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ABSTRACT

Despite a great deal of efforts, the world stilsh@ither a cure nor a vaccine for HIV/AIDS
infection. Millions of people have been sufferingprh this incurable disease. Fortunately,
researchers have become successful in prolongidgiraproving the quality of life of those
infected with HIV. Nonetheless, it has become iasiegly clear that preventing the transmission
and the acquisition of HIV through educating pedplédring about behavioral changes should be
the focus.

The widely and freely available voluntary counsglend testing center (VCT) in Addis Ababa
which provides an enormous role in counseling, miimy and checking clients HIV status
through the clinical laboratory test. In line withis, the center has been collecting client’s
information or records for further investigationtlviconfidentiality. The record consists of many
attribute that may have a direct or indirect impaith HIV infection. Moreover, identifying HIV
infection risk factors or determinate variablesvies benefits at different level of the society
(such as individual, community and organizatioeakl).

The benefit not yet known by the client rather tilnganization keeps their records after they got
tested. To this end, great efforts have been nadevelop models to identify HIV infection risk
factor using data mining technology.

This research is initiated to identify the deteramnrisk factors of HIV infection by developing
predictive models to support voluntary counsellmgl testing service of African AIDS Initiatives
international (AAIl) provided at Addis Ababa Unig#ly and its surrounding.

The six steps hybrid methodology has been follofagdpredictive HIV infection risk factors
modeling among selected attributes. Three classifios techniques such as Decision tree J48,
PART and SMO algorithms were experimented for bngdand evaluating the models.

Before experimentation data pre-processing taskbeas performed to remove outliers, fill in
missing values, and select best attributes, digetein and transformation of data. The pre-
processing phases took considerable time of thik.wbtotal of 15,396 VCT client records have
been used for training the models, while a sepa8d1®€0 records were used for testing their
performance. The model developed using the PAR®riiign has shown the best classification
accuracy of 96.7%. The model has been evaluatetieotesting dataset and scores a prediction
accuracy of 95.8%. The results of this study havews that the data mining techniques were
valuable for predicting HIV infection risk factordence, future research directions are forwarded
to come up applicable solutions in the area ofsthdy.
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CHAPTER ONE
INTRODUCTION

1.1. Background of the Study

Despite a great deal of efforts, the world stilk haeither a cure nor a vaccine to HIV/AIDS
(Human Immunodeficiency Virus/Acquired Immune Dedicy Syndrome) infection. Millions of
people are suffering from this incurable diseaBertunately, researchers have become successful
in prolonging and improving the quality of life those infected with HIV. Nonetheless, it has
become increasingly clear that preventing the traésion and the acquisition of HIV through
educating people to bring about behavioral chasgesld be the focus (UNAIDS, 2010).

Although the United Nations Aids Department (UNAIBAs reported that the HIV prevalence is
leveling off and there is a fall in the numbersnaw infections globally (UNAIDS, 2010), it
remains one of the leading obstacles to healthgamth of developing countries. There are still a
huge number of people infected and affected by HINor instance, in 2009, there were an
estimated 2.6 million people who became newly it@dcwith HIV. The incidence of HIV
infection declined by 19% between 1999 and 200%allg; the decline exceeded 25% in 33
countries, including 22 countries in sub-SaharamicAf However, it was also reported that
HIV/AIDS has become the leading cause of deathénvtorld (UNAIDS, 2010).

Ethiopia is one of the Sub-Saharan African coestrnost severely affected by the HIV/AIDS
pandemic. Currently, the national adult prevalerate is estimated at 2.3 percent and an estimated
number of 1.2 million people are living with HIV/BE , an estimated 67,000 people lost their
lives due to AIDS at the end of 2007 (UNAIDS/WH@1D). The Federal HIV/AIDS prevention
and control office also report that young womenenmearticularly vulnerable to HIV infection as
compared to young men. Among women aged 15-19 @fth2for example, 0.7 and 1.7 percent,
respectively, were HIV-infected, while the figum@ fmen in the same age categories showed that
only 0.1 and 0.4, respectively, were infected (FOHRE/AIDS PC, 2010).

Despite the overwhelming challenges, the GovernnodénEthiopia is making efforts towards
containing the epidemic and mitigating the impalcHOV/AIDS through an intensified national

response in a comprehensive and accelerated manner.
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To this end, huge effort had been made to builditi@ementation capacity, especially in the
health sector, in areas of human resource develoipreigée expansion and construction of health
facilities. There are various non- profit organiaas that have the mission of preventing HIV
infection, improve care and support and build capdo address the global HIV/AIDS pandemic.
Among them, African AIDS Initiative InternationalAAQIll) is the leading international
organization founded on April 2001 officially by @ping a regional office in Addis Ababa,
Ethiopia (LLGP, 2007).

The office plays an enormous role in preventing sipeead of HIV/ AIDS in the university
community, in this regard, the statistics aboutwary Counseled and Tested (VCT) service of
AAU indicates that the number of treatment seeland counseling test services has highly
increased and currently estimated 18,800 clients kaken the service. Based on a recent research
report of Nigatu and Seman (2011) out of the to&spondents, 47.2% had been tested for
HIV/AIDS and more than 80% had ingress to take \&efivice for HIV/AIDS.

Additionally, the attitudes and practices of thddfs Ababa University community towards HIV
prevalence has been exposed by the risk factolsasisex, previous place of residence, religious
participation, pornographic film show, alcohol ik¢éa chat chewing, and Cigarette smoking. A
comprehensive approach to prevent HIV includesgtorg an opportunity for people to participate
in VCT service (Nigatu and Seman , 2011). Besidamseling and testing service, it is best to
investigate the degree of association between itlefactor mentioned above which is equally

important in eradicating HIV infection.

1.1.1.Data Mining and Health care
Widespread use of medical information systems axmlosive growth of medical databases

require traditional manual data analysis to be mwith methods for efficient computer-assisted
analysis (Larvac, 1998). Extensive amounts of dmtthered in health care databases require
specialized tools for storing and accessing datagdéta analysis, and for effective use of data. It
has been estimated that an acute care hospitatemeyrate five terabytes of data a year (Fayyad et
al., 1996). The ability to use these data to ektusmeful information for quality health care is

crucial.



Although human decision-making is often optimalsipoor when there are huge amounts of data
to be classified; efficiency and accuracy of derisidecrease when humans are put into stress and
immense work (Eapen , 2004). Prather et al. (20@Dbte that there are only a few tools to
evaluate and analyze clinical data after it hambesptured and stored. The researcher further
stated that evaluation of stored clinical data miglad to the discovery of trends and patterns
hidden within the data that could significantly anbe our understanding of disease progression
and management.

The traditional method of turning data into knowdedelies on manual analysis and interpretation
(Fayyad et al., 1996). Prather et al. (2001) arghatito evaluate and analyze data stored in large
databases, new techniques and methods are neededrtt large quantities of data, to discover
new patterns and relationships hidden in the data. due to these challenges of searching for
knowledge of relational databases and our inakiditinterpret and digest these data as readily as
they are accumulated, which has created a neea f@w generation of tools and techniques for
automated and intelligent database analysis. Coesgly, the discipline of knowledge discovery

in databases (KDD), which deals with the studyuafhstools and techniques, has evolved into an

important active area of research (Raghavan e2@02).

Data mining is one among the most important steghe knowledge discovery process. It can be
considered the heart of the KDD process. This éatea, which deals with the application of
intelligent algorithms to get useful patterns frtime data (Eapen, 2004). It is a new generation of
computerized methods for extracting previously wvkn, valid, and actionable information from
large volume of database and then using this irdtion to make critical decision (Cabena et al.,
1998). Hence, it is better to explore the relevaoté¢his technology to any organization that
performs health-related activity.

There are various techniques and tools of datangithiat help researcher in exploring the benefit
of data mining in various sectors. Data mining teghes can be broadly classified based on what
they can do, namely description and visualizat@association and clustering; and classification
and estimation, which is predictive modeling. Pcéde modeling can be used to identify patterns,

which can then be used to predict the odds of facpéar outcome based upon the observed data.
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Rule induction is the process of extracting usefithen rules from data based on statistical
significance. A decision tree is a tree-shapedctire that visually describes a set of rules that
caused a decision to be made. For example, it e determine the factors that affect kidney
transplant survival rates and the nearest-neighhethod (DMSHO, 2011). Each of these

techniques analyzes data in different ways.

In addition to data mining technique mentioned a&j)owost data mining tools can be classified
into one of three categories: traditional data ngntools, dashboards, and text-mining tools
(Silltow, 2006). According to Kon and Geraled (2DQ@bere is vast potential for data mining
applications in healthcare. Generally, these canghmiped as the evaluation of treatment
effectiveness; management of health care; custoeh@ionship management; detection of fraud

and abuse; and the identification of risk fact@soziated with the disease.

1.2. Statement of the Problem

The costs of fatalities and severity due to HIND&I have a tremendous impact on societal well-
being and socioeconomic development. HIV/ADIS isoag the leading causes of death
worldwide, causing an estimated 1.8 million degibs year (UNAIDS, 2010). According to the
report of the second round HIV/AIDS Behavioral Stillance Survey in Ethiopia, it was found
out that around 9.9 percent of the in-school yquth6 % of males and 5.3 % of females) had
sexual experience (BSS, 2005). Nigatu and Semadlj2@h their research reported that
HIV/AIDS is affecting young members of the socistespecially adolescents between the age of

15 to 24 and proved that these age groups wereralite and at risk of the disease.

A number of studies have also shown that AIDS hagressively been on the increase and
constitutes a big problem among college and unityestudents, although the extent of the
problem is relatively unknown (Abdinasir and Seetay, 2002; Elias, 2009; Tefera, Challi and
Yoseph, 2004.; Teka, 1993; Getinet, 2009; AAIl, @0Evidence showed that most sexual risk
behaviors among college and university studentshirtigqve been acquired through a period of
campus life (Teka, 1993). This may be due to tleedf independence, away from parental control,

that often characterizes such a setting.



University students are often viewed as beinggtt hisk for HIV infection due to their propensity
to engage in exploratory behavior and their needpéer social approval and false sense of non-
vulnerability (Beyene, Solomon and Yared, 1997).

A number of factors contribute to the cause of Ktikéction such as economic, social, behavioral,
environmental, educational and health related facfdNigatu and Seman , 2011). Among these
there are variable or attribute that have triviad aon-trivial role in causing a client being irtfedt
with HIV. Hence, categorizing and/or predicting Hivection risk factor of attribute or variable
that have causal relation or pattern from voluntawynseling and testing data is very crucial for

organizations who are investing large amounts afeyan preventing and controlling HIV/AIDS.

In attaining its objective, AAIll collects daily, anthly, quarterly and yearly health-related
statistics of the university community (LLGP, 200lf)analyzes the available data with traditional
statistical tools or technique alone is not enofggthealth professional, planner and policy maker
to identify major determinant risk factors for Hinection and transmission. As Plate et al. (1997)
indicated that traditional method of data analyls&és limited capacity to discover new and
unanticipated patterns and relationship that adgldn in conventional databases. Identifying
patterns of attribute or risk factors of HIV infext is difficult because the dataset contains or
involves too many attribute or parameter. So stglythe patterns of the attribute that have

relationship among each other rather than listregnaore crucial.

To the knowledge of the researcher, no attemptbleas made using rule induction and support
vector machine classification technique to identifie determinant factor of HIV infection.
Moreover, this work has been the first attempt\val@ate the applicability of DM for predicting
HIV infection risk factor in higher education irtstiions. Last not least, three unique variables
(Category, campus and Year of the student) have bsed as an additional attributes for analysis

of the experimentation that was not used in thgipus studies.

Therefore, the purpose of this study is to invedgghe underlying determinant risk factors of HIV
infection from the available VCT data using datanimg techniques. To this end, it has been

attempted to obtain answer for the following resbajuestions:



 What are the main determinate risk factors (attebuof Voluntary counseled and
tested client records that cause HIV infection he tAddis Ababa University
community and their surroundings?

* What are the most interesting patterns or ruleeigeed/predicted to determinate risk
factor for HIV infection that can be used as a eanfsHIV /AIDS.

e To what degree (accuracy level) the determinatke f@stor for HIV infection be
determined by applying data mining.

1.3. Objectives of the Study

1.3.1.General Objective
The general objective of this study is to applyadatining technology to identify and predict the

major risk factor of HIV infection using VCT recardoy developing a model that can support

counseling and testing service provider, policy erakand planners.

1.3.2.Specific Objectives
For the realization of the general objective stabdve, the following specific objectives have
been formulated.

» To review the literature on DM technology and thapplication in the Health care
Industry particularly in HIVAIDS for the purpose gétting information that will help in
this research

» To prepare the data for analysis and model buildiygcleaning and transforming the data
into a format suitable for the selected DM algorith

» To identify the features of risk factor for HIV mdtion, and select the appropriate
classification algorithms to be used based onytpe of data and objectives of the study

» To train and develop a classification model thaipsut in predicting HIV infection risk
factor

» To test and compare the resulting performances hef dlassification models and
recommend the overall best results of the clasdio models.

= To report findings of the result and forward recoemahation for further research.



1.4. Research Methodology

According to Smolander et al. (1990) a method carcdnsidered as a predefined and organized
collection of techniques and a set of rules whieltesby whom, in what order, and in what way the
techniques are used to achieve or maintain somecigs.The DM process model describes
procedures that are performed in each of its tBphong et al. 2009). It is primarily used to plan

work through, and reduce the cost of any giveregto

1.4.1.Research Design

This research is designed to identify the deterteimzk factor of HIV infection. To explore the
application of data mining on this particular resbahybrid (Ciso.et al) data mining methodology
was employed. This model was developed, by adogtiegCRISP-DM model to the needs of
academic research community (Fayyad, 1996). Urtliee CRISP-DM process model, which is
fully industrial, the hybrid process model is baitademic and industrial. Additionally, it extends

it functionality in to research oriented descriptiof the steps; incorporating DM step instead of
the modeling step, and increasing number iteratimong steps to make the research process

more complete or to come up with explicit feedbamchanisms.

Ciso.et al involves sixth iterative process or sterluding: understanding the problem domain,
understanding of the data, preparation of the dddésa mining, evaluation of the discovered

knowledge, and use of the discovered knowledges gfegte, 2000).

As depicted in figure 1.1 to determine HIV infextirisk factor form VCT dataset data mining
tools is not the only tools that we require insteaview of literature(conceptual and theoretical)
be done. Moreover, we need to understand the sydfeah contain the initial data and other
intermediate data processing tools and techni§ueh as MS Excel and Epi Info software to
transfer and Pre-process the data for actuaicgpipin of data mining task using Hybrid data

mining model. The researcher tries to discuss steghin details below.
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Figure 1. 1 Diagrammatic Skeleton of overall €ssh Methodology and Design

1.4.1.1. Understanding of the problem domain

The primary task of the researcher in knowledgealiery process is a close look of the problem
domain. To identify, define, understand and forrteiléhe problem domain (VCT service
problems), various data collection methods were useuding: interview, observation, document
analysis. In-depth interview has been conductell datmain expert to determine attribute feature
selection and understand some complex busineseg®0As a result of insight gained knowledge
of the domain data mining problem is defined. Fertldatabases such as VCT data, major service
AAIll provides and HIV/AIDS related policy and redat issue are consulted to gather the pertinent

data for the present research.

The main purpose of the AAIl VCT centers is to s#lve life of the university community and
surrounding particularly the industrious people imtigating the prevalence of HIV/AIDS

through establishing a permanent VCT center itheampus and surroundings.



1.4.1.2. Understanding the VCT data

Once the problem to be addressed is understooahetktestep is analyzing and understanding the
data itself. Because, the end result of knowledgeogtery process heavily depends on the quality
and quantity of available data (Cios et al., 2007this phase, the original data collected fos thi
research should be described briefly. Its desompincludes listing out attributes with their

respective values, missing and outlier and evaloadf their importance to the research goal.

Additionally, careful analysis of the data andstsucture is done together with domain experts by
evaluating the relationships of the data with thebfem at hand and the DM tasks to be

performed.

1.4.1.3. Preparation of the data
This is the most crucial phases in which the sicoéshe entire knowledge discovery process

depends. It usually consumes much of the entirearel effort. In this phase, the final dataset is
also constructed from the initial raw data. Dataparration tasks were performed in iterative ways.
The major tasks include: description of data sarcarrying out statistical summary measure,
finding out distinct value, filling missing valuesputlier and noisy data and data
transformation/reduction activities were also utalan in this phase. Additionally, feature /
attribute construction was also made too. The reBeadecides, together with domain experts, the
data with respective attribute that is used astifgonuapplying the DM techniquesde Appendix 2)

Data cleaning (or data cleansing) routines wasieggb fill in missing values (with the most
frequented or modal value), smooth out noise (lmgongng the record), and detect outliers (by
removing or substituting with moral values) in tth@ta. To support the preprocessing tasks, the
researcher used WEKA 3.7.5 to normalize and torfiising value with modal value. It also helps

to train the selected algorithms with training séergnd testing case.

1.4.1.4. Data mining
The prerequisite for the application of data minmegearch goal is preprocessing task. Besides,

better understanding and preparation of data resudt good selection of data mining methods



otherwise it leads the miner to incorrect decigiéayyad, 1996). So this step is all about selecting

appropriate data mining methods based on the @seajectives.

The use of DM to gain knowledge discovery regulksiin the data and not just predictions has
been common (Witten and Frank, 2000). We can utatedsfrom the objectives of the research,
gaining knowledge and discovering patterns thaseadiV infection within VCT data is certainly
the purpose of the study. Consequently, a claasific technique particularly decision tree, rule
induction and support vector machine technique®welected and used for prediction of the HIV
infection risk factor. The researcher selected anégsification technique because the research
dataset has clear and simplified labeled classtrBoning and implementation purpose J48, PART

and SMO algorithms were used respectively.

1.4.1.5. Analysis and Evaluation of the discovedeknowledge

In data mining evaluation has two primary functioRsimarily, it helps to predict how well the
final model will work in the future. Secondly, euation is an integral part of many learning
methods and helps to explore the model that bpse¢sents the training data. According to Ciso et
al. (2007) the novelty and interestingness of tloelels are evaluated with the agreement of the

researcher and domain expert.

The different classification models developed iis tiesearch were evaluated using a test dataset
based on their classification accuracy. In the otherd evaluation of the performance of the
classifier is also made in terms of different candn matrices (True Positive Rate (TPR), False
Positive Rate (FPR), True Negative Rate (TNR), &&lggative Rate (FNR), Relative Operating
Characteristics (ROC)), the number of correctlssitied instances, number of leaves and the size

of the trees, execution time.

Furthermore, models can be compared with respethdis speed, robustness, scalability, and
interpretability which may have an influence on thedel (Kantardzic, 2003). The confusion

matrix of the classifier model was analyzed in teiwhthe following variables in Table 1.1
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Table 1. 1 Sample summary of Confusion Matrixhaf inodel

Predicted the status of
HIV infection
Total
Negative | Positive
Actual HIV Status Negative| TN FP TN + FP
Positive FN TP TP + FN
Total TN+FN | FP+ TP TN+ FP +FN+ TR

Key: TN = True Negative FP= False Positive FN= &&esitive TP= True Positive

Contextually what each variable stands for is dtat® follows, TN: The number of HIV negative
clients that are classified as negative. FN: Thalmer of HIV positive clients that are classified as
negative. TP: The number of HIV positive clierttattare classified as positive. FP: The number
of HIV negative clients that are classified as pwsi FP + TN: The total number of actual HIV
negative clients. TP + FN: The total number of altjuHIV positive clients. TN + FN: The total
number of predicted HIV negative clients. FP+ TReTotal number of predicted HIV positive
clients. TN + FP + FN + TP: The total number ofcikents.

The performance of the experiments is measurdgkifidllowing manner as depicted below:

Sensitivity (TPR): indicated by the proportion of HIV positickents that are correctly classified
as positive i.e. TPR=TP/ TP + FN

Specificity (TNR): The proportion of HIV negative clients trae correctly classified as negative.
TNR= TN/ TN+FN

False Negative Rat€FNR): The proportion of HIV positive clients that areareously classified
as negative i.e. FNR=4TPR or FNR = FN/ TP + FN hence, the sum of TPRspkPR
equals 1.
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Correctly Classified Instances (Accuracy):To compute the proportion of clients those are
correctly classified using this formula i.&ccuracy = (TP + TN) / (TN + FP + FN + TP)

Similarly, Incorrectly Classified Instances (Err®ate): The proportion of clients that are
incorrectly classified. Error Rate = (FP + FNYN(+ FP + FN + TP).

