of sexually 

transmitted infection (STIHIST) of the client is NO. Rule #4 indicates that for all 

unmarried people whose reason of test is plan for future th ere is 92% confidence with 

28.9% support to be HIV negative 

Similarly, from rule #7, unmarried male (or cl ients) who are employed have 92% 

confidence with 24.51 % support th at their HIV test resu lt will be negative. This was 

found as indication that employment for the men is one factor to reduce th e chance of 

infection. 

• 
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Though there were more rules found with this trail the rest did not sound good to the 

view of the experts and discussion was resumed with other trials. 

Next experimentation was conducted with increasing parameter for number of rules to 

20. On the ::,ecolld ex!-,eriftleni, changing lhe number of ru les to 20, the observed results 

are as follows. The number of cycles performed to attain this was) 7 epochs. Here th e 

additional information that the result showed was: 

If some one is not married, his/her STiHIST is not applicable, and USECONO is also not 

applicable; there is 98% confidence that HIV test is negative. Th e SUppOlt of th is rule is 

16.55%. That means lower number of records relatively exhibits this feature. 

All the above results were observed form experiment done with all the records (records 

with both positive and negative test resu lts) and selected fields including HIV attribute. 

The experiment continued for each class separately . For records with positive results 

first and negative resu lts next. 

For th e HIV positive class, since it is clear that occurrence of any item will have 100% 

confidence to result in HIV Positive class, th e researcher used minimum suppurt to 

contro l the interestingness of the rules. Accord ingly, for the entire attributes including 

the target field (H IV), minimum support was set to 0.3 and only rules that can meet this 

number of records were considered. Figure 5. 12 depicts the output of this experiment. 

With these parameters. th e rules were' .found after 11 epochs. The result showed that 

records whose STI HIST is NO has also shown positive HIV with 75.53% support. That 

means we have 100% confidence that 679 records of the 899 HIV+ total are also NO in 

STIHIST (Rule #1) 
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Minimum ~UppUrl: (l,45 

rviin illluill Ill t.: lr i( <co llfidt;llc~>; 0.9 

Nll tllhl.:r or c)' t: iI.;s p~rf(\rrn t;d: t I 
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SizL' of"ser uf"Lirgc iII.:IllSc\ S L( 2): 10 
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Be$1 ruks foun d: 

I . STt I-lIST=No 679 ==> 11I V=P().\ilivt.: 679 conf:( I) 

2. EX I)ECT=iJon!KnO\\ 6()() ==> IIIV=Posi l ive 600 COIlf:( I ) 

J. SI:X =l-'ernak 5GX ==> HI V=Posiri\L' 568 conl':(l) 

4. EMPI.OYEI)=Ycs -194 = = ':> I-II V=Posil ivt; 494 COIl f:( I) 

5. USECOND=Nc\'ef ·193 ==> 1 II V -= I'o si live 493 cOl1f:( I) 

(l. SI~X = Fl'Il111k STII-! !ST=No ,17() =:=> H!V= Posi li Vt! 476 conl":( 1) 

7. rO~ ;\SI I CR 1 := I -l aclRI~"OrSUSpe(l()rSyrn ploll1s 4 73 ==> H I V=Posi l ;vc 473 conf:( I ) 

S. tvl;\ RSTA T =N(:\'crivlarrid 4(l9 :::=> H IV=Posilivc 469 conf:( 1) 

9. STIII IST=No EXP ECT·= l)ilIlIKnow 464 ==> HI V=Posilin: :.1611 conf:{ I) 

10. E(vl PLO Y EJ)=No 405 ==;... I-II V=POS;I; ve 405 cOll r:( 1 ) 

Figure 5.12 . Output from the APR IORI Association Ru le Learner for only positive records 

The result tells that with 66.74% support whose expectation is "Don 't Know" get HIV+ 

test result. Among 899 HIV positives, 600 don't expect that they are HIV infected or not 

(Rule #2) Th erefore , the experiment has shown that the expectations of tile visitors 

may not have direct implication that the result will be HIV+. Similarly, record s of 

individuals who never use condom have shown more than fifty percent support in the 

HI V+ class. The support of the rule is 54.95% (494 of tota l 899 HIV+) Rule#5 

Just like having reason of future plan in the case of HIV negative, reasons like "had 

" 

ri sk", "suspect partner" and "seen symptoms" are main purpose why people who have 

positive HIV test visit the service . There is 100% confidence and 52.61% support tha t 

"Had Risk or Suspect or Symptoms" is reason for HIV positive class. That is. for all 473 

records out of 899 HIV+ records their reason to visit VCT center is risk related. 