Furthermore we can also compute the effectiveneds#iciency of the model in terms of recall
and precision. As a result, recall can be compidgedoth positive and negative classes. So the
formula of the recall for negative class be TN/TNFP and for positive class TP/ TP+FN.
Similarly to compute the perception of the mode tbllowing formula be used for negative and
positive class respectively, TN/ TN + FN and TPA+HP.

Besides, this research plans to use the followiethodology to develop data mining model that

determines the risk factor for HIV infection.

1.4.2.Literature review
An in depth literature review is conducted byereking of books, journal articles, conference

paper and the internet get more insight to theephof data mining and its application, especially

in health related areas.

1.4.3. Data identification, collection and preparation

The primary source of data to conduct this reseaahvoluntary counseled and tested database of
AAIl which contains more than 18,800 records. M tend, the data are collected and arranged
into new database to make it suitable for the erpant and for the selected data mining tools.

Therefore, a new database was prepared by analimngpllected data using preprocessing tasks

like data cleaning and reduction.

1.4.4.Model building

As indicated in the research objective the researcised data mining technique to develop a
model that identify determinant and predict ris&téas for HIV infection. So, in the experimental

part predictive models has been developed by usiegselected data mining technique. The
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research was conducted with three selected tecbsigfidata mining. Finally, a comparison of

them was made to get a reasonable accuracy.

1.4.5.Tools and Software

The following tools and application software haweeb used to accomplish the research process:
WEKA 3.7.5 data mining tools Based on the prior knowledge of the researcherthan
applicability of the tools for the purpose and fyemvailability of the software made the researcher

to use the tools to build analysis and evaluatartbdel being developed for research goal.

Ms-Excel: it was used for data preparation, pre-processmy analysis task because it has the
capability of filtering attribute with differénvalues. Besides, it is a very important appicarat
software to make ready the data and easily comerof the file.

Ms-word and Ms Power point It is a known fact that the final report documenprepared with
word and for presentation purpose preparing slgdenévitable. So the use of power point is

mandatory.

Epi info: this is standard software that used to handl#étheslated data. As a result, AAll handles
its VCT data with it. So to pre-process the orig@a found from it the researcher employed this

software specifically to calculate missing valud aetect outlier.

1.5. Scope and Limitation of the Study

The main aim of this research is to find out thpligpbility of DM for determining and predicting
HIV infection risk factor in the VCT provider cemten Addis Ababa. This research focuses only
on client records of Addis Ababa University (AAWramunity and its surrounding (Arada sub-
city) for the reason that university community i®n@ exposed to those places to HIV/AIDS.
Specifically, 15,396 records of data for knowledijgcovery are obtained from the African AIDS
Initiatives International (AAlI).

The dataset of AAIl also contains other higher ediion institution’s client records. However, it is
not included in this research. Among the 63 attebu20 of them are used in experimentation,

which are selected by the domain experts.
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In this study, we evaluated three classificatiahteques to develop a prediction model to identify

major determinant risk factors for HIV infection.

1.6. Significance of the Study

Though the primary goal and initiatives of thiseash has been for academic exercise, the

findings of this research can ultimately use inwas areas.

The organization (both AAIl and AAU) may use thegictive model to determine risk factor of
HIV infection based on the available VCT data amdlerstand the potential of each variable
towards causing HIV infection in higher educationastitutes particularly in Addis Ababa
University. This helps to design and develop sgiete for the efforts towards struggling against
HIV/AIDS care, control and prevention program. fhiecs end, the organization protects and save

the lives of thousands of peoples.

The government, Ministry of Health, Ministry of edhtion, the university management and policy
maker can also use the output of the researctdasision support for formulating policy related to

HIV care, control and prevention Program in higb@ucation institutes.

The research also gave opportunity for utilizatodn health care data particularly VCT test data
that is stored for no purpose , and the modetidped also enables less qualified data manger
or health professional staff assigned to perfone task of determining and managing HIV
infection more accurately and confidently and lssbjectively.

Last not least, the output of the research alsdriborte to understanding of the theoretical views
and practical problems in the design and implentmmtaf VCT programs and invite interested

researchers to explore more in related and sirarkas.
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1.7. Organization of Thesis

The research report in this study has six chapidrs.first chapter deals with the basic overview
including background, statement of the problemecidye, scope of the study, methodology and
thesis organization.

In the second chapter critical literature review whichlinies review of national and global
research and trend of HIV/AIDS in higher educatiddefinition , benefit of VCT services has

been discussed.

In the third chapters review of data mining literas was presented. Definition, evolution, types,
application of data mining in different domain aeaas discussed. Review of related work
particularly application of data mining in healtheaector especially with the issue of HIV/AIDS
was discussed here.

The fourth Chapter deals with data preprocessisgstaln this chapter how the major data
preprocessing tasks were applied to the currerst dare shown. Data cleaning, reduction and
preparation of dataset to be used as input forigtreel model.

The fifth chapter deals with experimentations agglitt interpretations. In this chapter building of
model with training dataset and validating theulewith testing datasets ,and interpretation of
the result of the experimentation were the majaorceon. Finally, a comparison of the algorithms

used for reasonable accuracy was made.

In the sixth chapter conclusions and recommendsiticare presented
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CHAPTER TWO
HIV/AIDS AND CURRENT RESEARCH OUTPUT

Under this chapter attempt has been made to preseaview of the literature and trends of
HIV/AIDS globally as well as locally, overview, press and benefit review of voluntary
counseling and testing (VCT) services in Ethiogialso made. Lastly, application of data mining
in healthcare particularly in HIV/AIDS is thoroughlreviewed. These help a great deal in

understanding the domain area where data minigntdogy is going to be used.

2.1. Overview of HIV/AIDS

HIV, the virus that causes AIDS (Acquired Immunadehcy Syndrome) (UNAIDSb., 2010) has
become one of the world’s most serious healthiadt development challenges. The first cases
were reported in 1981 (AIDS, n.d.). Since thee,disease has spread rapidly across the globe; in
2010 sub-Saharan Africa was the most HIV infectglan in the world with nearly 22.9 million
(67%) people living with HIV in the world which isearly two-thirds of the global burden
[UNAIDSa ,2011).In Africa as a whole, the deathera 2010 is reported to be 1.2 million
[UNAIDS ,2011).

These figures are more staggering when you lothkeatesults alongside findings that only 12% of
men and 10% of women in the general population bheeh tested for HIV and received their
results (WHOa, 2010). In addition, many of the namd women who seek HIV testing and
counseling, are already in the advanced stageseoflisease [Hogg, et al. 2006]. The WHO and
UNAIDS proclaim that “early diagnosis presents @partunity to provide people with HIV the
information and tools to prevent HIV transmissiorothers” (WHOb,2004).

A voluntary counseling and testing (VCT) programs Haeen formulated by the WHO and
UNAIDS to encourage people to be pre-HIV test celet; tested and post-HIV test counseled in

an endeavor to prevent infection and transmissidti'd.
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2.2. Global Issue of HIV/AIDS Epidemic

Global HIV/AIDS data show that the HIV/AIDS epidetns a worldwide public health problem of
great magnitude. About two decades since the begnof the HIV/AIDS epidemic, over 34
million people worldwide have currently living thiHIV and nearly 30 million people have died
of AIDS-related causes since the beginning of thideamic (UNAIDSa, 2011).

Although cases have been reported in all regionh@fworld, almost all those living with HIV
(97%) reside in low- and middle-income countriestigularly in sub-Saharan Africa( UNAIDSa
,2011). Most people living with HIV or at risk fétlV do not have access to prevention, care, and

treatment, and there is still no cure (WHOa,2010)

HIV primarily affects those in their most produdiyears; about half of new infections are among
those under age 25 ( UNAIDSa,2011). HIV not onlieets the health of individuals, it impacts
households, communities, and the development andoetic growth of nations. Many of the
countries hardest hit by HIV also suffer from otlngfectious diseases, food insecurity, and other
serious problems. An evidence of this that peaplad with HIV at the end of 2010, up from 28.6
in 2001 to 34 million (UNAIDSc, 2011).

Despite these challenges, new global efforts hasenbmounted to address the epidemic,
particularly in the last decade, and there aressiipat the epidemic may be changing course.
According to the Global HIV/AIDS Epidemic report JAIDSa, 2011) depicted in Table 2.1,

even though, people living with HIV increase gldpatieaths have declined due to the scale up of

antiretroviral treatment (ART).

Besides that, Table 2.1 indicates that the glpbaalence rate (the percent of people whose ages
ranging from (15-40) are infected) was 0.8% in 20ANAIDSa ,2011). According to the report

of UNAIDS(2010) 1.8 million People died of AIDS ,hich indicate a 21% decrease since 2005,
and new HIV infections rate have declined by mdrant 20% since their peak in 1997, and
declined by 15% between 2001 and 2010. Still, theeee about 2.7 million new infections in
2010 or more than 7,000 new HIV infections per (lAMAIDS, 2011).
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2.2.1. Global Response of HIV Epidemic
With this regard, fight towards HIV/AIDS pandemiaist adopt an approach that emphasizes the

collective responsibility of individuals, communitroups, different levels of government and

other agencies to diminish irredeemable disease$\B, 2011).

Region Total No. (%) Living| Newly Infected| Adult Prevalence
with HIV end of 2010 | in 2010 Rate 2010
Global Total 34 million (100%) 2.7 million 0.80%
Sub-Saharan Africa 22.9 million (67%) 1.9 million .06%
South/South-East Asia 4.0 million (12%) 270,000 0063
Eastern Europe/Central Asja 1.5 million (4%) 160,00 0.90%
Latin America 1.5 million (4%) 100,000 0.40%
North America 1.3 million (4%) 58,000 0.60%
Western/Central Europe 840,000 (2%) 30,000 0.20%
East Asia 790,000 (2%) 88,000 0.10%
Middle East/North Africa 470,000 (1%) 59,000 0.20%
Caribbean 200,000 (0.6%) 12,000 0.90%
Oceania 54,000 (0.2%) 3,300 0.30%

Table 2. 1 HIV Prevalence & Incidence by Regiorektracted from UNAIDSa ,2011)

As a result, from the beginning of the 21st centting international community identified and
declared HIV as the formidable health and developgnoballenge. A rapidly expanding HIV
epidemic was already dramatically reversing decadigsogress on key development indicators,
such as infant mortality and life expectancy (UNAID) 2010).

Although the global incidence of HIV infection hpdaked in the mid-1990s, more than 3 million
people were being newly infected per year, AIDS hadome one of the leading causes of adults
dying in sub-Saharan Africa and the full assaulihef epidemic would not be felt until 2006, when

more than 2.2 million people died each year fro®&drelated causes (UNAIDSP,2011).
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The revolution in HIV treatment brought about byrdmnation of antiretroviral therapy in 1996
had forever altered the course of disease amorggtliving with HIV in high-income countries

but had only reached a fraction of people in low amddle-income countries, which bore 90% of
the global HIV burden (UNAIDSb, 2010).

According to the report of #3International AIDS Conference in July 2000 in Damb South
Africa (see details at www.nlm.nih.gov/news/aidg@@.html), activists, community leaders,
scientists and health care providers joined fotoedemand access to treatment and an end to the
enormous health inequities between the global Namthglobal South. Months later, world leaders
established the Millennium Development Goals, &sasf ambitious, time-bound targets aimed at
achieving progress on several health and developgeals over the next 15 years, including
Millennium Development Goal: combat HIV, malariadasther diseases (GHSSH, 2011).

In 2001, the United Nation General Assembly Spe&assion on HIV/AIDS approved
commitment with common targets in specific techhiaeeas, such as expanding access to
antiretroviral therapy, antiretroviral prophylaxis prevent the mother to- child-transmission of
HIV and HIV prevention (Schneider et al., 2010).

The member of the general assembly declared aatediglobal health fund to finance the HIV
response, resulting in the launch of the globatdftm fight AIDS, tuberculosis and malaria one
year later: The global fund quickly became a catwere in the global response to HIV, funding

country-led responses through a pioneering, pedaoe-based grant system.

According to Schneider et al. (2010) in 2003 thetétl States Government announced the United
States President’s Emergency Plan for AIDS reAefUS$ 15 billion over five years, it was the
largest single funding commitment for a diseasehistory. The United States President’s
Emergency Plan for AIDS Relief was reauthorized@98 for up to US$ 48 billion to combat
AIDS, TB and malaria for 2009—2013 and supporigtsgic interventions in the drugs and
diagnostics markets in 94 countries. Besides, tbbaf) HIV/AIDS response indicates (GHIVR,
2011) that there is an immediate response polyiasd well as financially towards against HIV

epidemic. The commitment is in parallel with notiv&a guidance and strategic technical
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innovations, including a ground-breaking approaghstaling up treatment access in low- and

middle-income countries: the public health appraachntiretroviral therapy.

To mention the vital elements of the public healpiproach includes: using standardized treatment
protocols and drug regimens; simplified clinical mtoring; maximizing coverage with limited
resources; optimizing human resources for healthimvolving people living with and affected by
HIV in designing and rolling out antiretroviral tlagy programs (USAIDHPI, 2010).

As mentioned in the general fact of HIV/AIDS acrake world, it is not the right time to keep
silent about this incurable disease. However, éxaty should do or react something against
HIV/AIDS. For same reason, the researcher of thigeemental study is striving from part
towards the fight against HIV by implementing thesgible and available Technology to the

problem domain.
2.3. The Status of HIV/AIDS Epidemic in Ethiopia

In Ethiopia HIV/AIDS infections were first identdd in 1984, and the first AIDS cases were
reported in 1986 (Garbus, 2003). The prevalendbeflisease was low in 1980s, but it escalated
quickly through the 1990s. As a result, it rosarfran estimated 3.2% of the adult population in
1993 to 7.3 % by the end of 1999(MOH, 2000).

According to NIC (2002) Ethiopia is classified (agpwith Nigeria, China, India and Russia) as
belonging to the ‘next wave countries’ with largepplations at risk from HIV infection which

eclipse the current focal point of the epidemicéntral and southern Africa. It is estimated that
seven to 10 million Ethiopians be infected by 2@@sause of the current high adult prevalence

rate, widespread poverty and low educational le{@&bus, 2003).

The dominant mode of transmission is through he&eoal contact (estimated to account for 87%
of infections) and mother to child transmission @) (10% infections) (GoE, 2004). However,
the prevalence of HIV/AIDS has reduced graduallthi@épian Ministry of Health estimates that
the current adult HIV prevalence decline to 3.5%0|2006). This figure jumps to an estimated
5% among pregnant women, but uptake of antiretabyrophylaxis for Preventing Mother-to-

child Transmission of HIV (PMTCT) has been mininaid the rate of HIV transmission to
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children born to HIV positive women remains at Zsqent. According to the report of Ministry of
health two million Ethiopian peoples are living itV-positive, but among this it is estimated
that fewer than 10% know their HIV status (MOH, 8R0

The above report suggests that the percentagecuélence rate increase in 1990s from three to
seven, but Since 2005 HIV prevalence rate was ezt 3.5 % (MOH, 2006). According to the
current report of UNAIDS, Ethiopia has an estimat&d million people living with HIV and the
third highest number of infections in Africa. Wighpopulation of 83 million people and per capita
income of less than US$100 annually, it is also ohthe world's poorest countries (UNAIDSE,
2011).

2.3.1. Government Response Towards HIV/AIDS Epideriin Ethiopia

The government’s response to HIV/AIDS was immedlibté inadequate. A National Task Force
was established in 1985 following the report of Hikévalence in the country. Efforts were made,
although on a limited scale, to expand informatietycation and communication (IEC), condom
promotion, surveillance, patient care, and HIV eoieg laboratories at different health

institutions(Hailom et al.,2005).

As part of these efforts to address the epidentie, Government of Ethiopia has expanded
HIV/AIDS Prevention and Control Offices at nationedgional, zonal and sub-city/wereda levels.
The overall objectives of the National office acedguide the implementation of the successful
programs to prevent the spread of HIV/AIDS, deaeaallnerability of individuals and

communities to the epidemic, provide care servfoeshose living with the virus and reduce the

adverse socio-economic consequences of the epidBIAIC, 2001).

Besides that, the Ethiopian Ministry of Health lsas a strategic plan for year 2007 targets, which
include: encourage individuals to receive HIV calimgy and testing; Address and create
opportunity for those people who has getting HI\&ipge to be on antiretroviral treatment and

give particular attention for HIV positive pregnambmen to be treated with a complete course of
antiretroviral prophylaxis to prevent transmissitom mother to child (MOHHA, 2006).To

achieve this goal, the Ministry of Health has arbdimus roadmap for scale-up of HIV prevention,
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treatment and care that plans the delegation goresbility for achievement of national targets

from central hospitals outwards to the local heaéthters and private clinics.

Although there is a challenge to address evenly Hi®vention, testing and care in Ethiopia.
Eighty-five percent of the population lives in ruaaeas and suffers from a severe lack of access to
public health services. There is also a criticarslge of physicians (an estimated 1,200 in public
service practice for a population of 83 million)dasther trained health care workers. In addition to
this, the per capita expenditures for health fréns@urces is only US$5.60 compared to US$12.00
per person in the Africa region as a whole (Haiketral.,2005).

In response to the extreme shortage of qualifieadtinecare workers, the Ministry also enacted a
plan to further decentralize its operations throwghaborations with community-based NGOs.
The Ministry of Health also encouraged African $&g% to replicate its highly successful
prevention outreach and VCT model at additionadssand to add diagnosis and prophylaxis of

opportunistic infections and antiretroviral therapyits VCT services.

2.4. Voluntary HIV Counseling and Testing Service

A greater knowledge of HIV status within a commurig critical to expanding access to HIV
treatment, care and support in a timely mannet affars people living with HIV an opportunity
to receive information and tools to prevent HIVigmission to others [WHOa 2010].

The most successful method of gaining informatitwoud HIV has been through Voluntary
Counselling and Testing (VCT). According to Mugwtal.(1995) Voluntary HIV counselling
and testing is the process by which an individuadargoes counselling enabling him or her to
make an informed choice about being tested for HIMs decision must be entirely the choice of
the individual and he or she must be assured li@aptocess be confidential. The scope of VCT
service includes :HIV pre-test counselling, tegtiand post-test counseling. It is an entry paint f
prevention and care (FHI, 2004).

2.4.1. The process of VCT service
In HIV counseling, although the goal is eliminatingk, it is recognized that this can be best

achieved through small steps for incremental beitashange that bring about risk reduction.
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irollow up counselling and support as requlredi

Figure 1. 1 Diagrammatic overview of the processf&CT Service

Source: (http://data.unaids.org/Publications/irc-pub01/jc379-vct_en.pdf)

As shown in the above diagram, the VCT processistnsf pretest, post-test and follow-up
counselling. HIV counselling can be adapted tortéeds of the client/s and can be for individuals,
couples, families and children and should be adbmtehe needs and capacities of the settings in
which it is to be delivered (UNAIDSHIV, 2000).

The content and method may vary considerably fen mnd women and with various groups,
such as counselling for young people, men who tsaxewith men (MSM), injecting drug users
(IDUs) or sex workers. The manner in which untderding of HIV sero status is very important

in facilitating adjustment to impact of HIV infeot.
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Counselling as part of VCT ideally involves at etgo major sessions (pretest counselling and
post-test counselling). More time can be offeretbigeor after the test, or during the period the

client is coming up for test results.

Pre-test counselling: It should be offered before taking an HIV test. dn ideal world, the

counsellor prepares the client for the test by @&xpig what an HIV test is, as well as by
correcting myths and misinformation about HIV/AID$hey may also discuss the client’s
personal risk profile, including discussions of sa&lity, relationships, possible sex and/or drug-
related behavior that increase risk of infectiond a&HIV prevention methods. The counsellor
discusses the implications of knowing one’s seratust and ways to cope with that new

information.

People who do not want pre-test counselling shaotdoe prevented from taking a voluntary HIV
test. However, informed consensus from the persmngbtested is usually a minimum ethical

requirement before an HIV test.

Post-test counselling:The main goal of this counselling stage is veycal to help clients
understand their test results and initiate adaptdt their seropositive or negative status. ltugtho

always be offered.

When the test is seropositive, the counsellor ti#lks client the result clearly and sensitively,
providing emotional support and discussing how lee/ope. During this session the counsellor
must ensure that the person has immediate emotsupgort from a partner, relative or friend.
When the client is ready, s/he may offer informatmn referral services that may help clients

accept their HIV status and adopt a positive oltloo

In other way round, Counselling is also importaihiew the test result is negative. While the client
is likely to feel relief, the counsellor must empiz& several points. Here, discussion about how to
changes in behavior that can help the client stdy-égative, such as safer sex practices
including condom use and other methods of risk cBdn. S/he also motivates the client to adopt

and sustain new, safer practices and provide eageurent for these behavior changes.
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During the “window period” (approximately 4-6 weekamediately after a person is infected),
antibodies to HIV are not always detectable. Tlausegative result received during this time may
not mean the client is definitely uninfected, ahd tlient should consider taking the test again in

1-3 months.

2.4.2. Benefit of VCT Service
According to Mugula et al. (1995) VCT has a vitalerto play within a comprehensive range of

measures for HIV/AIDS prevention and support, andutd be encouraged. It is an efficient and

cost-effective strategy in expanding access togirgen, treatment and care services.

The potential benefits of voluntary counselling aedting service (FHI, 2004; Mugula et al.,
1995) includes: facilitates behavior change, redube stigma attached to those who live with
HIV/AIDS (Kathy and Stacey, 2009) and early VCT daad to a delay in HIV deaths, better
ability to cope with HIV related anxiety; awarenedssafer options for reproduction and infant
feeding; and motivation to initiate or maintain esafexual and drug related behaviors. Other

benefits include safer blood donation

World Health Organization (WHOS, 2005) summarizhd benefits of knowing HIV status in

three different levels such as at the individuammunity and population.

% At the individual: VCT enhanced ability to reduce the risk of adqgi or transmitting

HIV; access to HIV care, treatment and support; @adection of unborn infants.

s At the community: it creates a wider knowledge of HIV status amsl links to
interventions can lead to a reduction in deniadnsé and discrimination and to collective

responsibility and action.

% At the population level knowledge of HIV epidemiological trends can infige the

policy environment, normalize HIV/AIDS and redudgsia and discrimination.

2.5. The prevalence of HIV/AIDS in Ethiopian Highereducation
Study show that the highest concentration of HI\8ifpee people is between the ages of 15-40
(MOH, 2000). Besides, scholars in many part of wwld point out that because of the high
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concentration of people in this economically sigaift segment of the population of labor force
age, productivity has been and continues to betivefjaimpacted by the factor such as HIV-

related absenteeism, disability and the early det#ixperienced workers (Saint,2005).

Producing high level human resource to run an emmonomy has relied on higher education. As
a result society is undertaking and performing &f&ctively and efficiently based on the task of

the organization missions.

Furthermore, HIV/AIDS holds the potential to urdére the country’s substantial investments in
education. It affects all people all over the woslthout discrepancy in race, religion and gender.

Overall, it has major impact on distribution of edtion.

AIDS now exists within all regions of Ethiopia. dlestimated national HIV infection rate is 2.1%
(UNAIDS, 2007). This rate is roughly 1 in 50 Ethian adults aged range from 15 to 30 has the
HIV virus. The highest at risk for HIV infectioneafemale sex workers, children born from HIV-

infected parents, and injection drug users.

Higher education communities are particularly vuhtde to HIV/AIDS due to their age groups.
This vulnerability introduces a sizeable risk tee texpected returns on investments made by
families and government in the education of univgisr college students (Otaala, 2003). In spite
of this risk, universities in Ethiopia have notasished institutional policies or programs for the
management and prevention of HIV/AIDS until 200%i(5, 2005). Institutional policies for the

management of HIV/AIDS plays significant role feduction of HIV infection.

This policy may include review of regulations aicksleave, confidentiality and the rights of
persons living with AIDS, student counseling seegido awareness programs, and curriculum

content on testing facilities (Otaala, 2003).

According to Saint (2005) little has been knownwtiibe status of AIDS on Ethiopian University.
As indicated by recent study in Jimma universityichhestimated that 12.2 % of the university
communities were HIV positive (MOE, 2004). SincernthMinistry of Education and university

officials are discussed on issue to react agaiidtikfection in higher education.
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As the result of this Addis Ababa university (AAllecame the pioneer that started the first
HIV/AIDS policy in Ethiopia higher education at ZDqAAU,2006). The policy document is
established with a collaboration of African AIDStiatives International (AAIl), but it started its
VCT service in AAU in 2005.

According to the report of Addis Ababa highligitAH, 2006), the HIV/AIDS policy document
served as a base and policy for other institutionSthiopia and out of Ethiopia, in the hope that
other institutions of higher learning would follaw the footsteps of Addis Ababa University for

the benefit of their young people.

As the oldest institution of higher learning in Btfia, Addis Ababa University played the leading

role in promoting instruction, training and resduairc the fight against HIV epidemic.

The current student population of Addis Ababa Ursitg enrolled in the graduate, undergraduate,
extension, and summer programs adds up to oveDBOAX present, AAU has nearly 2000 full

time academic staff and over 5000 administrativeqenel (AAUa, 2011).

The university is committed to playing active ratethe fight against HIV/AIDS primarily by
engaging in research in biomedical and psychosapléres. In doing this, it needs to establish
collaborative relationships with scientific institns both nationally and abroad. It also needs to
work closely with national, regional and interna@b partners in mitigating the impact of
HIV/AIDS on its own staff and students as well las wider Ethiopian society.

In this regards, the university encourage facu#ttaff and students to submit to voluntary
counseling and testing (VCT) and facilitate thisdsyablishing the necessary facilities on campus.
After establishment of a formal HIV policy documgrtrious non-governmental organizations
has involved in ant-AIDS movement. In this respaatAfrican AIDS initiatives International take
the line share against mitigating HIV infectionhigher education particularly in AAU.

As introduced in chapter one background of theystul, AAll provides HIV prevention related
service for the university community. According@ata Manager of AAll, the organization has
two primary VCT centers in university i.e. 6 kilodh4 kilos. Besides, it provides a VCT service
outside the university community.
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The organization collects and organizes clienttore provided in each site on daily base. As the
researcher observed the database of Epi Info saftefithe organization holds an estimated of
23,000 clients are visited the AAIl VCT center batrcampus and off campus site.

The AAIl VCT center provides six days per week &4dddays per month services for university
community. Its major activities include provisiof quality VCT service; implementing quality
information management system; referral networkesysestablishment and monitoring feedback;

strong VCT HIV sensitization and promotion; andlieggion of best practices to other centers.

Currently, the organization extends its VCT senfioen AAU to other Ethiopian higher education

including Dbere Marko’s University and Mezan Tepiitkrsity.

Africa AIDS Initiative International Inc.

TOTAL NUMBER OF VCT CLIENTS COUNSELED AND TESTED
FROM MARCH 2005 - OCTOBER 31/2011

Number of Clients Number of Clients Test Result Post test
Counseled Counseled & Tested Sero-Positive Sero-Negative Counseled
Category (M F T M F T M F T M F T M F T
Student 9652| 4433| 14085| 9554| 4402| 13956 43 41 84| 9511 4361| 13872 9554| 4402 13956
Staff 1078| 816| 1894| 1073 809| 1882 26 29 55| 1047 780 1827 1073 809 1882
Community| 4436| 2771| 7207 4404| 2759| 7163 199 266 465| 4205| 2493| 6698 4404| 2759 7163
Total 15166 8020| 23186/ 15031] 7970| 23001 268| 336 604| 14763| 7634| 22397| 15031 7970 23001

Table 2. 1 Annual report of AAIl VCT Client from Meh 2005-October2011

The above table indicates that the number of stuaie has HIV positive test result is greater
than from that of staff but less than communitysiBes, the total number of client who checks
their status in this range is better than other wdethe center. According to this report the

percentage of females (56%) are more exposed éitiin male (44%).

The data in all centers are collected using tmeesstandard paper format that are used by CDC

(Center of Disease control and Prevention) and gech@y VCT EPi Info software system.
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As shown in table 2.2 the initial data are colldctem AAIl VCT centers for seven years. The

total clients visited the centers up to Octobef,128re 23,000.

The data collected over time from client can sallmuch if appropriately analyzed as to what
factor predominantly cause HIV infection. Howevwehen data is getting larger and larger, the
data carry a lot of implicit knowledge that canh@ accessed with simple statistical analysis
methods. Hence application of other tool is indlga So the most appropriate technique to
discover and manage knowledge implicitly hiddenidesthe collected data is data mining
(Abdule-kereem et al.,2000).

We discussed the importance of VCT service in sac#.4.2, the data that we obtain from this
center is very crucial and play significant rolediecision making related to HIV/AIDS control and

prevention.
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CHAPTER THREE
LITERATURE REVIEW

In this chapter, an attempt has been made to raiewterature on the concepts and techniques of
data mining in general and its application in tlealth care sector in particular which is aimed to

provide background about the models to be built.

3.1. Overview of Data Mining

Across a wide variety of fields, data were beintjected and accumulated at a dramatic pace. The
rapid growth and integration of databases providesentists, engineers , and business people
with a vast new resources that can be analyzednake scientific discoveries, optimize

industrial systems and uncover valuable pattétasd et al ., 2001).

The developments in digital data acquisition amdagfe technology have resulted in the growth of
huge databases. This has occurred in all ardauimlan attempt , from the ordinary (such as
supermarket transaction data, credit card usegerds, telephone call detail, and government
statistics) to the more exotic (such as imageastfonomic bodies , molecular databases, and
medical records){Thearling et al. ,nd).The large size and compyeri such data in many

scientific domains becomes impractical to manuatiglyze, explore, and understand data.

To undertake large data analysis projects,arebers and practitioners have adopted
established algorithms from statistics , macheerding, neural networks ,and databases and
have also developed new methods targeted a¢ laita mining problem@and et al., 2001).
Witten and Frank (2005)states that lack of dataisonger a problem at a current stage. However,
the inability to generate useful information fromata is the problem. On other hand, it was
recognized that information is at the heart of bess operation and that decision make use of the
data stored to gain valuable insight in to the hess (Rea, 1995). Thus there is an urgent need for
a new generation of computational theories andstdol assist humans in extracting useful
information (knowledge) from the rapidly growinglumes of digital data (Fayyad et al., 1996).
These theories and tools are the subject of thegingefields of knowledge discovery in database
and data mining.
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3.2. Knowledge Discovery in Database (KDD) and Dataining

Conventionally the idea of searching pertinentgrat in data has been referred using different
names such as data mining, knowledge extractidornration discovery, information harvesting,
data archaeology, and data pattern processing. §rti@se terms KDD and data mining are used
widely (Fayyad et al, 1996).

The term knowledge discovery in databases (KDD¥ysonymously used with data mining. The
phrase knowledge discovery in databases was coatethe first KDD workshop in 1989
(Piatetsky-Shapiro, 2000). The purpose was to esiphdhat knowledge is the end product of a
data-driven discovery and it has been popularirethe ‘artificial intelligence’ and ‘machine-

learning’ fields.

In Fayyad’s et.al. (1996) view, KDD refers to theerall process of discovering useful knowledge
from data and that data mining refers to a pauwicstep in the process. Furthermore, data mining

is considered as the application of specific athans for extracting patterns from data.

Trybula (1997) also states that knowledge discoyKD) is the process of transforming data into
previously unknown or unsuspected relationship$ taam be employed as predictors of future
action. Furthermore, he asserts that KDD is a thahhas been employed to encompass both data
mining and KD. Essentially, the basic tasks of daiiaing and KD are to extract particular
information from existing databases and conveihtid understandable or sensible conclusions

(i.e., knowledge).

3.3. What is Data mining?

In the Information Technology era information playigal role in every sphere of the human
aspects. Thus, to efficiently inspire informatidnis very important to generate information from
massive collection of data. The data can range Bwnple numerical figures and text documents
to more complex information such as spatial dataltimedia data, and hypertext documents
(Deshpande and Thakare, 2010). However, the hagetthese data sources makes it impossible
for a human experts to come up with interestingnmiation or patterns that help in the proactive
decision making process. Therefore, to take corm@et/antage of data; the data retrieval is not

enough. It requires a tool for automatic summaiorabf data, extraction of the essence of
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information stored, and the discovery of pattenmsdaw data. This tool is called data mining
(Deshpande and Thakare, 2010).

Data mining is one step in the KDD process (Fataal., 1996). It is the most researched part of
the process. Data mining can be used to verifypmtinesis or use a discovery method to find new

patterns in the data that can do predictions watlv,runseen data.

Many definitions of data mining could be foundthe literature, Berry et.al. (1997) define it as
the exploration and analysis of large quantitieslata by automatic or semiautomatic means in
order to discover meaningful patterns and rulesofding to Bigus (1996), data mining is the

efficient discovery of valuable, non-obvious infation from a large collection of data.

Witten (2000) also defines as data mining is th&lysis of large observational data sets with the
goal of finding unsuspected relationships. A dsgh can be “large” either in the sense that it

contains a large number of records or that a latgeber of variables is measured on each record.

Data mining is a problem-solving methodology thatl$ a logical or mathematical description,
eventually of a complex nature, of patterns andileggies in a set of data; The nontrivial process
of identifying valid, novel, potentially useful, dultimately understandable patterns in data stored
in structured databases (Two Crows Corp ,19993;the process of finding mathematical patterns
from (usually) large sets of data; these can besyudffinities, correlations, trends, or prediction
models (Berry and Linoff,2000).

Data mining is an interdisciplinary field bringinggether techniques from machine learning,
pattern recognition, statistics, databases, andalimtion to address the issue of information
extraction from large data bases” (WKDD ,2008).

3. 4. Knowledge Discovery Process Models (KDPM)

The knowledge discovery process can be formalingml a common framework using process
models. The main reason for introducing processatsos to formalize knowledge discovery
projects within a common framework, a goal thaules cost and time savings, and improve
understanding, success rates, and acceptance d¢f prmects. The models emphasize

independence from specific applications, tools, wmtiors (Cios et al., 2007).
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A KD process model provides an overview of the tfele of a data mining project, containing
the corresponding phases of a project, their résetasks, and relationships between these tasks.
There are different process models originatingegifinom academic or industrial environments.
All the processes have in common the fact that tbkkgw a sequence of steps which more or less
resemble between models

Although the steps are executed in a predefinddrand depend on one another (in the sense that
the outcome of a step can be the input of the stex), it is possible that, after execution ofepst
some previous steps are re-executed taking intsideration the knowledge gained in the current
step (feedback loops).

An interesting issue that arises in any KDD proaesslel is choosing which algorithm or method
should be used in each phase of the process thebest results from a dataset. Since taking the
best decision depends on the properties of theselatRopa et al. (2007) proposes a multi-agent

architecture for recommendation and execution oflkedge discovery processes.

Knowledge discovery in database (KDD) and dataimgins an interdisciplinary area focusing
upon methodologies for extracting useful knowledigem data. The ongoing rapid growth of
online data due to the internet and the widespusadof databases have created an immense need
for KDD methodologies. In this paper, we provideaserview of common knowledge discovery
process model and approaches to solve tasks. Tiere of extracting knowledge from data

draws upon research in statistics and database ¢btato and Beleviciute, 2007).

A as result, data mining research require stabkk well defined foundation which are well
understood and popularize thought the communityrgn &Musilek,2006). The primary
objective of data mining process or methodologeduilding stable models following some
logical steps (Berry &linoff,2004) .

According to Santos & Azevedo (2008) the folloggrare commonly used Data mining process
model / methodology /KDPM that data mining applredesearch; Knowledge Discovery in
Database (KDD), CRoss-Industry Standard ProcessDiata Mining(CRISP-DM), Sample,
Explore, Modify, Model, Assess(SEMMA) and Hybricbdel.
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3.4.1. KDD Process Model
The essence of Academic research model was starttheé mid-1990s, when the DM field was

being shaped; researchers started defining muyltistecedures to guide users of DM tools in the
complex knowledge discovery world. The main empha&s to provide a sequence of activities
that would help to execute a KDP in an arbitraryndm (Cios et al., 2007). As a result different
Academic research models are developed and folldwenhdustry. According to Fayyad et al.

(1996). KDD process model was the leading Acadaesearch model applied in different data

mining project.

KDD process, as presented in (Fayyad et al, 199@he process of using DM methods to extract
what is deemed knowledge according to the spetiiceof measures and thresholds, using a
database along with any required preprocessingsanipling, and transformation of the database.

There are five stages as presented in figure 3.1:

Interpretation
Lvaluation

Iransformation

Figure 3. 1 Overview of KDD

An outline of the steps in Figure 3.1 has been aategfor understanding the concepts required for

the KDD process. The following are the steps inedtv

Selection- this stage consists on creating a target dafaosébcusing on a subset of variables or

data samples, on which discovery is to be performed
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Pre-processing- this stage consists on the target data cleaairdy preprocessing in order to
obtain consistent data. Here we also try to eliteimmise that is present in the data. Noise can be
defined as some form of error within the data. Safnthe tools used here can be used for filling

missing values and elimination of duplicates indlagabase.

Transformation - this stage consists on the transformation of data using dimensionality
reduction or transformation methods. Usually thare cases where there are a high number of
attributes in the database for a particular casigh We reduction of dimensionality we increase

the efficiency of the data-mining step with respgedhe accuracy and time utilization.

Data Mining - The data mining step is the major stage in §&B. This is when the cleaned and
preprocessed data is sent into the intelligentratgus for classification, clustering, similarity
search within the data, and so on. Here we chasaltiorithms that are suitable for discovering
patterns in the data. Some of the algorithms peowbétter accuracy in terms of knowledge

discovery than others. Thus selecting the rightrtigms can be crucial at this point.

Interpretation/Evaluation —in this stage the mined data is presented terideuser in a Human-
viewable format. This involves data visualizatievhich the user interprets and understands the

discovered knowledge obtained by the algorithms.

3.4.2. CRISP-DM
A second most popular process model that has prappfication is Cross Industry Standard

Process Data Mining (CRISP-DM). CRISP-DM is a prdueutral data mining model developed
by consortium of several companies (Roiger and ,&4103). It is a standard process model in
industries which consisting of a sequence of stegsare usually involved in a data mining study
.CRISP-DM was developed by the means of the effafrsn association initially composed with
Daimler Chrysler, SPSS and NCR (Chapman et aOR0the life cycle of a data mining
project consists of six phases. These arsinbss understanding, data understanding, data
preparation, modelling, evaluation and deploym€RISP-DM process consists of six phases
(Roiger and Geatz, 2003).
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Figure 3. 2 CRISP-DM process model adapted from (Daele and Satheesh ,n.d. )

CRISP-DM is complete and well documented. All thiages are duly organized, structured and

defined, allowing that a project could be easilgenstood or revised (Santos & Azevedo, 2005).

As seen from the figure 3.2, CRISP-DM model is didd into six phases and related tasks as
described in the [Daniele and Satheesh ,(n.d.)p@Ba et al.,2000] as follows:

1. Business understanding This phase focuses on understanding the projgectives
and requirements from a business perspective, ¢hawerting this knowledge into a
DM problem definition and a preliminary plan desdnto achieve the objectives
[Daniele and Satheesh ,(n.d.)]. Some of the oljestiof this phase are determine
business objectives and business success critesess situation such as inventory
resource requirements, assumptions constraints coskingencies cost and benefits
determine data mining goals produce project platiainassessment of tools and
techniques. Business understanding is critical Umexait identifies the business
objectives and, thus, the success criteria of a@téng projects (Koh, and Tan, 2005).
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2. Data understanding: The data understanding phase starts with an limitita collection

and proceeds with activities in order to get faanilvith the data, to identify data quality problems
to discover first insights into the data or to deiateresting subsets to form hypotheses for idde
information. The major activities are collect ialtidata (initial data collection report), describe
data (data description report), explore data (eafaoration report) and verify data quality (data

quality report).

3. Data preparation: The data preparation phase covers all the aedvitiequired to

construct the final dataset from the initial rawtadaData preparation tasks are likely to be
performed repeatedly and not in any prescribedrofdata preparation and cleaning is an often
neglected but extremely important step in the daitsing process models. Often, the method by
which the data where gathered was not tightly adletl, and so the data may contain outlier
values (e.g., Income: -100), impossible data coatlmns (e.g., Gender: Male, Pregnant: Yes).
Analyzing data that has not been carefully screefeedsuch problems can produce highly

misleading results, in particular in predictivealatining [Daniele M. and Satheesh R,.nd)].