Now the investigation is narrowed to the risk factors alone wi thout including the HIV 

attribute. Here experiments were co nducted for the records with HIV+ value in the target 

field. As seen in the previous expe rime nts, th e total number of records wi th positive 

values is 899. The attributes involved are: AGE, SEX. MARSTA T. EMPLOYED. 

REASHERE. USF' COND. STIHI ST. and EXPECT. 
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Apt" iori 

I'vl ill imulll slI ppon: 0. 1 
Minimum melri\..: <<.:on li<lcnL'c>: 0.9 
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Sizo..: or scI or large ill.:IllSClS L(1) 1:: .' 
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Si!.L' or scI or lllrgo..: il ... ·lllSl:lS L(·I ) 511 

Size OrSCl ofl lll't!c ilo..:lllSo..:lS 1.(5) : 5 

Besl rul es round : 

l. !\GE=Tw~111~ 1"0 I W..:l1 tyi-'Ollt" UvIPLOYED=No STI I-IJ ST=No III ==> SEX=Fcmalt: 105 conf:((J (5) 

2. AGE=T\\'cnt~ ro'l \\' L'IlI~ FOllr DvIPI.OYED=No 138 => SEX=Fcma lc 127 conf:(O.92) 

3. AGE=T\\'t: ltl) Tu'l \\ ... '111) I'out" USECOND=Ne\'cr STIHI ST=No 109 ==> SEX=I\ ':OHl!c 99 COJ1f:(()f) I ) 

4. SEX=FL'1ll:d .... " 1: \I~S I"AI=:-.: .... \ afdllrricd USECOND=Nevcr EXPECT=DonlKno\\' 10 1 ==.; STIIIIST=No 91 (,;0 11 1":(0.9) 

5. :\GE=T\\'cJll~ I-"I\~' J"l, TwL'lllyNlllL' EM PLOYED=No STII-II ST=No 111 ==> SEX=/\;malc 100 t.:Ollf:{O.!J) 

6. SEX =Fe!llak Uvll'LOYED= ), L'S REASHERE=HadRiskOrSuspectOrSymptoms 120 ==> STI IIIST=Nn 108 con f:(O .9) 

Figure 5.13. OUlpul from Ihe APRIORI Association Rule Learner for only posilive records wilhout HIV field . 

As it is observed from the above rules , the algorithm has used some attributes that 

show strong co-occurrence to construct rules . To determine the importance of the above 

rules and the attllbutes used to construct those rules , the association of the attrtbutes 

with the predicates were eva luated based upon comments given by domain experts and 

reports of previous research works. 

Among the visitors of positive test results within the age range of 20-24 who are not 

employed and STI history is NO are also females. Rule #1 shows that there is 

association among these factors with 95% confidence on 111 records out of 899 total 

(12.35%) support. Together with Rule #3 it is also shown that "never use condom" is 

associated with these factors by 91 ~/o confidence . Generalizing the results observed 

(especially Rules # 1, #2, #5 ), it is presented that unemployment for women in the age of 

20's is highly associated with HIV infection. 

From the above rules, it was also observed that marital status (ru le#4 ), co ndom use 

(ru le #3&4 ), and expectation (rule#4) have strong association with sexually transmitted 

infection history. These rules show the co-occurrence of behaviour of cl ients to be 

unmarried , neve r use condom and have no STIH IST. Yet they are infected and they 

don't expect their result to be either positive or negative. This does not disprove that HIV 

infection is related to positive STiHIST but this may be because most of the people 
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respond "NO" even when they do not know their sexually transmitted infection history 

(as commented by domain experts). 