The main tasks in data preparation are; select dhteh is rationale for industry exclusion or
inclusion clean the data and document it, constilatd derived attributes and generated reports
integrate and merge data, format data reformataladahave dataset description. Data preparation

step is by far the most time-consuming part ofith@wledge discovery process (Cios et al., 2007).

4. Building Model: In this phase, various modeling techniques arectsd and applied and
their parameters are calibrated to optimal valdggpically, there are several techniques for the
same DM problem type. Some techniques have spea@ficirements on the form of data.
Therefore, it is often necessary to step backéadtita preparation phases such as select modeling
techniques and modeling assumptions, generatelésgyn, build model, parameter settings and

model description and assess model, model asselssmage parameter settings.

5. Evaluation: Before proceeding to final model deploymentsiimportant to evaluate the
model more thoroughly and review the steps takdsutld it to be certain that it properly achieves
the business objectives. At the end of this phasgcision should be reached on how to use the

DM results through assessment of data mining resulh respect to business success criteria to
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approve models, review of process, and determing steps such as possible actions and

decisions making based on patterns and relatiogship

6. Deployment: Model construction is generally not the end of tireject. Even if the
purpose of the model is to increase knowledge efdhta, the knowledge gained need to be
organized and presented in a way that the endcasense and understand it. The main activities in
this phase are plan deployment, plan monitoring mathtenance (monitoring and maintenance
plan), produce final plan and present, review mtopnd produce documentation. According to
Chapman et al. (2000), depending on the requirertiegge phase can be as simple as generating a

report as complex as implementing a repeatablendetiaag process across the enterprise.

According to kurgan and Musilek (2006 ) the GRIDM methodology is the most suitable
process model for novice data miners due tceaty, complete documentation , and intuitive ,
industry-applications-focused description.

The CRISP-DM model has been used in domains suchedscine, engineering, marketing, and
sales. It has also been incorporated into a comateknowledge discovery system called

Clementine (see SPSS Inchéip://www.spss.com/clemeand Cios et al., 2007).

3.4.3. The SEMMA Process
Data mining can be viewed as a process ratheralsah of tools, and the acronym SEMMA stands

for( Sample,Explore, M odify, M odel, Assess) refers to a methodology that clarifies phigess
(Obenshain, 2004). The SAS Institute considerscéeayith five stages for the process:

Sample - this stage consists on sampling the data byetig a portion of a large data set big

enough to contain the significant information, getall enough to manipulate quickly.

Explore - this stage consists on the exploration of thea dg searching for unanticipated trends

and anomalies in order to gain understanding agaisid

Modify - this stage consists on the modification of thdadhy creating, selecting, and

transforming the variables to focus the model s&lagrocess.
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Model - this stage consists on modeling the data byvalig the software to search automatically

for a combination of data that reliably predicdesired outcome.

Assess this stage consists on assessing the data lhya¢iva the usefulness and reliability of the

findings from the DM process and estimate how welerforms.

The SEMMA process offers an easy to understandepsyallowing an organized and adequate
development and maintenance of DM projects. It tbhasfers a structure for its conception,
creation and evolution, helping to present solitmbusiness problems as well as to find de DM
business goals (Santos & Azevedo, 2005).

3.4.4 Hybrid model
The development of both academic particularlyKB® and industrial oriented (CRISP-DM and

other) data mining models has led to the growthydfrid models, i.e., models that combine the
features and job of both. Hybrid model is a sipskbbP model (see Figure 3.3) developed by
Cios et al.(2007). It was developed mainly basedtten CRISP-DM model by adopting it to

academic research. The main differences and ertengiclude introducing several new explicit
feedback mechanisms and in last steps the knowléidgevered for a particular domain may be
applied in other domains.

According to Cios et al.(2007) the descriptionted ix steps are explained below.

Step 1: understanding of the problem domainThis initial step involves working closely with
domain experts to define the problem and deternhiagroject goals, identifying key people, and
learning about current solutions to the problermhe Thajor tasks undertaken in this phase are:

Understand and learn domain-specific terminology.

% explain the problem area in detail and make antlary for it

% Lastly, convert the project goals into DM goalsd aelect appropriate data mining tools to be

used in performing the whole research.
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Step 2:understanding of the data In this phase collecting sample data and decithiegtypes,
format and size of data was a primary task. Baakgoknowledge can be used to guide these

efforts. Besides, data should be checked for cetapéss, redundancy, missing values,

> Understanding of
the Problem

; _ Input Data
Understanding of o
- the Data 4 ) (database. images. video. semi-

structured data. etc.)

Preparation of the

L 4

Data Mining

- -~ < W - e
Evaluation of the Knowledge
Discovered Knowledge > (patterns, rules. clusters.,
classification, associations, etc.)
Use of the Discovered Extend knowledge to
Knowledge . other domains

Figure 3. 3 The six phases of Hybrid data miniraglei(Pal, et al.,2005)

plausibility of attribute values, etc. verificatiof the usefulness of the data with respect tdothke

goals was also a major activity undertaken in shep.

Step3: Preparation of the data.Once the problem is understand and selected ctenpled
appropriate data to the problem under investigati@nnext step be selecting representative data.
As a result, the researcher be used only the seledata as input for DM methods in the
subsequent step. It involves sampling, runningetation and significance tests, and data cleaning,
which includes checking the completeness of datards, removing or correcting for noise and
missing values, etc. The cleaned data may be fupttteessed by feature selection and extraction
algorithms (to reduce dimensionality), by derivatiof new attributes (say, by discretization), and

by summarization of data (data granularization).
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The end results are data that meet the specifitt ilgguirements for the DM tools selected in Step

1.This steps is the most time consuming part odah mining model (Cios et al., 2007).

Step4 Data mining: Another key step in the knowledge discovery precissdata mining. It
involves the use of several DM tools onadatepared in step 3.The application of thisgool
discover new knowledge. The process of discovenmg information includes: the data model
was constructed using one of the chosen WEIstand training and testing procedures are
designed. Then generated data model was verifiegshng testing procedures. It takes less time
than data preprocessing steps. Some of the comatamdning technique implemented using data
mining tools are decision tree, neural networksstaring, support vector machine, rule induction,

association rule.

Step 5 Evaluation of the discovered knowledgd&valuation includes understanding the results,
checking whether the discovered knowledge was ranvelinteresting, interpretation of the results
by domain experts, and checking the impact of ieeadered knowledge. Only approved models
are retained, and the entire process was revittédentify which alternative actions could have

been taken to improve the results. A list of erroexle in the process is also prepared.

Step 6 Use of the discovered knowledg&he final step consists of planning where and how t
use the discovered knowledge. The application argae current domain may be extended to
other domains. A plan to monitor the implementatbthe discovered knowledge was created and

the entire project will be documented and reported.

3.4.5. Comparison of SEMMA, KDD and CRISP-DM
Today, research efforts have been focused on pirmpasw models, rather than improving design

of a single model or proposing a generic unifyingdel. Despite the fact that most models have
been developed in isolation, a significant progiess been made. The subsequent models provide
more generic and appropriate descriptions. Moshem are not tied specifically to academic or
industrial needs, but rather provide a model tsandependent of a particular tool, vendor, or
application ( kurgan and Musilek ,2006 ). SantosA&evedo (2008) have summarized the

association of the three most popular process nsidpk as shown in Table 2.1
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KDD SEMMA CRISP-DM

PeKDD  eeeeeeeeee. Business understanding
Selection . Sample Data Understanding
Pre processing Explore -
Transformation Modify Data preparation

Data mining Model Modeling
Interpretation/Evaluation Assessment Evaluation

PostKDD e Deployment

Table 3. 1 Comparison of Data mining process model

As shown in table 3.1 most of the steps to be Wedd in all methods look like similar.
Nevertheless, KDD and SEMMA do not have a step éusidnding the problem” before selection
and sample steps respectively. Undoubtedly, urateistg the domain problem is often a
prerequisite steps but missed by the three metbggolConsidering the presented analysis we
conclude that SEMMA and CRISP-DM can be viewedragmlementation of the KDD process
described by (Fayyad et al, 1996).

In general, According to Refaat (2007) all metHodm@s contain and followed same data mining
tasks. Hence this research be conducted basedderstanding of the domain problem and
business context, consequently, the best fit dat@éngmodel to conduct the research is inevitably

hybrid model. This model completes the above midigathtion in methodology.

3.5. Data Mining Task

The goal of data mining is tearn from data, and there are two broad categories taf ighéning
strategies: supervised and unsupervised learninger8ised learning methods are deployed (or
strategically put into service in an informatiorctiaology context) when values of variables
(inputs) are used to make predictions about anottarable (target) with known values.
Unsupervised learning methods can be used in sisitlzations, but are more frequently deployed

on data for which a target with known values doatsexist (Obenshain, 2004).

Data mining functionalities are used to specify kired of patterns to be found in data mining

tasks. In general, data mining tasks can be cledsihto two categories: descriptive and
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predictive. Descriptive mining tasks characterize general properties of the data in the database.
Predictive mining tasks perform inference on theent data in order to make predictions (Han
and Kamber, 2006; Kantardzic, 2008xcording to Fayyad et.al. (1996), the data mirstage of
KDD process consists of two main types of data ngnnethods: verification oriented (the system
verifies user’'s hypothesis) and discovery orienfdte system finds new rules and patterns
autonomously). The discovery-oriented methods cardubther partitioned into descriptive (e.qg.

Visualization) and predictive (like regression ataksification).

In predictive modeling tasks, one identifies patsefound in the data to predict future values
(Levin and Zahavi, 1999). Predictive models ardtpar trained, using data for which the value of
the response variable is already known. This kifdtraining is sometimes referred to as
supervised learning, because calculated or estimatieies are compared with the known results.
Whereas descriptive techniques are sometimes edféor as unsupervised learning since there is

no already-known result to guide the algorithms @Tasows corporation, 1999).

On the other hand, descriptive models belong ta¢hén of unsupervised learning. Such models
interrogate the database to identify patterns afadionships in the data. Clustering (segmentation)
algorithms, pattern recognition models, visual@matmethods, among others, belong to this family
of descriptive models (Levin and Zahavi, 1999; ad Kamber, 2001).

The Predictive modeling is based on the use ohtkirical data. Predictive model data mining
tasks include classification, regression, timeesgrand prediction. Unlike the predictive modeling
approach, a descriptive model serves as a wayplmrexthe properties of the data examined, not
to predict new properties (Dunham, 2003). Clustgrisummarization, association rules, and

sequence discovery are viewed as descriptive ir@é&hown in Figure 3.3: Dunham, 2003).

3.5.1. Classification and Prediction
Classification is one of the most common data ngnasks, which is also pervasive in human life.

Classification finds common properties among dé#ferentities in order to organize them into
predefined classes ( Han et al. ,2001). Human beiusgally classify or categorize in order to
understand and communicate about the world. Forodgct or instance, classes are predefined
according to the value of a specific field (Bernda.inoff, 1997).
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Figure 3. 4 Classification of Data mining models az@sks (Dunham, 2003)

There are many different methods, which may be ueepredict the appropriate class for the
objects or stations. Among the most popular ones lagistic regression, decision tree, rule

induction, case-based reasoning, and neural net{Mwkhkovich et al., 2002).

Even though , there are many data mining tasksladlai and commonly used in various
application, the researcher used decision treerale induction techniques in this research
because their result is simple to explain for esdriand these technique support the selected
data mining tasks for this research. The most widekd techniques for classification are decision

trees, neural networks and memory-based reasoBargy(et al., 1997).

3.5.1.1. Decision Trees
One of the most commonly used data mining techsidaeclassification tasks are decision trees.

It is a simple knowledge representation technique @dassifies instances in to a finite number of
classes (Larvac, 1998). In decision tree inductiba,nodes of the tree are labeled with attribute
names, the edges of the tree are labeled withlgesslues for the attributes and the leaves of the

tree generate decision tree from a given set obate-value tuples. A decision tree is constructed
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by repeatedly causing a tree construction algorithreach generated node of the tree (Larvac,

1998 ; Two crows corporation,1999).

The classification is performed separately forhedeaf, which represents a conjunction of
attribute valued in a rule (Last and Kandel, 20@&?jucturally, decision trees consist of two types
of nodes; non-terminal (intermediate) and termi@l@hf). The former correspond to questions
asked about the characteristic features of thendsgf case. Terminal nodes, on the other hand
generate a decision (Rudolfer et al., 2002). Desidree models are commonly used in data

mining to examine the data and induce the tredtandles that be used to make predictions.

An important quality of decision trees is that thendle non-numeric data very well. This ability
to accept categorical data minimizes the amoundath transformations and the explosion of
predictor variables inherent in neural nets (Twowg corporation, 1999). Rogers and Joyner
(2002) also stated “tree based models are gocglettsg important variables, and therefore work

well when many of the predictors are irrelevant.”

A common criticism of decision trees is that théyase a split using a “greedy” algorithm in
which the decision on which variable to split ddesake into account any effect the split might
have on future splits. In addition, all splits anade sequentially, so each split is dependentson it

predecessor (Two crows corporation, 1999).
3.5.1.1.1. Decision tree Construction Methods

All decision tree construction methods are basedhenprinciples of recursively partitioning the
dataset until homogeneity is achieved. The constmumf decision tree involves the following
three phases (Sheikh, 2008):

1)  Construction phases the initial decision tree is constructed in thpbases, based on the
entire training dataset. It require recursivelgrtppioning the training set in to two or more
sub- partitions using a splitting criterion, lr@istopping criteria is met. The basic stratefyy o
construction phase is described as follows. The $tarts as a single node representing the
training sample. If the samples are of the samgsclen the node become a leaf and is labeled

with that class. Otherwise, the algorithms usesopgtbased measure known as information
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gains as a heuristic for selecting the attributgg th best separate the sample s into indilsdua
classes. The information gain measure is usedl¢atsthe test attribute at each node in the tree.
The attribute with the highest information gairciesen as the test attribute for the current node.

2)  Pruning phase: The pruning phase involves removing some of tleeftobranches and

nodes to improve performance.

3) Processing the pruning tree: Inthis stage decision tree is proposed to improve
understandability. Various listed decision treecalhms such as CHAID, C4.5/C5.0, CART,
ID3, J48 and many other with less familiar alduris produce tree that differ from one
another in the number of splits allowed at ea&stell of tree , how those splits are chosen when

the tree is built(Thearling et al. , n.d).
3.5.1.1.2. Decision tree Algorithms

The algorithms that are used for constructing decisees usually work top-down by choosing a
variable at each step that is the next best variabluse in splitting the set of items (Rokach and
Maimon, 2005). A number of different algorithms mbag used for building decision trees
including CHAID (Chi-squared Automatic Interactiddetection), CART (Classification and
Regression Trees), Quest, and C5.0,J48 (Two ctovporation, 1999).

J48 decision tree algorithms adopt an approachhichwdecision tree models are constructed in a
top-down recursive divide-and-conquer manner. Mdgbrithms for decision tree induction also
follow such a top-down approach, which starts vatkraining set of tuples and their associated
class labels. The training set is recursively parted into smaller subsets as the tree is beiiig bu
(Han & Kamber, 2006). According to Bharti et al.0{®), J48 decision tree algorithm is a
predictive machine learning model that decidest#rget value (dependent variable) of a new
sample based on various attribute values of thdadla data. It can be applied on discrete data,
continuous or categorical data. This algorithms wsed in this study to classify the VCT clients
as HIV infected or non-HIV infected. The J48 demistree can serve as a model for classification

as it generates simpler rules and remove irreleatinibutes at a stage prior to tree induction. In
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several cases, it was seen that j48 decision tredsa higher accuracy than other algorithms

(Witten and Frank 2000). It offers also a fast poderful way to express structures in data

To view the internal operation of the J48 algorishhlan and kamber (2006) explained how the

algorithms works in detail step by step as follows.

Figure 3. 5 Basic pseudo code for J48 decisiandtgorithms

Algorithm : Generate decision tree.

Input: Sets of training dataset ( D), Attribute listtiute selection method;

Output: A decision tree.

Procedures(1) Create a node N2) If tuples in D are all of the same class, (hthe

(3) Return N as a leaf node labeled with the o&ss

(4) If attribute list is empty then

(5) Return N as a leaf node labeled with the mgjalass in D; // majority voting

(6) Apply Attribute selection method (D, attribuigt) to find the “best” splitting criterion;
(7) Label node N with splitting criterion;

(8) If splitting attribute is discrete-valued andilthway splits allowed then // not restricted|to
binary trees

(9) Attribute list— attribute list- splitting_ attribute; // removelitjing attribute

(10) For each outcome j of splitting criteriorpdrtition the tuples and grow subtrees for each
partition

(11) Let Dj be the set of data tuples in D satrgfyoutcome j; // a partition
(12) If Dj is empty then (13) attach a leaf laloebeth the majority class in D to node N;

(14) Else attach the node returned by Generatsidadree (Dj, attribute list) to node N; Endf
(15) Return N;
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In general, according to Han and Kamber (2006) Jdf& decision tree algorithms follows five

main procedures including:

1. Choose an attribute that best differentiatesothtput attribute values.
2. Create a separate tree branch for each valine @hosen attribute.

3. Divide the instances into subgroups sotaseflect the attribute values of the s#o
node.

4. For each subgroup, terminate the attributecieteprocess if:

a. All members of a subgroup have the same viauethe output attribute, terminate the
attribute selection process for the current path #abel the branch on the current path with the

specified value.

b. The subgroup contains a single node or no fudigtinguishing attributes can be determined.

As in (a), label the branch with the outputsateen by the majority of remaining instances.
5. For each subgroup created in (3) that has e kabeled as terminal, repeat the above process.

The algorithm is applied to the training data. Theated decision tree is tested on a test dathset,

available. If test data is not available, J48 penfoa cross-validation using the training datdfitse

3.5.1.2. Neural Networks
A Neural Network is an approach to computing timablves developing mathematical structures

with the ability to learn. The methods are the ttestiacademic investigations to model nervous
system learning (Rea, 2001). Neural networks aveldped due to difficulty in creating the basic
intelligence in computers using the conventiongbathmic approach (Pudi,2001). According to
Berry and Linoff (1997), Bigus (1996) and Atiezereta al. (2002) Neural Networks are also

probably the most common data mining classification

Neural networks (NN) are those systems modeleddoaséhe working of the human brain. As the
human brain consists of millions of neurons thatiaterconnected by synapses, a neural network

is a set of connected input/output units in whielsheconnection has a weight associated with it.
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The network learns in the learning phase by adjgstie weights so as to be able to predict the

correct class label of the input (Gupta et al.,1901

These networks have the remarkable ability to @emeaning from complicated or imprecise data
and can be used to extract patterns and detedsttbat are too complex to be noticed by either

humans or other computer techniques.

3.5.1.3. Rule Induction
Rule induction is one of the techniques most use@xtract knowledge from data, since the

representation of knowledge as if/then rules isyvimtuitive and easily understandable by
problem-domain experts (Wong and Leung, 2000)s lam area of machine learning in which
formal rules are extracted from a set of obsermatidrhe extracted rules may represent a full
model of the data (in the form of a rule set) likeClark and Niblett (1989), or represent local
patterns in the data (in the form of individual es) like in Agrawal et al. (1996). Hence,

regularities hidden in data are frequently exprésseerms of rules , rule induction is one of the
fundamental tools of data mining at the same ti@ezymala-busse, n.d.). Usually rules are

expressions of the form

if (attribute— 1; value — 1) and (attribute — 2; value — 2) and ...... and (attribute — n; value — n)

then (decision; value):

Some rule induction systems induce more complegsruh which values of attributes may be
expressed by negation of some values or by a \&libset of the attribute domain(Grzymala-
busse, nd.). Data from which rules are induceduaually presented in a form similar to a table in
which cases (or examples) are labels (or namesdies and variables are labeled as attributes and
a decision. We restrict our attention to rule irteut which belongs to supervised learning: all
cases are pre classified by an expert (Grzymalaehusd.). In other words, the decision value is
assigned by an expert to each case. Attributesndependent variables and the decision is a
dependent variable. Rule induction sometimes calliézl learner is also perhaps the form of data
mining that most closely resembles the processntiost people think about when they think about

data mining, namely “mining” for gold through a vdatabase. The gold in this case refers to the
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rule that is interesting- that tell you somethimdpout your database that you did not already

know and probably weren't able to explicitly adiate(Thearling et al. ,n.d).

Rule induction on a database is a process urkilegtaising intelligent software where all
possible patterns are systematically pulled outhe data . In this process the accuracy is@dde
to them that tell the user how strong the patteranid how likely it is to occur again (Thearling e
al. ,n.d). It has been widely used to represembwledge in expert system and they have the
advantage of being easily interpreted by humaregsp because of their modularity( Cabena
etal.,1998; Moshkovich et al, 2002). Rule inductsystems are highly automated and are probably
the best of data mining techniques for exposingadisible predictive patterns in a database. They
can be used in prediction problem but algorithmdombining evidence from a variety of rules
come from practical experience (Thearling etrall),

In rule induction, rules are expressed in the fofrif this, this and this then this”. To make the
rules useful, we require two important informatiorcluding accuracy and coverage. This
because the pattern in the database is expresseteatoes not mean that it is true all the time.
Similar to other data mining algorithms it is imgaort to recognize and make explicit the
uncertainty in the rule, i.e. how often is the raterect. This is what the “accuracy” of the rule
means. The coverage of the rule has to do with imoneh of the database the rule “cover” or how
often the rule applies (Thearling et al. ,n.d)m®uary of coverage and accuracy be showed
below.

Accuracy Low Accuracy High

Coverage High Rule is rarely correct but can| Beile is often correct and can be used
used often. often.

Coverage Low Rule is rarely correct and c&ule is often correct but can only pe
only be used rarely. used rarely.

Table 3. 2 Rule coverage versus accuracy adapad(Thearling et al. ,nd).
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3.5.1.3.1. Rule induction for Prediction

The objective of data mining is to extract valuaiiformation from one’s data, to discover the
‘hidden gold’. In Decision Support Management terohbgy, data mining can be defined as ‘a

decision support process in which one search fttepe of information in data’ (Parsaye, 1997).

Data mining techniques are based on data reteatidndata distillation. Rule induction models
belong to the logical, pattern distillation basezp@aches of data mining. These technologies
extract patterns from data set and use them faowsipurposes, such as prediction of the value of

a dependent field (Matsatsinis et al., n.d.).

After the rules are created and their interestsgns measured there is also a call for performing
prediction with the rules. Each rule by itself qaarform prediction; the consequent is the target
and the accuracy of the rule is the accuracy ofptlediction. But because rule induction systems
produce many rules for a given antecedent or cprese there can be conflicting predictions with

different accuracies. This is an opportunity fmproving the overall performance of the systems
by combining the rules. This can be done in aetprof ways by summing the accuracies as if
they were weights or just by taking the predictiohthe rule with the maximum accuracy

(Thearling et al. ,n.d).
3.5.1.3.2. Rule Induction Algorithms

An induction algorithm takes as input specific amtes and produces a model that generalizes
beyond these instances. There are two major apgpesdny induction algorithm: supervised and
unsupervised. In the supervised approach, speothmples of a target concept are given, and the
goal is to learn how to recognize members of tlessclusing the description attributes. In the
contrary, unsupervised approach is provided withsed of examples without any prior
classification, and the goal is to discover undegyegularities or patterns by identifying cluster

or subsets of similar examples (My Data Mining Wegb{MDMW), 2008).
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This research is deal with supervised inductioromtigm methods because of simplicity and the

goal of the research is prediction about the labeleknown class.

Rule induction seeks to go from the bottom up awitect all possible patterns that are interesting
and then later use those patterns for some preditarget. It also retains all possible patterrenev
if they are redundant or do not aid in predicticelaacy. Hence, in a rule induction system if there
were two columns of data that were highly correlater in fact just simple transformations of
each other) they would result in two rules (Theaylet al., n.d).

Rule induction is also known &eparate-And-Conquer method This method apply an iterative
process consisting of first generating a rule timaters a subset of the training examples and then
removing all examples covered by the rule from thening set. This process is repeated
iteratively until there are no examples left to eovlhe final rule set is the collection of theesul
discovered at every iteration of the process (MDM2D8). Some examples of these kinds of

systems which are supported by WEKA software aseutised below:

1) OneR: OneR or “One Rule” is a simple algorithm proposgdHolt. The OneR builds one
rule for each attribute in the training data anehtselects the rule with the smallest error rate
as its ‘one rule’. To create a rule for an attrdguhe most frequent class for each attribute
value must be determined. The most frequent ctassriply the class that appears most often
for that attribute value. A rule is simply a setatfribute values bound to their majority class.
OneR selects the rule with the lowest error ratehk event that two or more rules have the

same error rate, the rule is chosen at random ¢H8193).

2) PART: PART is a separate-and-conquer rule learner pezptsy Eibe and Witten (2005).
The algorithm producing sets of rules called ‘decidists’ which are ordered set of rules. A
new data is compared to each rule in the list in,tand the item is assigned the category of
the first matching rule (a default is applied if nde successfully matches). PART builds a
partial C4.5 decision tree in each iteration andesahe “best” leaf into a rule. The algorithm
is a combination of C4.5 and RIPPER rule learnirguik and Witten, 1998)
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3) Decision Table:lt is the method used to build a complete seesf tases without using the
internal structure of the program in question. tdev to create test cases we use a table to
contain the input and output values of a programsuimmarizes the dataset with a ‘decision
table’ which contains the same number of attribateshe original dataset. Then, a new data
item is assigned a category by finding the lin¢hi decision table that matches the non-class
values of the data item. Decision Table employswhegpper method to find a good subset of
attributes for inclusion in the table. By elimiragiattributes that contribute little or nothing to
a model of the dataset, the algorithm reduces iltediHood of over-fitting and creates a

smaller and condensed decision table ( Kohavi,1995)

3.5.1.4. Support Vector Machine

A support vector machine (SVM) is a concept inistias and computer science for a set of related
supervised learning methods that analyze data ecwhnize patterns, used for classification and
regression analysis (Vapnik ,1995.) SVM was firsigesed and developed by Vapnik (1995).1t
was gained popularity Piroozniam and Deng ( 20Q&) td many promising features such as:

» Better empirical performance than other classiiocatechnique

» The algorithm has a strong theoretical foundatiossed on the ideas of VC (Vapnik

Chervonenkis) dimension and structural risk minaticn
» Scale up:the SVM algorithm scales well to relatively largetasets

= Robustnessthe SVM algorithm is flexible due in part to thébustness of the algorithm
itself, and in part to the parameterization of 8\&M via a broad class of functions, called
kernel functions. The behavior of the SVM can bedied to incorporate prior

knowledge of a classification task simply by modifythe underlying kernel function and

= Accuracy the most important explanation for the populaatythe SVM algorithm is its
accuracy. The underlying theory suggests an exjiangor the SVMs excellent learning
performance, its widespread application is dueangd part to the empirical success the

algorithm has achieved.
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Support Vector Machine is a classification and esgion prediction tool that uses machine
learning theory to maximize predictive accuracy le/lautomatically avoiding over-fit to the data.
The algorithm performs discriminative classificatiolearning by example to predict the

classifications of previously unclassified data¢Bzniam and Deng, 2006).

The goal of SVM is to produce a model (based onttaming data) which predicts the target

values of the test data given only the test ddtdoates.
3.5.1.4. 1. Method of SVM Classification

The original SVM classification attempts to fincetbest separating hyper plane with the largest

margin width and the smallest number of traininges;, as depicted in Figure 3.6
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Figure 3. 6 Visualization of linearly separableldem with marginal line

As we can observe in the above figure H3 doespdrsge the two classes. H1 does, with a small
margin and H2 with the maximum margin. Besidess gasy to imagine that the hyper planes that
can separate the training data perfectly, the tre has the maximum margin width has a
better chance to give the best generalizapenformance on future unseen data. For this
reason, SVM carry out the model of recognitiontf@o-class problems by determining the hyper
plane of separation with the maximum distanceh® marrowest points of the positioning of

formation. These points are called the vectorauppsrt (Chang, et al., 2010).
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The learning algorithm of SVM is figure out the Indlary that separates the two different classes
of training data, subject to certain optimizatioritezia. Therefore, the exact profile of the
boundary is determined by the training instancesated in the proximity of the boundary.
Consequently, those training instances that aravi@y from the boundary essentially play no role
in determining the boundary. In SVM such a hypanplwith maximum margin is determined by
solving a convex quadratic programming (QP) problémthis section, we present from a
mathematical point of view, only the model appliadhis study, as the case where the data are
linearly separable. According to Han and kambeB@@liscussion the algorithms of Linear SVM

work for linearly separable data sets.

Let the data set D be given as (X1, y1), (X2, y2XX,|D|, y|D|), where Xi is the set of training
tuples with associated class labels , yi.

Each yi can take one of two values, either +1 dr€., yi € (-1, +1), for this research case

corresponding to the classes HIV = -Ve and HIV =+¥Epectively.

There are an infinite number of separating lineg tdould be drawn to separate all of the tuples of
class +1 from all of the tuples of class-1.HowevVarding the “best” one, that is, one that (we

hope) have the minimum classification error orviasly unseen tuples is under research.

To solve the stated problem and to illustrate #@agating line we use the term “hyper plane” to
refer to the decision boundary that we are seekiagardless of the number of input attributes.
The application of SVM approaches this problem lmarshing for and suggesting for the
maximum marginal hyper plane. Consider Figure 3hfctv shows two possible separating hyper

planes and their associated margins.

There are an infinite number of (possible) sepagatiyper planes or “decision boundaries”.
According to the above figure 3.7 both hyper plaocas correctly classify all of the given data
tuples.Intuitively, however, we expect the hyper planehwthie larger margin to be more accurate

at classifying future data tuples than the hypanelwith the smaller margin.
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Figure 3. 7 linearly separable 2-D training data

This is why (during the learning or training phasbe SVM searches for the hyper plane with the

largest margin, that is, the maximum marginal hypane (MMH). The associated margin gives

the largest separation between classes. Gettiag toformal definition of margin, we can say that

the shortest distance from a hyper plane to ore @lidts margin is equal to the shortest distance

from the hyper plane to the other side of its margihere the “sides” of the margin are parallel to
the hyper plane. When dealing with the MMH, thistance is, in fact, the shortest distance from

the MMH to the closest training tuple of eithersda

Figure 3.7 (a)
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2.5.1.4. 2.Constructing of Optimal Hyper plane Algrithms

Han and Kamber (2006) also reported that how thtemap separating line be drown based on

mathematical perspectives. As a result a separhtipgr plane can be written as
KD = 0. (3.1)

Where W is a weight vector, namely = {w1, w2... wm}js the number of attributes and b is a
scalar, often referred to as a bias. Besides tmhsider two input attributes, A1 and A2, as in
Figure 3.7(b). The training tuples D, e.g., X = (x1, x2), where x1 and x2 are th&uea of

attributes A1 and A2, respectively, for X. If wertk of b as an additional weight, w0, we can

rewrite the above separating hyper plane as
WOHFWIXTIHWZX2 = 0.ttt et e e et e et e et e e s e eaeeaenes (3.2)

Figure 3.7 tries to show two possible separatingehylanes and their associated margins. Which
one is better? The one with the larger margin shbalve greater generalization accuracy. Thus,

any point that lies above the separating hypereplaatisfies

WOHFWIXLHWZXZ2 > 0. e e e e e e et e e e e e ettt e e e e e eaeees (3.3)
Similarly, any point that lies below the separatiryper plane satisfies

WOFWIXLHW2X2 K 0ttt it e et e et et e e e et et e e e v e et e e e neaeneneneans (3.4)

The weights can be adjusted so that the hyper pldeéning the “sides” of the margin can be
written as H1 @ WO+WIX1+W2X2 >= 1 fOr YH, ..o e (3.5)

and H2 : WO+WIX1+W2X2 <= - L 0= -1, .o e (3.6)

That is, any tuple that falls on or above H1 betotmclass +1, and any tuple that falls on or below
H2 belongs to class -1. Combining the two ineqigaitof Equations (3.5) and (3.6), we get
YIIWOHFWIXLHW2X2) S= LVttt et et e e et et et e e e et e e e ae e e eeenas (3.7)

Any training tuples that fall on hyper planes HIH# (i.e., the “sides” defining the margin) satisfy
Equation (3.7) and are called support vectors. Tathey are equally close to the (separating)
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MMH. In figure 3.7(b)the support vectors are shown encircled with ériborder. Essentially,
the support vectors are the most difficult tupkeslassify and give the most information regarding
classification.As Han and kamber (2006) statedalir®V/Ms we studied would not be able to find
a feasible solution here for linearly inseparatdéad But there is an approach to extend the steps
described for linear SVMs with little modificatidn create nonlinear SVMs for the classification
of linearly inseparable data. Such SVMs are capabfeding nonlinear decision boundaries (i.e.,

nonlinear hypersurfaces) in input space.

As a result the extended nonlinear SVM method®val two major steps described below. In the
first step, we transform the original input dattoia higher dimensional space using a nonlinear
mapping. Several common nonlinear mappings carsbkd in this step. Once the data have been
transformed into the new higher space, the sectapdsgarches for a linear separating hyper plane
in the new space. We again end up with a quadogtimization problem that can be solved using
the linear SVM formulation. The maximal marginalpey plane found in the new space

corresponds to a nonlinear separating hyper suifieite original space.
3.5.1.4.3. Support Vector machine Algorithms

The Support Vector Machine (SVM) algorithm is prblyathe most widely used kernel learning
algorithm. It achieves relatively robust pattermagnition performance using well established

concepts in optimization theory (Cortes and Vaphf95).

There are many kernel functions in SVM, but seterijood kernel function is a research issue.
Basically, the followings are some popular kerngidtions: linear kernel, RBF kernel, polynomial
kernel and hyperbolic tangent kernel. Among thipipar kernel functions, the researcher choose
the linear kernel function because: the problenasliaearly separable, so we don’t need other
types of kernel function. Besides the class size/tsand dataset is easily manageable.

Hence, this research deals with linearly separdhla, the researcher used Sequential minimal
optimization (SMO) algorithms. Because it is avaldain WEKA and to implement this we use
polynomial kernel function with degree 1 was us€Elde. detail be discussed in experimentation
part.
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3.5.1.4.4. Sequential minimal optimization

Sequential minimal optimization (SMO) is an algonit for efficiently solving the optimization
problem which arises during the training of suppa@ttor machines. It was invented by Platt in
1998 at Microsoft Research (Platt, 1998). SMO iglely used for training support vector
machines and is implemented by the popular libswoh(Chang, C. et al, 2010).

SMO is an iterative algorithm for solving the opization problem by breaking the problem into a
series of smallest possible sub-problems, whichttege solved analytically. Because of the linear
equality constraint involving the Lagrange mulegpi©; , the smallest possible problem involves

two such multipliers. Then, for any two multipli€¥1 and®z2 , the constraints are reduced to:

where C is an SVM hyper parameter and K(xi, xjheskernel function, both supplied by the user;
and the variables are Lagrange multiplieasd this reduced problem can be solved analytically
The algorithm proceeds as follows:

1. Find a Lagrange multiplier that violates theri&n—Kuhn—Tucker (KKT) conditions for the

optimization problem.
2. Pick a second multiplier and optimize the pair.
3. Repeat steps 1 and 2 until convergence.

When all the Lagrange multipliers satisfy the KKadnditions (within a user-defined tolerance),
the problem has been solved. Although this algoriie guaranteed to converge, heuristics are

used to choose the pair of multipliers so as telacate the rate of convergence.

In general, According to Kotsiantis (2007) pointt that the following are the general pseudo

code for SVM algorithms are depicted as follows.
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1. Introduce positive Lagrange multipliers, one focleaf the inequality constraints (1). This

gives Lagrangian:

N N

1
o= S IWl2 ~ Y @y(e w=b) + Y @ (310)

i=1 i=1

2. Minimize Lp with respect to w, b. This is a cemwquadratic programming problem.
3. In the solution, those points for whiehi are called “support vectors” > 0

Even though the maximum margin allows the SVM teedeamong multiple candidate hyper
planes, for many datasets, the SVM may not be tblend any separating hyper plane at all
because the data contains misclassified instafdtesproblem can be addressed by using a soft
margin that accepts some misclassifications ofrénaing instances (Veropoulos et al. 1999). This

can be done by introducing positive slack varidhile i =1,..., N in the constraints, which then

become:
WXI == +1 —€for yi =41 i (3.11)
WXi-DS =14 € for yi = =T i e (3.12)

e 20, Thus, for an error to occur the correspondipmust exceed unity, sp,; & is an upper

bound on the number of training errors. In thisedd® Lagrangian is:

1 .
Ip= 3 ||W||2+C Y& — i {yi (x;. w—b) —1+€i} — S uig

where theui are the Lagrange multipliers introduced to ecéopositivity of thee; .Nevertheless,
most real-world problems involve non- separableadar which no hyper plane exists that
successfully separates the positive fromagative instances in the training set. One sotutio
to the inseparability problem is to map the dattéoan higher- dimensional space and define a
separating hyper plane there. This higher-dimemsiepace is called the transformed feature

space, as opposed to the input space occupiecehyaihing instances.
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Above all this research also investigated using Silgarithms based on the recommendation of
the previous researcher about the domain area @rabadst and test the performance of the
classification technique of SVM against the statullV for a given client.

3.5. 2.Clustering
Clustering is another task of data mining in whgroups of instances or objects that are more

similar belong to the same clusters whereas ditmino different clusters (Han and Kamber,
2001). The only difference between classificatiod alustering is in the case of clustering unlike
classification there are no predefined classesh@ge are no predefined classes and examples in
clustering, records are grouped together on thes lzdssimilarity among the instances (Beaza-
yates and Ribeiro-Neto, 1999).

3.5.3. Association rule
Discovers frequently occurring item sets in a dasgband presents the patterns as rules. This

technique has been applied in problems like netwdrlision detection to derive association rules
from users’ interaction history. Investigators atsm apply this technique to network intruders’

profiles to help detect potential future networtaeks (Lee et al., 1999).Association learning is a
data mining scheme in which any affinity groupingveeen features is sought, not just one that
predict a particular class value (Agarwal and Srika994).

Association is suitable if the problem is to egtrany structure that exists in the data at hahe. T
aim of association is to examine which instancesmost likely to be grouped together. Market
basket analysis is a typical practical applicatbassociation, which is concerned with what items
are consumed with a particular item by individualér. Association rules can be developed in
order to determine arrangements of items on stoeéves in a given supermarket so that items
often bought together be found arranged closkrdation (Berry and Linoff, 1997).

3.6. Successful Data mining

The two basic things to be successful in dataing is to come up with the a precise

formulation of the problem you want to solve aming the right data. The more the model

builder can play with the data, build models, eatduresults, and work with the data some more in

the given time, the better the resulting model bezoConsequently, the degree to which a data
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mining tool supports this interactive data explomatis more important than algorithms it uses

(Two crows Corporation, 2005).

3.7. Potential Application of data mining
The application of data mining spans various ingest Telecommunications and insurance
industries make use of data mining techniques tectldraudulent activities. In medicine, data

mining is used to predict the effectiveness of malgprocedures and medical tests.

Companies in the financial sector use data mirongetermine market and industry characteristics
as well as to predict individual company and stpekformance, Predict which customers buy
new policies ;ldentify behavior patterns of riskystomers (Two Crows Corporation, 1999).

3.8. Review of Related Work
There are a number of researches done to applyngdatag techniques in health care domain in
general and HIV/AIDS control and prevention pergrby extracting interesting pattern and rule

in supporting the decision maker in particular.

3.8.1. Application of data mining in Health care Idustry
The healthcare industry collects huge amounts aftih@are data which, unfortunately, are not

“mined” to discover hidden information for effeativdecision making. Discovery of hidden

patterns and relationships often goes unexploifetllanced data mining techniques can help
remedy this situation (Palaniappan and Awang,2@@8 result, Medical institution may use the
technologies developed in the new interdisciplineyd of knowledge discovery in databases
(KDD) (Larvac, 1998), and particularly data minifidoyd-iams, 2002). Today, numerous health
care organizations are using data mining tools tactniques in order to raise the quality and
efficiency of health-related products and servicdsnumber of articles published in the health
care literature shown the practical applicatiordata mining techniques in the analysis of health
care related records.

As part of this effort the health care organizagi@me implementing data mining technologies to
help minimize costs of clinical test, provisiongfality service (diagnosing patients correctly and

administering treatments that are effective) atratible cost and improve the efficiency of patient

62



care. Besides, data mining can be used to helpcgpriedure patient behavior and to improve

treatment programs.

By identifying high-risk patients, health professab can better manage the care of patients so they
will not be problems of tomorrow (Rogers and Joyr802).Recent trends in medical decision
making show awareness of the need to introduce doremasoning, as well as intelligent data
analysis techniques in the extraction of knowledggularities, trends and representative cases
from patient data stored in medical records (La/i2@8).