KeepiniJ on narrowing the combination o f ti,ese risk f"ctQr~ . the researcher corductc' 

further experiments with fewer attributes. The next min ing was done omitting the 

attribute "EXPECT". The obtained resu lt was almost similar to the one seen before and 

no new knowledge was recognized from it. So, additional trials were performed further 

with another combinat ion. Here only AGE, SEX. MARSTA T. EMPLOYED, REASHERE, 

USECOND fields were used to mine for another data pattern. With the default 

parameters , only rule wh ich is one of the previously observed was generated. Hence 

another trial was made with 80%.minimum confidence. The association came up with 

best rules after 18 cycles as seen in the Figure 5.14. 
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tl.'linllllU1l1 :'llPP{U'\ () I 
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-I j-:'\ 1 PL< )1'1 ':1)=0,\( , I 'Sr:CONI)=Ncvcr 224 ==> SEX =Fclllak t 92 conf":(O,S6) 

:) i\ 1/\I{S I ,\ 1:00 .\ lal'! k'd 1:!\'IPLOYE D=No t 29 ==> SEX = F<..'Jllntc 110 conf:(O.g5) 

6 SF .\ ==;\1;lk 1\ j,\R S I .\ J "' Nc\I.: rMarricd REASI-IER E== I' la~ R l s kOrSlJSpI'CIOrSYl11plulll-"' 1 1·1 == .... 1: ,\ !!'l( !YE[)-='Y cs 96 conf(O .X4) 

7 :\(j[::' 1 \\c I11~ 10 1 \\C lll:- FOllr 233 ==> SEX= Fclll<l!c 196 cOIlf:{O.8,1) 

g Ei\IP[ ()'d-. D<\{", 1115 ==> SEX=Femak 33 8 conf:((UD) 

t) r: ;-"I PI.OYI 1) = 1'u ]{Et\ SI-IERE= HadR iskOrSuspccIOrSYlllploms I()R ==> S!~'\ :: h:l11a!~ l(lS C\1I1I':(0 .83) 

10. SE.\ =.\lak' !{L,\ "II J:RE= I-ladRis)';OrSuspecl0rSYll1ploIl1S IRS ==> EM PLOYED=Y c., 1:-~ clln f:(0.82) 

Figure 5.14 Output from the APRIORI Association Rule Learner for few selected f,eids 

Only selected rules commented by domain experts are picked up and discussed here. 

Interesting findings identified from this rules were , the association of marita l status and 

gender, employment , reason of the test , and HIV infection. As it was observed in the 

rules #6 , #9 , and #10 , it is emphasized that unemployment was not associated to having 

risk HIV infection for the male group. For instance, it is depicted in rule #6 that if some 
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one is male, unmarried and his reason is having risk, suspecl or symploms there is 84% 

confidence Ihal he is also employed But in the case of female, especially as indicated 

in rule #9, if a record shows unemployed and reason for test is having risk or suspect, or 

symptoms. ~ " ilh 83% confidenco IhAI the clienl is tonmle. 

Another trial was performed with combinat ion of attributes AGE, MARSTAT, 

REASHERE , and USECOND. Figure 5. 15 below shows the output of the association 

rule learner for this set of fields . 
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Figure 5 15 Output from the APRIORI Associa tion Rule Learner for anotller fie lds 

From th e above ru les, it was observed·-that married people whose reason of test is fo r 

future plall , or having risk or su spect or symptom s were found that they never use 

cond om (rule #1 & #3). This associat ion has 75% confidellce and this indicates that 

they have good trust for their spouses but still their test result show HIV+. At the same 

time, same experiment showed that among the in fected people, who say they always 

use cOlldom are with 63% confidence unmarried (ru le #9). These two points show that 

Ihe concern of using condom seems to be more for unmarried person though the 

probability of infection is almost closer for evelY body (married or unmarried) . 
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Experts at the domain area of this research problem have shown their interest to see 

also the relationsh ip between these selected attributes with group of clients whose test 

result is H[V negative. According[y, the researcher committed himself to investigate 

association of these se lected attributes on H[V-negative records. The number of records 

with negative value counted 4368 out of 5267. As a resu lt of the experiment the 

following patterns were observed. 