According to Larvac, machine-learning methods haeen applied to a variety of medical
domains in order to improve medical decision-makiiRpzak and baker (2006) have also
investigated a study focusing on mining associatid@s from asthma patients profile dataset. The
purpose of the study was to identify attributeg #feect asthma patients. The dataset of the asthma
patients records were about 16,384 records andsad8bles in various formats. These attributes

are grouped into demographic attributes and astefated attributes.

They employ data preparation and association ruleingn phases of data mining method.
Understanding the nature of the dataset, identffylata types and formats, identify incomplete
data, analyzing data distribution, and discretizilaga are the important stages needed in order to
systematically preprocess the data. As result t&f geeprocessing and cleaning only 31 attributes
are left to generate association rules. The agsmtieules mining phase uses Apriori Algorithm.
To implement the association rule mining technigesting and training dataset by determining
threshold value is the main work of the researcher.

Palaniappan and Awang (2008) have investigatedhbat to predict the probability of patients
getting a heart disease given patient recordsrdardo achieve this data mining goals, they used
CRISP-DM methodology and data mining Extension (DMiiery language for graphical user
interface design. They developed an intelligentesysthat predicts a given patient heart disease
status. To develop a model the study used decise®) naive- byes and Neural network data
mining techniques. The study used a total of 9@8nds with 15 medical attributes are used. The

records are split equally into training dataset5(4écords) and testing dataset (454 records). For
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the sake of consistency, only categorical medittebates are transformed to categorical data. The

attribute diagnosis” is identified as the predittaditribute.

The prototype intelligent heart disease predictgsystem (IHDPS) developed based on the
combined output of decision trees, naive Bayesrennal network data mining techniques. The
results of the study are encouraging and realieeothjectives of the defined mining goals. The
system extracts hidden knowledge from a histohealrt disease database. The models are trained
and validated against a test dataset. All modehdge extracted patterns in response to the
predictable state. The registered performanceaierbyes is better to predict patients with heart
disease and followed by neural network and thersibectrees.

3.8.2. Application of data mining in HIV/AIDS
Various local and international scholars have giteohto study the application of data mining on

HIV related records or data. The following worke aeviewed by the researcher to help clarify the
significance of the research problem and to shaevghp in the current local and international
studies.

Vararuk et al. (2008), for example, have invesgdahe application of data mining techniques on
HIV/AIDS records to determine the pattern that &xia patient. The researchers patterns obtained
in their study can be used for better managemetiteoflisease and appropriate use of resources in
Thailand. The study took 250,000 records from HINDS patients. IBM’s intelligent miner is
used for clustering and association rule mininggplied to identify symptoms that may follow a
set of existing ones.The study result of Vararuklg2008) have showed clustering of group of
patients with common characteristics . Associatioles generate that were not expected in the
data and are different from traditional reportingamanisms utilized by medical practitioners. It
also allowed the identification of symptoms thatestist together. A good indicator of this
research was that identification of symptoms tmatfarerunner of other symptoms can allow the

targeting of the former so that the latter symptamn be avoided.

Similarly, Madigan, et al. (2008) have examined #ssociation between the health workforce,
particularly the nursing workforce, and the achrmaeat of the millennium development goal,
taking into account other factors known to influenbealth status, such as socioeconomic

64



indicators. Specifically, the main goal of the studas to investigate the association between
health workforces with HIV prevalence rate at courével (worldwide). The dataset obtained
from WHO and NGO sources are merged into one filtha country level for analysis. CART
Methods over clustering data mining technique isdur prediction of the levels of HIV/AIDS
prevalence rates among the 194 countries for whetia are collected. The predictive model
developed indicates that increased physician amgerdensity (number of physicians or nurses per
population) was associated with lower adult HIV/APrevalence rate, even when controlling for
socioeconomic indicators. Finally the performantthe model revealed that the main determinate
factors in understanding HIV//AIDS prevalence raées physician density followed by female

literacy rates and nursing density in the country.

Elias (2011) conducted his research to determieesthtus of clients being HIV positive and
negative for data collected from Addis Ababa Admiirdation HCT users. To predict client’s status
the researcher used decision tree, J48 algoritmdsAasociation rule of Apriori algorithms. To
develop a model he followed CRISP —MD methodoldgy:. preparation of dataset Weka 3.7.5 ,
and Microsoft Excel was used. The research outpditated that 81.8% performance was
registered to associate the attribute and HIV stakinally, the researcher recommends the
implementation of the same research problem witlerotlata mining techniques by increasing the
number of dataset, number of variable to registdteb performance and develop knowledge based

system based on the extracted rule to scale uptéHhg in Addis Ababa.

Teklu (2010) has attempted to investigate the apptin of data mining techniques on anti-
retroviral treatment (ART) service with the purpagedentifying the determinant factors affecting
the termination /continuation of the service. T$tisdy applied classification and association rules
using, j48 and apriori algorithms respectively. T$tedy was conducted using 18,740 ART
patients’ dataset. The methodology employed tooperthe research work is CRISP_DM. Finally,
the investigator proved that the applicability aftal mining on ART by identifying those factors
causing the continuation of the service. Birru @0®as also investigated the applicability of data
mining on VCT taking the case of CDC. He used 56,d8taset from 2002 to 2008. The dataset

contains unbalance HIV positive and negative ciiedata and after the dataset is balanced only
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14,793 records are considered for his experimemtddvelop a model he employed CRISP-DM

methodology and used clustering and classificaliata mining techniques.

Among Clustering techniques, k-means and Expectatiaximization (EM) algorithms are used
to define group of similar VCT client and to seewhthese grouped affect the classification
outcome. From the two clustering algorithms EMatested and the cluster indices created using
this algorithm is then used as class for the diaasion purpose. In implementing the
classification he has used J48, random tree and-lay¢r perception to predict level of risks of
clients as high risky or low risk based on the w@ted indices. The performance of the model
indicate that decision tree have shown better padiace and appropriate to the domain. This is
due to the fact that decision tree algorithm hasrgple feature which can be easily understanding
by non-technical staff. Above all the researchepmemended further research using large dataset

and other data mining technique to boost the pedorce of the model.

Correspondingly, Abraham (2005) has conducted dataing research that examine the
application of data mining technology to identifgterminant factor of HIV infection and to find
their association taking the case of CDC. The mebea used 18,646 records extracted from
database of CDC. This dataset consists of 82 até&ribamong them only 19 attributes were
selected for training and testing the model. Toetlgy a model the researcher used decision tree
and association rule discovery. Knowledge STUDI@ ®Weka 3.7.5 data mining tools are used to
implement the model and to extract rules to idgntik factor. Abraham has tried different
association rule mining experiments by reducingtattes which the algorithm can do. He has
attempted to find risk factors using only genesslagiation rule which it can bring any attribute in

the consequent of the rule which may not be ugefidentify most risk factors.

In general, the aforementioned review highlighttthauch has not been done and left out
recommendation to try by other researcher in waynjorove the performance of the model and
get the actual problem solved. In this regardss tiesearch has been attempted to determine
variables that has significance impact on HIV itifat. Consequently, the researchers have used

20 attribute, three different classification modahd different target population (no previous
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studies has investigated the behavior of Universiiynmunity towards HIV with this technology)

to attain the research objectives.

Hence, to the knowledge of the researcher, thisareb problem has not been attempted before
and novel because more variables are used foirtgaamd testing the model; some of the features
of the variables or attributes are different (sashlocation, residence and category) and lastly
some of the classification model such as Suppoctovemachines are not been used yet to
investigate the determinate risk factor of HIV ictien.

Taking this fact in mind, this research has ingthtand conducted ,and would be expected to
contribute a lot to managers and decision makeHINIAISD prevention and control practicing
in VCT center.
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CHAPTER FOUR
DATA UNDERSTANDGING AND PREPROCESSING

4.1. Overview of African AIDS Initiatives Internati onal

AAIl (African AIDS Initiative International) is a HNn profitable and Non-Governmental
Organization (NGO) and is registered both in thaté&Sof Massachusetts, U.S.A and Ethiopia
working with the motto of “Fighting for Life”. (LL®, 2007).

AAIl envisions HIV/AIDS free, healthy and produotiAfricans. The mission of the organization
is preventing the incidence of HIV infection andtigating the impacts of AIDS among Africans.
The goal of the organization is developing and mting a culture of excellence for HIV/AIDS

prevention, service delivery, networking and reslear

To achieve its goal, the organization aims at ghoyg HIV/AIDS education for positive behavior
change, creating access to Voluntary HIV/AIDS Caling and Testing (VCT) services, provide
care, support and treatment for people living whiV/AIDS (PLWHA) and Orphans,
spearheading and facilitating collaborative paghgr among the national and international actors
working on HIV/AIDS in Africa. AAll opened its Regnal Office for Africa in Addis Ababa in
April 2001. It is strongly believed that the AAIlIBthiopia operations will serve as a model to
replicate its activities in other African countri@s collaboration with African Union (AU),
Harvard AIDS Institute and World Health Organizati@®vHO) (LLGP, 2007).

As part of its effort to contain the spread andigaie the impact of HIV/AIDS at national level,
AAIll is involved in various HIV/AIDS prevention andontrol activities. In this regard AAIl is
involved in the provision of VCT services, supptwtstudents’ and workers’ associations, girls’
and reproductive health (RH) clubs, provision ofalgy HIV/AIDS/RH services through
establishing resource centers, care and supp®itWéHAs in the various faculties and schools of
Addis Ababa University. Apart from its activities ihe academic institutions, AAll is involved in

providing care and support to PLWHAs and AIDS omhan Mojo, Debre Birhan, Debre Markos
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and Addis Ababa. Besides, it provides support tmroercial sex workers in selected areas of
Addis Ababa, particularly (Arada Sub City).The mtien of this research is to evaluate the
practice of the university community towards HIMfaation insides and outsides university(area

where university community exposed to their peas@ntertainment) campus .

As a result, this research mainly focuses on VE@ivise provided in Addis Ababa university
community and centers that resides in Arada Suh pdrticularly centers that are found in the
surrounding of Addis Ababa University. The VCT seevprovided in different faculty mainly in
Arat kilo and Sedist Kilo campus and off campusteewhich is located in Arada sub city around
Minillek Hospital. The process of VCT service isdissed in chapter three, section 3.4.1 in detail.
The counsellor provides both pre-testing and pestirtg counselling. According to the counsellor
of AAIl they spent much time in pretesting phasaliscussing issue related to HIV/AIDS. Once

the client decided to get test the counselling @ssdakes place in the following ways.

They initially fill client information in standarghaper format manually se&ppendix 1. The
format has three parts, the first part will beefll by receptionist, the second part called “pre-
testing” which is filled by the counsellor and tlast part called “post testing” filled by counsello
too. After pre-testing phase, the counselor takesctient to the laboratory for test if and only if
the client decided to take the HIV test. The infation gathered from clients is collected from all
VCT centers to be encoded centrally in computeriggstem. The software is called Epi Info
system which is capable of handling medical relat€d data. The documentation, data entry and
analysis are performed in the data managemenbsgedthis section is located in off campus site
and has one IT (Information Technology) professiagaa@ncode data and handle manipulation of

the system.

The proximity and being staff of the Universityetinesearcher’'s get access to and collect the

required data for this study encouraged the rekeato conduct this research at AAII.

4.2. Business Understanding
The main goal of AAIl is the realization of an HMDS free community at all operational level
sites where men and women in general and youthrticplar are empowered to use their potential

to control the spread and mitigate the impact oW/AIDS. AAIl achieves its objective
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empowering youth through enhancing the knowledggtude/behavior and life skills of the
student to detect (high) risk activates that letsicquisition of and transmission of the HIV
pandemic. Besides, expansion of VCT service in eemngs well as off campus site is the main
organizational goal. According to the counsellod @lata manager of the AAIl, in campus site
various means are used to teach the university aortynto mitigate the spread of HIV/AIDS in

campus.

These are conducting consecutive training for &nato the selected student member, distribution
of condom, and leaflet through student represeratcross dormitory, student lounge and within
their office. Besides, pear education is the besthranism that the organization is currently using
to create awareness about the incurable diseagemBthanism basically works with one student
for a minimum of five students (1.5) is assignedl dhe assigned student is responsible for
introducing about the disease for his/her spegfmup. She/he can be consider as a “preacher”

and as a result s/he gets a pocket money for adisinmg the assigned task.

On the other hand, the organization also provid#sntary counselling and testing service in off
campus site to address the service to universityognding and commercial sex worker

community.

4.2.1. Classification of AAIl intervention area
AAIl just like other international as well as loaaiganization has its own five years strategic plan

to accomplish its mission. It is a licensed angistered international organization. Its license is
renewed yearly based by Ministry of Health. It leagablished a framework to be followed under

five major intervention areas. These are:

1. Prevention education: Providing HIV/AIDS education to create awareness &ring
behavioral change. Providing financial assistammeestudent anti-AIDS club and worker

and female students club.
2. Condom promotion and distribution

3. Voluntary counselling and testing to create the opportunity and access to qual@®frVv
services. In this regards AAIl establish four VE&iles: Sidist kilo, Science, Mobile VCT
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center and Off campus(to provide access to those ave not comfortable to use in

campus service)

4. Care and support It also provides financial assistance especitdlysex worker and
economically unaffordable client. Because of latkufficient fund the AAIl set up an
agreement with university surrounding governtit@spital such as Black lion, yekatit
12 and Menilik for providing ART(Antiroviral Trément) service.

5. Capacity building and Networking and research.Establish database and network
facilities for disseminating information. Facilitag a networking and partnership among

the VCT community.

To accomplish its task the main source of fund AAdl from USAIDS, UNAIDS, Care
International, HAPCO (HIV/AIDS Prevention and Control Office) and FedeHAPCO. Even
though, such fund are earned through competitioprajfect proposal the AAIl has the following

three major problems.

a) Renewal of licenses in annual base is too buretc@ad time taking. As a result of this

the organization missed project funder.
b) Lack of transportation facility such as car.

c) Lack of sufficient budget to expand the scope ofTV&&rvice. As discussed above, the
organization provides only VCT service, after tHeerd result is positive, it doesn’t

provides financial support for that client.

In a normal circumstance AAIl provides voluntaryuoselling and testing service to the
community in campus and off campus site. The omgdinn only told the laboratory result of
clients after being tested in either site. Beyomal there is no way of identifying variable that
cause HIV infection rather keeps the client infotiorain computerized system. Basically AAll
analyze reports or the activities of the VCT searsiasing traditional methods of data analysis such
as MS Excel (mean, mode, variance etc.). Howewah snethods of data analysis has limited

capacity to discover new and unanticipated patteand relationship that are hidden in

71



conventional databases (Plate et al.,1997). Besibese identifying patterns of attribute or risk
factors of HIV infection are difficult because tHataset contains or involves too many attribute or
parameter. So studying the patterns of the atwilhat have relationship among each other rather

than listing are more crucial and support decisiaking.

Consequently, applying DM technology can handle gederate such pattern of variables that
cause HIV infection and used the output by conakpueety to facilitate decision making process.
Hence, this is main factor that the researcheateitl to conduct this research.

4.3. Understanding of Data

According to Cios et al. (2007) model, the next gghafter understanding the business and
problem domain has been data understanding. Hangesrequisite for undertaking DM research
was dealing with data itself. For this reason, Bemd Linoff (2004) described that the identified
good source of data to attain the DM goals has Heeworporate data warehouse. Hence the data
stored in corporate database (AAll VCT databas#hi® context) maintain consistency, in their

attribute value, data types and common format.

4.3.1. Data Source and Data Collection
There are two key tasks in data mining. The fire¢ & coming up with precise formulations of the

problem you are trying to solve. The second tasksiag the right data (Two Crows Corporation,
2006). Of the two main tasks analyzing and undedste the content and structure of the

collected data is one of the most important takisieed attention in data mining process.

The source of data for this research has beencteldrom AAIl VCT center database. The data
base was manipulated by using Epi info softwarg¢esys |t was standard medical software that
suite for handling medial related data. It has er usterface that allows the data encoder to enter
clients’ information. There were 18,800 clientsaets in the database but the researcher used only
15,396 for the reason that some records are noisemplete, and out of the scope of the study.
All the records are taken from the database staftiom 2005 to 2011 G.C. The summary of the

data sources is illustrated below in Table 4.1

Table 4. 1 Description of data source and Numbegeaords
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Source off Data coverage Number oNumber of| Size of the data Data
data center records attribute

Type
AAIl  VCT | 2005-2011 15,398 63 4.2MB Nominal
data G.C

4.3.2. Description and Quality of Data
The number of attributes of collected data from W&T center is about 63. However, with the

discussion of the domain expert, only relevanilaites is selected to perform data mining tasks.
The selected attributes are described in Appendi&c2ording to Han and Kamber (2006) data
quality can be measured in terms of accuracy, cet@péss, consistency, timeliness, believability
and interpretability. In this regard, VCT data suffrom incompleteness, missing value, invalid

value and inconsistency problems. Since data guedih also be affected by the structure of the
data being analyzed, the researcher give due emspioathis aspect of the data too. In the next
section only the selected VCT data for experiméortais summarized statistically relative to the

whole data.

4.3.3. Descriptive Statistical Summary of Seledeattributes
This initial dataset has been described and vigeliusing Microsoft Excels to examine the

properties of the dataset relative to the wholeonds. Simple statistical analysis has been
performed to verify the quality of the dataset sashmissing values, error values and to obtain
high level information regarding the data miningstions. Hence, the selected attributes used for
model building are statistically described in detaielow. This is helpful for understanding of the

dataset for experimentation.

4.3.3.1. Attribute Selection
In this study VCT data has been used, howeverptlginal records were full of problems and

errors; they were not used directly for data minppose. The process of filling client’s

information manually consists of three phaseshé&fitst phase, there are 19 attributes to be filled
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at reception when clients came to the sites for VE&rvices. These areCbuntry”,
“Region”,“Woreda”, “Site code”, “Site type”, “Organ ization type”, “Resident”, category”,
“year ", “Campus”, “Client code”, “Return visit”, “New code”, “Age”, “Sex”, “Counselor

code”, “Partner code”, “Couple code”, and “Visit date”.

{LINT]

Out of this only“Year”,” Campus”, “Residence”, “Age” and “Sex” attributes were selected,
because all of them directly related to the probterbe solved to attain the research objectives.
However, Country and Regions have been removedibeaontains single value attribute and has

no role for prediction to the subject under study.

Moreover, “Site code”, “Site type”, and “Organizati type “attributes have not been used to
identify the type of the centers but have not rafévfor this particular problem. Similarly “Client

code”,* Counselor code and “Partner code” were us®d since they are unique values and not
relevant in showing patterns. “Return visit” andetM code” attributes were used to check whether
the client has been returned to the center or rew,these attribute was redundant instead”

previous test attribute” was used.

Furthermore, pre counselling phase consists dt2butes (see Appendix 1), out of which 15 of

them has been selected. Other attributes suchvagdwohear of about VCT, from where the client
is referred, and date previously tested were nosidered as relevant for the purpose of this
research. All attributes in the post-test counge$iassion that are obtained after knowing the HIV
status were not considered since they did nqt imepredicting the HIV infection risk factor of

the clients. Thus, 20 attributes are selectedXpeements.
The selected final attributes were statisticallgatded below and see the details in Appendix 2.

Residence attributeslt stands for the place where client came from. @tiebute has 12 values

and they were nominal.

The frequency of the attribute with its variousued looks like as depicted in Table 4. 2. A client
who came from Addis takes 74.41 % of the whole skitaThe missing taken about 1.64 %,

however; this value was filled by the most freqeenialue which was Addis.
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Table 4. 2 Summary of Residence’s Attribute

Residence : Nomine

Distinct values Frequency Percentage (%)
1C-Addis 1145¢ 74.4]
11-Dire 59 0.3¢
1-Region : 72C 4.6¢
2-Region : 19 0.12
3-Region < 117¢ 7.6
4-Region « 1167 7.5¢
5-Region ! 14 0.0¢
6-Region ¢ 31 0.2C
7-SNNF 422 2.7¢4
8-Region ¢ 16 0.1C
9-Region ¢ 31 0.2C
Other: 31 0.2¢
Missing Valut 252 1.64
Total 1539¢ 10C

Category attribute: The frequency of the attributes and the corresipgngossible nominal value

has been shown in Table 4.3. As shown in tablertbdal value for category was regular student.
It has eleven values. The missing value of thebate was 9867 (64 %). It takes more than half
of the total records percentage. According to Haah kamber (2006) applying the most frequent

value (here regular student) IS used to fill the sgimg value.
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However, when we observe the actual records tresidence value is Addis (urban). So
discussing with the domain expert the missing vadulled with community. This is because
the number of the off campus client is greater thacampus client.

Table 4. 3 Statistical summary of category atteb

Category : Nominal

Distinct value No of clients Percentage (%)
Regular student 5854 38.02
Extension student| 359 2.33
Summer 403 2.62
Staff 967 6.28
Community 845 5.49
Student partner 306 1.99
other 1133 7.36
Missing value 9867 64.08
Total 15396 100.00

Year Attribute: It is a nominal attribute having ten distinct vauecluding 1st year to 8th year
and the other which are not applicable is anotladune: By examining the current university

curriculum, the researcher reframes the distinktevas follows in Table 4.4.

As shown in the following Table 4.4 , the commamversity community who taken VCT
service was third year but the community by faratge because their status belong to non -
student. It is about 57% of the total populatioasiBally the initial data indicate that both staff

and community were contained a missing and very#gtv not applicable value.
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Based on the reality and convenient for experiadént result the researcher filled the missing

value not with modal value rather with not applieab

Table 4. 4 Statistical description of the yeauriladiies

Year :Nominal

Distinct value Frequency | Percentage (%)
Not applicabl 40z 2.61
1st yea 132¢ 8.61
2nd yea 139¢ 9.0¢
3rd yea 172¢ 11.2¢
4th yea 159¢ 10.3¢
5th yea 12¢ 0.8(
6th yea 33 0.21
Missing 879t 57.1Z
Total 1539¢ 100.0(

Missing value of the records in the above tablesteged 57.12 % of the total selected dataset.
But, the actual records of the missing value waldrgs to non-student and found unfilled
(missing) similarly to Table 4.3, missing valuefilled with not applicable value instead of 3rd

year student which is relatively the most frequeaitie.

Sex Attribute: It contains two valid values that are either n@léemale. The detall is presented
in table 4.5. As shown in table 4.5, male clien88.89%) are more than female clients

(36.52%).This implies more number of male than fienchients was visiting the centers.

Session type Attribute: This attribute indicates whether the clients camevisit the center
individually or in couple. It has four possiblelwa namely individual, group, couple and other.
Table 4.6 presents the distribution of clients égsson type.
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Table 4. 5 Statistical suamynof Sex attribute

Sex :Nomine

Distinct value Frequenc Percentage (9
Male 9761 63.3¢

Femalt 562: 36.52

Missing Valut 14 0.0¢

Total 1539¢ 100.0(

Table 4. 6 Statistical summary of session typteAite

Session Type: Nominal

Distinct Frequency Percentage (%)
Value

Individual 1341( 87.0¢

Couple 1891 12.2¢

Grouf 9 0.0¢

Othel 9 0.0¢

Missing valur | 79 0.51

Total 1539¢ 100.0(

Marital status Attribute: The Attribute of marital status contains seven distivaliues such as
married, never married, separated, divorced, widlhweing together and other. The frequency

of the attribute with possible nominal value widl described in Table 4.7

As shown in the table below, modal value for martatus was never married. The missing

values of the attribute were 90 (.58%) which ispédtle so it better to fill with the modal value.
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Table 4. 7 Statistical Summary of Marital statutriBute

Marital status: Nominal

Distinct value | Frequency| Percentage (%)
Marriec 151¢ 9.8¢
Never marrie | 131&7 85.6¢
Separate 12¢ 0.8¢
Divorcec 29C 1.8¢
Widowec 121 0.7¢
Live togethe | 7 0.0t
Othel 6C 0.3¢
Missing valut | 9C 0.5¢
Total 1539¢ 100.0(

Education Attribute: This attribute reveals the level of education l@nds. It has nine distinct
values (illiterate, PHD, Able to read, Primary, Gedary and other mentioned in following
Table 4.8).

Employee Attribute: This attribute has a nominal value and refersh dlient’s status who
employed or not. The distribution of the client abaheir employment situation has been

described in Table 4.8. It has two distinct valuehsas Yes and No.

Table 4. 8 Statistical Summary of Employee Attté
Employee: Nominal

Distinct value Frequency| Percentage (%)
0-No 9092 59.0¢

1-YES 614: 39.8¢

Missing valut 168 1.0¢

Total 1539¢ 100.0(
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Table 4. 9 Statistical Summary of Education Atite

Education: Nominal

Distinct value Frequency Percentage (%)
lliterate 24¢ 1.62
PHD 3 1.9¢
Able to reas 24t 1.59
Primary 168¢ 10.9¢
Secondar 396¢ 25.7
Diplome 164( 10.6¢
B.Sc 452 2.9¢
Undergraduate ¢ 636¢ 41.3¢
Postgraduate ¢ 382 2.4¢
BA degre! 15¢€ 1.0¢
Othel 9 0.61
M.A degre: 2 0.01
Missing valur 152 0.9¢
Total 1539¢ 100.0(

As shown in table 4.9, clients whom educationalustavas undergraduate student and visiting
the centers most frequently accounts 41.34% of tdtaset. It followed by clients who has

secondary education level (25.78%) and primary aiiliigal levels (10.95%) respectively .Some
missing (0.99%) values were observed in AAIl VCTada

In the above table we can visualize that the peagenof client being employed was less than
form not employed. The percentage of not employedus employed is 59.05 and 39.89 %

respectively. The remaining percentage is missaige/which is 163(1.06%).
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Primary Reasons Attribute: This attribute describes the reason why the clientisiting the
center. There are around 21 distinct values fan@ry reason for using the VCT service. The
frequency of the distinct value with their respeetpercentage value will be shown in the Table
4.10 below.

Table 4. 10 Statistical Summary of Primary Reasaitribute

Primary Reasons: Nominal

Distinct value Frequency Percentage (%)
2nd Test(win 83: 5.41
Confirm positive resu 7C 0.4%
Get results previous t 2 0.01
Need Counselir 452 2.9
Test before pregne 9 0.0¢
Pregnant must knc 28 0.1¢
Plan for futur: 9322 60.5¢
Death/iliness of partn 48 0.21
Occupational exposL 54 0.3
Other blood/Fluid ex| 294 1.91
Client Risky/Had ris 1462 9.4¢
Sexual assal 14 0.0¢
To know statu 7C 0.4t
Partner Risky/Had ri¢ 18C 1.17
Not trust partne 397 2.5¢
lIl/Symptoms 174 1.1:
Premarite 40¢ 2.6¢€
Marital reunior 31 0.2(
Family plannin 3 0.0z
Visa applicatiol 14z 0.92
Othel 112( 7.21
Referre: 7 0.0t
Missing valu 245 1.59
Total 15396 100.00

As shown in table 4.10, most of the clients whativig the centers for planning their future
(which accounts for 60.54%) followed by when thelient was at risky condition (9.49%).

Moreover, 2451.5%6) missing values were identified from the data.
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Previous Tested Attribute: This attribute refers to whether clients have beeviously tested
or not. The clients visiting the centers may hawme previously and have different previous
HIV status or they may be coming for the first timidne summary of the previous test status of

the clients is presented in table 4.11

Table 4. 11 Statistical Summary of Previous tkgtttribute

Previous Test result: Nominal

Distinct value Frequency Percentage (%)
No 596¢ 38.7¢
Yes, HIV+ 204 1.3z
Yes, HIV - 899¢ 58.4¢
Yes, inconclusiv 13 0.0¢
Result not give 2 0.01
Didn't take resul 5 0.0
Othel 13 0.0¢
Missing value 19t 1.27
Total 1539¢ 100.0(

Table 4.11 indicate that even though, there haea barious reason for getting HIV test, getting
negative result encouraged clients to come agaihe VCT Center (Which accounts 58.44%)

and followed by clients not previously testeda@tounts 38.76 %).

Ever Had Sex Attribute: This attribute shows whether the client has et $ex since s/he
was born or nofThe summary of the data are presented in table 4.12
Table 4. 12 Statistical Summary of Ever Had Sexilfute

Ever Had Sex Type: Nominal

Distinct value Frequency Percentage (%)
No 552¢ 35.8¢

YES 973¢ 63.22

Missing Value 13¢ 0.9

Total 1539¢ 100.0(
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As shown in table 4.12, most clients (63.22%) hgaeeenced sex when they come to visit the

centers. There is 0.90% missing values.

Suspected Exposure TimeThis attribute is the length of time between tlagedof the client’s
most recent possible exposure to HIV and the datthe VCT visit. Table 4.13 shows the
detailed distribution of clients by exposure time.

Table 4. 13 Statistical Summary of Suspected ExpoAttribute

Suspected exposer Time: Nominal

Distinct value Frequency Percentage (%)
No expoure 370¢ 24.0¢
<1 montt 129¢ 8.4:2

1 to 3 month 120¢ 7.8E

4 to 6 month 203t 13.2-
Over 6 month 299¢ 19.4;
Don't know 288: 18.72
N/A 109: 7.1C
Missing value 174 1.1:
Total 1539¢ 100.0(

As shown in table 4.13, the suspected exposure éicceunts of 24.08% clients who has no
exposure and followed by Over 6 months (which ant®19.47%) when they visit the center.

Moreover, 1.13% missing values is detected frondtte.

Condom Use Attribute: It refers to the condom usage manners of clientsnd sexual

intercourse for the last 3 months. The frequenstrithution of clients are illustrated in table 4.14

Table 4. 14 Statistical Summary of Condom Usérildute

Condom use: Nominal

Distinct value Frequency| Percentage
Never 5236 34.00
Always 2134 13.86
Sometimes 770 5.00

N/A 7081 45.99
Missing values | 177 1.15
Total 15396 100.00
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As illustrated in the above table 45.99% of therts are observed as not applicable for use of
condom and those who accounts about 34% are nsgdgha condom. Additionally, 177(1.15%)

of the client use condom behavior for the lastnsonth is treated as missing value or unfilled.

Used condom Last Sex Time attributeThis nominal attribute is talk about the clienttsmmdom
use behavior during last sexual intercourse wikuakepartner. It has four possible distinct value
namely: - yes, no, does not remember and N/A (ppti@able). The frequency distribution is
depicted be in Table 4.15

According to Table 4.15 indicated that 46.7 and7381% of the clients have not used condom
during last time they had sex, however 19.74 % heeel condom. Minimum number of missing

value (1.09%) is identified from the records.

Table 4. 15 Statistical Summary of Used CondashAdtribute

Condom use Last Time had sex: Nominal
Distinct value Frequency Percentage
No 7191 46.7(C

Yes 304( 19.7¢
Doesn' 104 0.6¢
remember

N/A 489t 31.7¢
Missing valu 16¢ 1.0¢

Total 1539¢ 100.0(

History of Sexual Transmitted Infection (HSTIs) attributes: This attribute deals about client’s
personal history of has been make a diagnosisamtipe of STIs. It has same distinct value of as

“condom use last time had sex” attribute. The tletgiresented in table 4.16.
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Table 4. 16 Statistical Summary of History of GaiXTransmitted infection Attributes

H STI: Nominal

Distinct value Frequency| Percentage
No 10263 66.6¢

Yes 15C 0.97

Don't know 13 0.0¢

N/A 476¢ 30.9]
Missing valut 20z 1.32

Total 1539¢ 100.0(

In the above table we can observe that 66.65% @fcttents have not known their sexual
transmitted infection history. The number of migswalue is very few and accounts about

1.32%.

Steady Attribute: A numeric attribute that indicate the number ofnp@nent sexual partner that
clients have ever contacted with. It describeceirms of mode, mean, outlier and missing value.
Statistical distribution of the number of sexuaittpar for a given client be illustrated below in

Table 4.17.
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Table 4. 17 statistical summary of steady attribute

Distinct Value Frequency Percentage(%) Remarks
Invalid value 6261 40.66 1-,-01,~, ,and *
0 1990 12.92

1 6969 45.26

2 18 0.12

3 4 0.03

4 8 0.05

5 1 0.01

6 1 0.01

7 1 0.01

10 3 0.02

14 5 0.03

Missing value 137 0.89

Total 15396 100.0

Table 4.17 shows that the number of client whogemanent partner account of about 45.26%
andfollowed by those who have no partner or zero valttee number of error or outlier and
missing value detected from the data is 40.66 &% 8spectively. On the other hand almost

half of the records were filled by invalid value.

Age attribute: The age attribute contains a numerical valid vatuthe range from birth to 99
years old client. Clients at various ages are cgrtonthe centers for HIV screening. The details
of the age of the clients are presented in taldl8.4As the researcher observed, there is no age
missing value from the selected dataset.

More over the average age who involved in VCT sers 25. This indicates that they were the

youngest and productive force of the community. ¢¢erthe dataset includes both age groups
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starting form O year to older age because the argtnon provides service for both university
community and  people who are found in surroundifigAddis Ababa University. The
maximum age of client who took the VCT service3s 8

Table 4. 18 Statistical summary of age attribute

Age : numeric

S,N | Age distribution Age number
1 Minimum 0

2 Maximum 85

3 Mode 20

4 Average 25

Total number of Age in the dataset | 15396

Location /Campus attribute: This nominal attribute records the client placenafrk or their
affiliate faculty in which they registered. It isassified under nomenclature of the university
faculty and arada sub city. The frequency of thent$, where they are living ,and where they

takes VCT service depicted below in Table 4.19.

As shown below in table 4.19 majority of the clievtio took VCT service have not mentioned
their campus or place where they currently setigdich account about 55.26% considered as a
missing value. But about 28.07 % of the client Wasg in sedist kilo. The some value of the
attribute duplicated with different spelling of samame. For instance, ‘Art’ and ‘art school’,
registered with different name but same value.ds worrected and categorized as one distinct

value.
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Table 4. 19 Statistical Summary of place of lamatcampus of the client

Campus/Location : Nominal

Distinct value Frequency| Percentage (%)
Art 1 0.01
Pharmacy 1 0.01
Sedist kilo 4322 28.07
Science 2134 13.86
N.Technology 129 0.84
S.Technoligy 32 0.21
Commerce 21 0.14
Veterinary 5 0.03
B.Lion 4 0.03
ART School 3 0.02
Yarede 2 0.01
N/A 51 0.33
Other 83 0.54
B.Lion 1 0.01
Missing Value 8509 55.26
Total 15396 100.00

Similarly, as Table 4.3 and 4.4, here is a miss@ge which was handled using other than most
frequented value. Because the campus only holdahe of the student rather than community
or client. When we observed the actual data setrtissing value belongs to “Addis”. So the

researcher with much discussion with domain exgedecided to fill using NA value.

Causal Attribute: This numeric attribute shows the number of all hesex partners the client
has faced only once or rarely for the last 3 mantfable 4.20 summarizes the frequency
distribution of the attribute causal. As shown belm table 4.20 the number of erroneous
treated as causal value is 69.21%. The missingvald.07%. The average number that a client
faced a sexual partner is less than one whichasumt of .95 % and it is followed by usual one

partner contact.
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Table 4. 20 Statistical summary of Causal Attiésu

Causal: Numeric

Number of Causal | frequency| Percentage (%) Remark

0 197¢ 12.8¢ Minimum contac------ 0

1 200¢ 13.2 Maximum contact------ 20

2 302 1.9¢ Average----------------- 0.95

3 194 1.2¢€ Missing value---------- 1.07%
4 43 0.2¢ Error 69.21%
5 20 0.1z

6 11 0.07

7 6 0.04

8 1 0.01

10 6 0.04

11 2 0.01

12 2 0.01

15 3 0.0z

18 1 0.01

20 1 0.01

Missing valu 165 1.07

Invalid value 10657 69.21] --,--% %, -+,0-,,1-,4-- 4- are outlie
Total 1539¢ 100.0(

This takes 13.02 % of the total client. Besides, ditlier that is wrongly entered in the record
should be removed and corrected manually basedeoproximity of the value by the researcher

judgment.

HIV Test Result Attribute: This nominal attribute determine the client HIV taga by
laboratory test of his/her blood. The laboratorst t&ill be investigated and determine by lab
technician as HIV negative and positive. The ovenzkestigation of the AAIl data set regarding
HIV status is illustrated in Table 4.21.

As depicted in the table 4.21 about 96.10 % of dlent has be tested and grouped as HIV
negative, 3.07 % of the clients are HIV positivdheTnumber of missing value
detected from the data are .79% and 0 .01% respécti

and error
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Table 4. 21 Statistical summary of HIV Test Reddtributes

HIV test: Nominal

Distinct value Frequency| Percentage
Negative 1479¢ 96.1(

HIV+ 47:% 3.07

NA 4 0.0¢

Invalid 1 0.01
Missing valu 122 0.7¢

Total 15396 100.00

4.4. Data Preparation and Preprocessing
These steps consist of the core of data miningtakel much of the research time and effort of
the entire knowledge discovery process but criicahe most compulsory activity in data

mining process (Han and Kamber, 2001).

Data preprocessing involves all the action takefiorbethe actual data analysis process start. It
can be defined as a transformation that transfahmgaw real world data to a set of new data
(Famili and Turney, 1997). It is unrealistic to expthat data will be perfect after it is extracted

Since good models usually need good data, a thbrolegnsing of the data is an important step

to improve the quality of data mining methods.

As Berry & Linoff (2004) have pointed out, the pess of preparing data is like the process of
refining oil. Oil starts out as a thick tarry sudoste mixed with impurities. It is only by going

through various stages of refinement that the raatenal becomes usable. Just as the most
powerful engines cannot use crude oil as a fuel,niost powerful algorithms (the engines of

data mining) are unlikely to find interesting pati® in unprepared data. The correctness and
consistency of the data also matter the performanaata mining research. So as to boost the
performance of the algorithms, the researcher tiwedssess such problems which require due

emphasis by applying different preprocessing teples. Such methods are data cleaning, data
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reduction, and data integration and transformatifach of these methods will be discussed in
details as follows.

4.4.1 Data Cleaning
Data Cleaning is a process which fills in missirgues, removes noise and corrects data

inconsistency. Usually, real world database contaomplete, noisy and inconsistent data and
such unclean data may cause confusion for the daténg process (Han and Kamber,
2001).Consequently, data cleaning has become aimaster to improve the quality of data so

as to improve the performance of the accuracy #iaemcy of the data mining techniques.

This technique involves removing the records tadl incomplete, noise (invalid) data and
filling missing values under each column. Remowvuigsuch records was done as the records

with this nature are few and their removal doesafif@ct the entire dataset.

As a result , the researcher make use of MS-Ex@&0D 2 built-in functions like search and

replace, filtering, and auto fill mechanisms ,anBKA to identify and fill missing value.

4.4.1.1. Missing Value Handling
Missing values refer to the values for one or mafttabutes in a data that do not exist. In real

world application data are rarely complete. It @so be a particularly pernicious problem.
Especially when the dataset is small or the nurobermissing fields is large, not all records with

a missing field can be deleted from the sample.

Moreover, the fact that a value is missing mayigeificant itself. A widely applied approach is
used to calculate a substitute value for missietfl$, for example, the median or mean of a
variable (Famili and Turney, 1997). Accordinglyethesearcher has been analyzed the VCT
dataset and identified missing values and take uneas solve the problem as follows. As we
depicted in section 4.3.3, missing values are lgledentified and calculated the percentage of
the value against total records. As a result, titéeeselected attribute illustrated less than one

percentage (1.00%) except campus ,
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year and category attribute which of them accounits55.26%, 57.12%, and 64.08%
respectively. To handle the problem of missing galtor nominal data type attributes, replacing
with modal value is recommended in Two Crows Casfion (1999).For numeric data type

attribute the missing values were recommended teflaced by the mean of that value a whole

Therefore, based on the above principles the relseahandles the missing value and WEKA
preprocessing replace missing value techniquesused. WEKA fills using the most frequent
(modal) value methods which is same as the abaweiple. Additionally, manually tracing and

fixing the missed value is other technique usedrésearcher. Summary of handled missing

value is illustrated in Table 4.22

As shown below in table 4.22 out of the select@@@ributes 19'n of them have registered with

a missing values. Accordingly, the researcher sstactake appropriate action to clean the data.

4.4.1.2. Handling outlier value
The data stored in a database may reflect outlieoise, exceptional case, or incomplete data

object and random error in a measure of varialhese& incorrect attribute values may be due to
data entry problems, faulty data collection, ingstemcy in naming convention or technology
limitation (Han and Kamber, 2001). The authors halsd explained four basic methods for
handling of noise data. These are binning methlodiering, regression and combined computer

and human inspection.