':'\pn nri 

.\lll1ll11l1l11 supporl: 0.,15 
i"lillilllLlllllllctr ic <con fi dcnce> : 0.9 
Nllinher ofcyck s per fo rmed: 11 
G...:ncrated sets or large itemsets: 
Sil.,· of ~e t or largc ilcillsels L( I): 7 
Sizc of set o j" large it cill sets L(2) : 11 
Sit).' llf SCI of large ilelllscts L(3 ): 5 
Bcst ruks fOllnd: 

! '\l .. \I~ST;\T=Nc"cri"l arrl ed 3526 ==> 1-1J\kNeg<11ive 3516 CllIlf-( 11 
2. S: 1IIIST=No 3 17-1 ==> 1-/1 V=Negativc 3 1711 conf:{ I) 
3. j ' ,\ lPLOYED=Ycs 2758 ==> HI V=Ncgativc 2758 COIlf:( 1) 
-1 . E\ P[CT= DonIKnow 2499 ==> i-IIV=Negali\'c 2499 COI11':( 1) 
5. ~t·\RSTAT=Nevcr!V1 a rried STI HIST=No 2476 ==> H IV=Ncg,Hi vc 2·17() conf:( 1) 
(I, SEX "" tvlale 242 1 ==> HI V=Ncgalive 2421 conf:( 1) 
/, ;\ 'I:\RSTAT=NevcrMarri ed EM PLOYED=Ycs 22 J 7 => !-IIV=Ncgali\ 0.: 2217 (Onr:( J) 
S. E.\II'LO'{ED=Ycs STIHI ST=No 2 103 ==> H1V=Ncgali vc 2103 conf: ( l ) 
(J. SI .'\=I\'I,11c MAI{STAT=NcverMarricd 2041 ==> HIV=Ncg,H i\c 20:11 Cll11f:( I) 
Ill. l 'SIT ON D=Nc\'cr 20 18 ==> i-II V=Ncgalive 20 18 con!':( I) 

Figure 5. 16 Output from the APRIOR I Association Rule Learner for HIV negative instances 

With default parameters the result was fou nd to be of no much new information. Only 

rules with very few item sets that do not.give any insight to the data were observed. But 

this experiment showed that among the clients whose test resu lts are negative, with 

80.72% support they were found to be unmarried pe rson. From the experiment we have 

100% confidence to say this fa ct ho lds true with the mentioned support . This indicates 

that majority of VeT clients (especia[[y with H[V-negative) are unmarried community. 

The researcher took another option in order to get association for many factors . The 

option taken was increasing the number of ru les to 100 with 90% minimum confidence 

and 20% minimum support . As a result of this a long list of ru les (99 ru les) was 
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generated among wh ich only some mean ingful , sounding rules were taken and 
discussed. 

One of th e important finding s noticed here is new insight about ri sk fee li ng of the cl ients 
and HIV test result. Previously it was known that the clients whose reason for test is 
plan for future are associated wi th HIV-negative class . This truth has also been verified 
with experiment too, as pointed out ea rl ier. But here at this stage of the research , 
another interesting finding (thoug h may not sound good) was observed . The experiment 
disclosed that peop le whose reason for te st is having risk , suspect or symptoms is also 
associated to HIV negative result with a promising evidence. With 36.33% SUppOlt of the 
records and 100% confidence, people having such risky feelings were found to be 
seronegative. Thi s was additional previously hidden information that domain experts 
were impressed to here about. They confessed that it helps counsellors to tel l the 
clients with full evidence that a person who has risky perception of oneself has better 
chance to be un infected. 

Upon efforts made to study the association of the ri sk factors excluding the target class 
(HIV field ), it was seen poss ible to come up with furthe r hidden knowledge. Figure 5.17 
displays output of one of the selected attributes checked. 
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Figure 5 17 Output from the APRIORI Association Rule Learner for few fields of HIV negative instances 

Among the many, one of the rules that sounded good was the relations exhibited among 
age, reason, and marital status of the cllstomers (ru le #4). It was observed that people 
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whose age is between twenty and twenty four, and who come for a reason of having risk 
or suspect, or symptoms are also not married. This was observed with 92% confidence 
that these factors are associated wi th 13.24% support . Th erefore, association of these 
factors rel'e8!ed that bell'Jee!1 the ,specifieri aues. i: a person if: not (:),'ilril,j the re is hig.'; 
chance that he/she had risk, or suspect or symptoms while the test result may still be 
negative. 

The ove rall process of thi s resear1 made by emploYi ng both decision tree and 
association techniques demonstratef that data mining is a method that shou ld be 
cons idered in HIV/AIDS prevention a~d control activities. From the results obtained, It 
can be generalized that the HI V risk factors ca n be experimentally recognized and their 
co-occu rrence be investigated by using VeT dataset organized by service providers . 

... 
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CHAPTER SIX 

6. SUMMARY, CONCLUSION AND RECOMMENDATIONS 

6.1. Summary and Conclusion 

Since the past few decades, the world is moving through tremendous technological 

transformations which hugely affected the way people live and work . The power of 

information is duly recognized and information and communication technology 

flourished in a bid to manage this highly valued asset. Management Information 

Systems, Health Information Systems, Geographic Information Systems, Data Mining 

Technology, Artificial Intell igence, etc, are the core ones to be mentioned. 

Computer Science has played a major role in this wave of changes. Some of its fi elds , 

Data Mining and Artificial Intelligence, have helped some previously unthinkable things 

materialize. Knowledge Discovery from Database (KDD) is one from the all set. KDD 

has emerged in recent yea rs in order to bridge the gap of ana lysing large volume of 

data and extracting useful information emu knowledge for decision making. 

The applicat ion of data mining technology has increas ingly become very popular and 

proved to be relevant for many sectors such as reta il trade, health, telecommunications, 

and banking. Especially in health sector, data mining technology has been applied for 

patient survival analysis, diagnosis , for outcomes measurement, to improve patient 

treatment and decision making , etc. " 

Th is paper reports on a resea rch th at was set to explo re the possible application of data 

mining technology in HIV/AIDS intervention in Ethiopian context , by using VCT data of 

CDC to identify determinant risk factors and assess th eir associations. The reported 

resul ts are significant to CDC and other similar organizat ions for one major reason; the 

study involved a rea l life problem That means the data used and the requirements set 

correspond to real problem . 

The methodology employed consisted of three bas ic steps; data co llection, data 

preparation, model build ing and testing. But, just like what any data mining project may 



encou nter, th e steps were not strictly followed linearly. Th ere were times where th! research was forced to go back and forth between different steps in order to accomplisr the project. Hence more than 65% of the total time allocated for the research was consum80 by data col,ecliull and preparation . 

The problem definit ion of the research was based on the accumulat ion and existence of huge amount of HIV related data and high demand of understanding and analyzing the data at the selected area. And also the HIV case demanded insight understanding of related factors. Following problem definition , defining data mining function was also one phase in the process. The data mining function of the study was defined to be mining association ru les. But determinant risk factors were identified using decision tree classificat ion. The other tasks performed during the process were feature select ion and transforming the data. A total data set of 5267 VCT records were used. 
The experimentation part was two phase act ivity. In the first part, decision tree classifier was bu ilt by using KnowiedgeSTUDIO software in order to identify frontier ri sk factors that have high discrimination power of classifying into HIV positive and HIV negative. Several classifi ers were built and only those with high performance as checked by unseen data were selected. Accordingly, attributes "AGE': "SEX", "MARSTAT': "EMPLOYEO" "REA SHERE", "USEOONO': ''STiHIS T'', "EXPECT" were identified as determinant factors to discriminate VCT clien ts as positi ve and negative test result. The selection was done experimentally and supported by domain experts. 

During the second phase of the experiment, WEKA Tool was used to mine and generate association rules for the identified risk factors. This has also involved add it iona l preprocessing activities to reform the data that is suitable to WEKA software. A number of rules were generated and some that introduced new and meaningful information were discussed. Various associat ion options/parameters were used to control the interesti ngness of the rules. 

In general, encouraging results were obtained from activities and the fi ndings were appreciated for their importance. To point out some of these: 
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One 0 f the important finding in this re~ea rch recogn ized as new knowledge was that 
people who sometimes use condom have 3% worse chance th an even those who never 
use. Among the cl ients who say using condom is not applica ble, in average 15% of 

This new information has a public domain importance. 

Va riations in HIV infection among the unemployed especially in female was observed 
·pronounced. This identification was also believed to assist govemment and pol icy 
makers in activities of HIV/A IDS intervention . The research had also proved the earlier 
understanding that women commit themselves to unsafe sexual practice for materia l 
benefit. 

Proved that, 98.86% of peoples who previously known th ei r seropositive status have 
confirmed exactly. This was recognized as an indication for the perfection of the HIV 
test service. 

As encouraging feedback, 9907% of the people who had used VCT service previously 
are much benefited and have strong stack to take care of themselves from ways that 
leads to HIV infection and realized consistent use of the service is worthwhile . 

The experiment disclosed that people whose reason for test is having risk, suspect or 
symptoms is also associated to HIV negative result with a promising evidence. With 
36 .33% support of the records and 100% confidence, people having such risky feelings 
were found to be seronegative. ..' 

Observed that, above 75% of the data is co llected from unmarried people. The 
implication of this figure is that unmarried individuals are concerned about HIV case 
than others and get benefits of VCT. Bu t in contrary, the ration of people infected wi th 
HIV ass een f rom th e result is very small in unmarried group. The probability is only 
11.61 % wh ich is much smaller than the general probability (17.06%). 

In conclud ing the report , the result obtained from the stud y can be considered as 
satisfactory and the research work has proved the potential applicability of data mining 
technology to identify determinant risk factors and assess their associat ion. The resu lt 
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has wide advantage in broadening the genera l understand ing about HIV infection for th e society, health professionals, government and policy makers at large. 

6.2. Recommendations 

This experimental research work has verified the potential appl icability of data min ing technology to investigate HIV risk factors and their association ba sed on the available data of VCT clients. Thus, based on the findings of this research work, the researcher wou ld like to make the following recommendations particularly in re lation to the possible application of data mining technology in support ing HIV/A IDS prevention and control activities aimed at reducing HIV related problems. 

In the process of this research work , it was lea rnt that more research and development efforts needs to be conducted to enable th e full exploitation of data mining technology in the health sector of this country. In particular, the following areas were identified as deserving further research work: 

1. In th is research work, an attempt has been made to assess the applicabi lity of data mining technology to find association rules for ri sk factors by using some set of va riables that were considered important by experts. For a number of other variables, however, it remains to investigate further the effect of those variables to study with better accuracy and performance than the findings of this research work. 

2. It is indeed very important to assess. the applicability of data mining techniques in studying risk factors behaviour by using client datasets gathered from different health centres than only VCT dttaset. This in turn would help to compare the resu lts obta ined with those VCT datasets tp the resu lts obtained using non-VCT datasets like blood dOllors ANC data sets. 

3. Since this study has used a small percentage of th e two years VCT dataset to pursue the investigation, it is appropriate to work on comprehensive study by large datasets taken from the main database of the CDC. 
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4. Although encouraging results were 0 btained in th is r esearch work, the researcher 
had experienced serious shortage of time to make some more trials to build and test 
more accurate and better performing classifiers. The researcher has noted th at the 
accuracv 1':·t0 tt:::tCc fo i ncrC8~e if') 2 rlc~j:0 :': 2 level \Nith ~;:or0. ()~Kl :~.:)re tri;J:s cf \­
different combinations of the va riables. It is therefore, recommended that more time 
should be allocated to build and eva luates models with a desirable level of accu racy . 

. 5. More evaluation should be conducted particu larly to assess whether ru les qualify as 
a hypothesis for conventiona l research activities. 

6. The possibility of incorporating the findings of this study in another (and operational) 
application should be explored. 
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