In this research, the researcher has identifieddmtected noise or outlier value from the VCT
data. With the help of domain experts the iderdifieutlier was corrected manually. As
mentioned in the previous section, we tried to dbesahe outlier particularly in table 4.18 and
4.21 of steady and causal attribute. Accordinglgpmbined effort of the researcher and domain
expert were taken to identify and correct the probbf the inconsistence, incompleteness, noise

or outlier.
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Table 4. 22 Summary of handling missing value

Number | Attribute name and % of | Replaced with Reason/Technique
their data type missing applied
value
1 Residence :Nomin 1.64 Addis Most frequent valt
2 Category: Nomin: 64.0¢ Community Reason discusst
under table 4.4
3 Year : Nomine 57.1- Not applicabl Reason discusse(
under table 4.5
4 Sex:Nomine 0.C9 male Most frequent valt
5 Mar status: Nomin; 0.5¢ Never Marriet Most frequent valt
6 Education :Nomin: 0.9¢ Undergradua Most frequent valt
7 Employment:Nomin: 1.0¢ nc Most frequent valt
8 Reas Hear:Nomin 1.5¢ plar Most frequent valt
9 PrevTest:Nomini 1.27 nc Most frequent valt
10 EverHSex:Nomin: 0.¢ yes Most frequent valt
11 SusexpTime:Nomin 1.15 No experienc Most frequent valt
12 Conduse:Nomin: 1.1¢F Not Applicable Most frequent valt
13 LastCondUse:Nomin 1.0¢ nc Most frequent val
14 HSTI:Nomina 1.3z nc Most frequent valt
15 Steady: Numri .8¢ 1 Most frequent valt
16 Causal:Numeri 1.07 1 Most frequent valt
17 SessType: Nomin .51 Individual Most frequent valt
18 Campus:Nomini 55.2¢ Not applicabl Reason discusst
under table 4.20
18 HIV test:Nomina 0.7¢ negativ Most frequent valt

In table 4.20 we identified 10657(“-“) incompletalues the researcher used bin mean smoothing

to replace the missed data as recommended by HbKamber (2006).
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With this regards the mean of the total record3.@% and rounded to 1. so the replaced value
will be “1”. By the same token, some value of tleeards exhibit inconsistency and different
from the existing one which is called noise datauwtier. For instance, “1” and “01”,2 and “02”,
“many” and ” too many” and other reveal inconsisemand "-+",” _*""3--,4--",-1,-0 and much
other outlier are observed from this particularilagte. In similar fashion the researcher remove
0 from prefix and keep the remaining data as aevaluthe record and remove many and too
many value and replace with maximum value i.e. “20h the other hand, based on the
recommendation of Han and Kamber (2006), we remtiveautlier “-+",” _*” and replace with
the most frequent value (mode) which is “1” and ogmsuffix (- -) from “3- -“and “4- - “and

keep their value as it is.

Moreover, in table 4.17, we can see same probleme@dentioned above and same technique is

applied to clean the data before implementationg 8VEKA.

4.5. Data transformation and Reduction

As Han & Kamber (2006) have stated, data miningrofequires data integration or the merging
of data from multiple data sources. The datasethviwere used for the subsequent model
building are prepared and derived from one soukéél VCT clients records, hence no need of

merging of the database.

In data transformation, the collected data aresftamed or consolidated into forms appropriate
for mining. The process of data transformation migiclude smoothing (using bin means to
replace data errors), normalization, where thébati data are scaled so as to fall within a small
specified range (scaling a data inside fixed rang#ibute construction, where new attributes
are constructed and added from the given set wibate to help the mining process
(Chackrabarti, et al., 2009). The data needed t@theced in order to make the analysis process
manageable and cost- effective. Chackrabarti @0419) and Han and kamber (2006) discussed
in their books that data reduction techniques uhelu data discretization is one of data

transformation methods which is used to reducentimaber of values for a given continuous
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attribute by dividing the range of the attributetoi intervals. Interval labels can then be used to
replace actual data values, data cube aggregdaimensional reduction (irrelevant or redundant
attributes are removed), and data compressionigdaacoded to reduce the size, numerously

reduction (models or samples are used insteaceaddtual data).

In this research some attributes were discretipexkduce the unlike values of the attribute to
obtain knowledge (pattern) and to make the datastgdble for data mining tools. As a result, the

following section depicted the details of them.

4.5.1 Discretization and concept hierarchy generain
Han and Kamber (2006) reported that raw data vdoeattributes are replaced by ranges or

higher conceptual levels. Concept hierarchies alloev mining of data at multiple levels of
abstraction, and are a powerful tool for data ngnifhat is, mining on the reduced data set

should be more efficient yet produce the samel(oost the same) analytical results.

Discretizing the residence attribute valuethis attribute consists of the nine Ethiopian regio
state (Afar, Mekele, Harari , SNNP, Gambela , Bangjul, Oromiya, Amhara and Tigray) and
the two City administration namely Addis and DeBeit some value is repeated with different
name with same distinct value. Here it replacedwiddis and the remaining distinct value is
transformed starting from R21 through R9. ForisdDere and other option as R14, R10 and

99 are used respectively.

Discretization summary of year attribute: Based on the current curriculum of tertiary
education, the researcher tried to associate aassity the current academic year of user of
VCT. For this reason the year category of the theili be range and transformed as Y1 to Y6

and “NY” instead of 'not applicable’ and ‘otherg’easubstituted.

Discretizing the category Attribute value: So as to understand with a high level of concegt an
easy to interpret the output of data mining, aath @dvantage of it, the researcher discretize
the category attribute value as follows in Tab234.

95



To decrease the size of the attribute (same valutheo attribute with different values and
simplicity of manipulation) the researcher triedctilocated and transform in to new value. For
instance ‘staff family’ and ‘community’ almost cosisof same behavioral value. So it will be

redundant and should be removed.

Table 4. 23 Discretization summary of Categotylaite

Attribute Old value Transformed Remarl

Name value

categor Regular student, post graduate .| Regularstudent For the sake of eas
student understanding and
Extension stude Extension stude | interpretation, the most
Summer stude Summer stude related values are
Staff staff grouped together.
Community , Staff family Community
Partnel Partrer
Other, Visitors and not applical Othel

Discretization summary of Education attribute: The different distinct value of educational
attribute has been transformed in to high levat@icept. The details has been shown in Table
4.25

Moreover, the researcher also tried to transférendistinct value of the campus or location. The

old and transformed values were shown below iretd24
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Table 4. 24 Campus attributes values discretinati

Attribute | OId Attribute value | Transformed Remark
Name Value
Campu | Sidist Kilo Sidist Kilo (SS Social science and FBE members

included

Technology N. & £

Technology N. &

S

The number of Tech s.is very fev

(Technology) if u merged , no problem created
Commerc Commerce (Com
Medicine Medicine(Med B.lion and B.Lion , both of ther
belongs to same family
Scienci Science(SC Art and Art schools holds same d
and under the constitute of science
NA, other Not Applicable Hence, NA is a high level ar

inclusive to incorporate other.

Table 4. 25 Education Attribute values Discrdtma

Attribute Name Old Vvalues Transformed
value
Educatiol llliterate llliterate
Able to rea Able to rea
Priman Primary
secondar secondey
undergradua undergradua
postgradua postgradua
other, TVET, diploma an| othel
other certificate ig
included
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As shown in table 4.25 the value of the attribuéasformed and grouped in to high conceptual

level. For the sake of analyzing the data easilygi8VEKA, it is also converted the transformed

value in to nominal. The new grouped distinct vaisgother” which transformed from

“diploma”,”"TVET” and the old name”other” educatidiavel. Therefore, the final valid distinct

values will become seven valid distinct values.

Discretizing the Reason Hear Attribute value The primary reason the clients are visiting the

centers has 22 distinct attribute values. Thesgbatt values are grouped in to five higher

knowledge level values. These are Plan, Risk, Calsaw status and other. The details high

level grouping will be illustrated below in Table28

As shown in table 4.26, the researcher transfortheddetails old value into concrete five new

values to improve the performance of the models.

Table 4. 26 Discretization of ReasHere Attréo\falues
Attribute | Old values Transformed | Remark
Name value
Reason | “Client Risky” ,“Partner Risky”, “Not trust partnér, | Risk
Here “Other blood/fluid exposure”, “Sexual assault”,
“Preliminary ART”
“Premarital” , “Marital reunion”, “Family planning’| Plan
“Visa applicant”, “Need counseling”, “Test before
pregnant”, “Pregnant must know”, “Plan for future”
“TB”. "death lliness of partner”, “lll/Symptoms” | Causal Clients
“Occupational exposure”, exposed  tg
HIV causal

“Referred” , “2" Test (windows) ", “Confirm positive
result”, “Get results previous test”, “Status know”

Status know

Other

Other

However, from the context of HIV/AIDS, clusteringi¢ possible distinct value in to high

knowledge level and removing unnecessary data bedp the researcher and the machine to

easily manage and generate appropriate pattern.
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Accordingly the researcher by discussing the matitdr domain expert grouped the value in to
three distinct values. These are “No partner”, “Quagtner” and “Multiple partners” for both
attributes. Hence, the actual values 0 and 1 glkaged by “No partner” and “One partner”

respectively, whereas the value more than 1 isoepl by “Multiple partners”.

Discretizing the Values of Age Attribute: Replacing numerous values of a continuous ateibut
by a smaller number of interval labels there byuoed and simplifies the original data. This
leads to a concise, easy to use, knowledge-leyalesentation of mining result. Concept
hierarchies can be used to reduce the data byctiotle and replacing low-level concepts(such
as numerical values for the attribute age ) witghHevel concepts for instance Child hood,
adolescent ,adult and old(Han and Kamber,2006)owliegly, binning methods was used to
scale the values of “Age” attribute. Such a meahindjscretized values used in this research are
grouping the age value in to six distinct valududang “0-15”, “16-20”, “21-25", “26-35”", “36-
45", and “46+”. These groups shows pattern of “afeihy. Therefore, the actual values of the

ages are manually replaced by the correspondirigleigl grouped values.

Table 4. 27 Discretization of age attributes ealu

S.N | Age attribute in range | Transformed value
1 “0-15” Al
2 “16-20" A2
3 “21-25" A3
4 “26-35" A4
5 “36-45" A5
6 “46+" A6

As shown in the above table range of age atkiluatlue reduced in to six distinct high
conceptual levels.
Once the data sets are pre-processed and cleleatbit steps is develop a data mining model

using WEKA 3.7.5 software which is handled in tiext chapter.
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CHAPTER FIVE
EXPERMINTETION AND ANALYSIS OF RESULT

In this chapter, the researcher describes the igebs that have been used in developing a
model to predict HIV infection risk factor. Thissearch incorporated the typical stages that
characterize a data mining process. This studybas organized according to hybrid processing
model, which is described and discussed in sedtidrl and 2.4.4 and shown in figure 3.3 of
chapter one and two respectively. Here the rekeamiscuss the experimentation process by
relating the steps followed ,the choice made , thek accomplished , the result obtained,
evaluation of the model and results , and pre&eanta way that the organization can easily

understand and use it.

5.1. Model Building

Modeling is one of the major tasks which is undestaunder the phase of data mining in hybrid
methodology. In this phase several data miningrtiegles are applied and their parameters are
adjusted to optimal values. Typically, differenthaiques can be employed for similar data
mining problems. Some of the tasks include:- seglgcthe modeling technique, experimental

setup or design, building a model and evaluatiegniodel.

5.1.1. Selecting Modeling Technique
Selecting appropriate model depends on data mgwads. Consequently, to attain the objectives

of these research three classification techniquaes been selected for model building. The
analysis was performed using WEKA environment. Amtime different available classification
algorithms in WEKA, PART, J48 and SMO are usedeigperimentation of this study.

The researcher selected the above algorithms, &aggpderstanding and interpretation of the

result of the model.
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A PART algorithm is common types of rule inducti@echnique which generate a model as a set
of rules. In the meantime, the J48 algorithms aigien tree generate a model by constructing a
decision tree where each internal node is a featumdtribute. The leaf nodes are class output
(Witten and Frank, 2005). Besides, SMO algorithnavsilable algorithm for Support vector
machine implementation in WEKA to classify high @insional data.

JA48 is one of the most common decision tree algost that are used today to implement
classification technique using WEKA (Two Crows GCangtion,1999).1t is WEKAs
implementation of C4.5 top-down decision tree neas proposed by Quinlan(1986). This
research used C4.5 algorithms to predict HIV ingectrisk factor. This algorithm is
implemented by modifying parameters such as conééefactor, pruning and unpruning,
changing the generalized binary split decisionsifesition and other option available in Table
5.1. Therefore, it is very crucial to understane éivailable options to implement the algorithms,
as it can make a significance difference in theliuaf the result. In many cases, the default
setting will prove adequate, but to compare restntsdels and attain the research objectives
other opitions are considered (Witten and Frank528lan and Kamber, 2006).

Table 5. 1 Parameters for building J48 trees.

Name Possible value Default vaue Descriptiot

M- Number of| 1, 2... Minimum number of instances in leav
Instance 2 (higher values result in smaller trees).
U_ un pruned tre yes/nc nc Use un pruned tree (the default value *

means that the tree is pruned).

C. confidence factt | 10 - -0.E 0.2t Confidence factor used in post prun
(smaller values incur more pruning).

S-sub tree raisir yes/nc yes Whether to consider the sub tree rais
operation in post pruning.

B-use binary split Yes/nc nc Whether to use binary splits on ninal
attributes when building the tree.

101



As indicated in above Table 5.1 the commonly ussdpeter of J48 algorithms was illustrated
with various options related to tree pruning. Pngnproduces fewer, more easily interpreted
result. In other word, pruning can be used as &ttaorrect for potential over-fitting. The

algorithms recursively classifies until each leaf pure, meaning until dataset has been
categorized as close to their respective classesilge. Hence, the process ensures the

maximum accuracy on the training data, but creaxesssive rules.

In general, Witten and Frank (2005) explained Wagious option of tree pruning in J48
algorithm as follows. Basically, J48 uses two pngnimethods; these are subtree replacement
and subtree raising. The former method used J4#ioh the nodes in a decision tree may be
replaced with a leaf to reduce the number of talstsg a certain path. This process starts from
the leaves of the tree, and works backwards towsdoot. The later methods used where a
node may be moved upwards towards the root ofre teplacing other nodes along the way.
Subtree raising often has a negligible effect origien tree models. There is often no clear way
to predict the utility of the option, though it mde advisable to try turning it off if the
induction process is taking a long time. This i da the fact that subtree raising can be

somewhat computationally complex.

Reduced-error pruning option: Error rates are used to make actual decisionsitalvhich
parts of the tree to replace. There are multiplgsata do so. The simplest method is to reserve
a portion of the training data to test on the denisree. The reserved portion can then be used
as test data for the decision tree, helping to ayree potential over fitting. This approach is
known as reduced-error pruning. This method redtleeoverall amount of data available for
training the model.

Confidence factor option: Confidence factor is the approach that seeksrecést the natural

variance of the data, and to account for that magan the decision tree. This approach requires
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a confidence threshold, which by default is seR¥opercent. This option is important for
determining how specific or general the model stidnd. If the value of the confidence factor
is lowered on the selected model, the training dakxpected to fit in closely to the data we

would like to test. As a result of this a more gdror more generalized tree will be produced.

Minimum number of instances per leaf option this is the lowest number of instances that can
constitute a leaf. The higher the number the mereetal the tree will be. Lowering the number

will produce more specific trees, as the leavesimecmore granular.

Binary split option: The binary split option is used with numericatadalf turned on, this

option will take any numeric attribute and splitrito two ranges using inequality. This greatly
limits the number of possible decision points. Ratihan allowing for multiple splits based on
numeric ranges, this option effectively treats tte#ta as a nominal value. Turning this

encourages more generalized trees.

Laplace smoothing option This option is used to prevent probabilities frawer being
calculated as zero. This is mainly to avoid possitbmplications that can arise from zero

probabilities.

If the data mining researcher decides to emplog prining, it is advisable to consider the
above options. Depending on how the training astidata have been defined, the performance
of an unpruned tree may superficially appear betten a pruned one. This can be a result of
overfitting. Hence, it is important to repeatedlyperiment with models by intelligently
adjusting these parameters to obtain the bestfseptons. According to Witten and Frank
(2005), five basic and familiar parameter that Ugussed for data mining research is depicted
in Table 5.1. PART algorithms are also separateeamdjuer rule learner proposed by (Witten
and Frank, 2005)he algorithm generates sets of rules called 'datiksts 'which are ordered

set of rules.
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PART builds a partial C4.5 decision tree in eaehaition and converts the “best” leaf into a
rule. The five basic parameter mentioned for J48rahms decision tree are also available and
applicable for PARTSince SVM popularity in 1998, it controls complgxand overfitting
issues, so it works well on a wide range of prattigroblems (Vapnik ,1998). Due to this
reason and previous studies research directioasiebearcher selected to implement SVM in
this study. To investigate the applicability foesie research purpose SMO algorithras used
SMO is nothing but implementation of SVM in WEKA.efore it gets to implement the
software automatically convert all nominal attrigsitinto sets of binary attributes. Then the
WEKA takes the dataset as input.

Figure 5. 1 The snap shot of SMO algorithms

&F weka.gui.GenericObjectEditor (B>
weka.dassifiers. functions.SMO
About
Implements John Platt's sequential minimal optimization More
algorithm for training a support vector classifier. [ - bilits ]
buildL ogisticModels False -~

< 1.0
dhedksTurmedOff False -~
debug False -~
epsilon 1.0E-12
filterType Normalize training data -~

kermel Choose PolyKernel -C 2S0007 -E 1.0

toleranceParameter 0.0010

= | p——— o  E————

As shown in the above figure, the possible paramaised to implement the SVM are depicted.
Besides, under kernel parameters there is alsa pibgsible parameter that is applicable for
SMO to extend. The details description of the comrbasic parameters used in SMO are as
depicted in Table 5.2. ( Platt,1986).
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5.1.2. Experimental Setup
In any data mining process before building a moaed, need to generate a procedure or

mechanism to test the model's quality and validfgr instance, in supervised data mining tasks
such as classification, it is common to use clasgibn accuracy measure or error rates as

guality measures for data mining models.

Table 5. 2 Parameter for building SVM models

Name Default value Description
BuildLogistic Models| False if this is true, thenetloutput is propef
probabilities rather than confidence scores
C-Complexity 1.0 limits the extent to which the function|is
parameter allowed to overfit the data
filterType Normalize training whether you normalize the attribute values
data
Exponent 1.0 Used to describe the degree of | the
polynomial kernel
numFolds -1 cross Vvalidation for training logistic
models
Kernel Polynkernel-c250007 Use to select types of kernel depend
E 1.0 for data set(being linear and non-linear)

Besides, other standard measure including precigiecall, sensitivity and specificity are
available. Therefore, the test design specifies tta dataset should be separated into training
and test set, and builds the model on the traisgigand estimate its quality on the separate test
set. With this regards Two crows Corporation (208fported that the process of building
predictive models requires a well-defined trainamgl validation protocol in order to insure that

most accurate and robust prediction.

In this research 15,396 datasets are used foirtgaand testing. WEKA 3.7.5 software has used
to set up and measure the quality, validity and oéshe selected model. For purpose of this
study k-fold (10-folds) cross validation and pertegye split test options are used because of its

relatively low bias and variations (Witten and Fca2005).
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Accordingly, the datasets are randomly partitioegdially into ten parts. Hence, 90% of the
dataset is for training and 10 % for testing fornfer and the dataset are partitioned in to
percentages (70-30 splits option meaning 70% ofdakaset for training and remaining for

testing).

In addition to these a different 3000 testing dettés used for testing the prediction performance
of the classification model developed. These tgstiataset is prepared by systematic random
sampling technique from the original dataset.

Witten and Frank (2005) reported that 10-fold creslgdation has been proved to be statistically
good enough in evaluating the performance of thsesifier. To build the model of this research
19 independent and 1 dependent variables or atsbare used .The details of the selected

attribute is discussed in chapter four and seegbdt in Appendix 2.

5.1.3. Attribute ordering
Since attribute selection is important in decisioge models, the researcher tried to rank the

attribute based on information gain. It was calt@debased on entropy value of the attribute. As
Witten and Frank (2005) explained information gaicalculated from sum of entropy for every
attribute. The formula for calculating intermediatdues is:

Info DF Y"=1"""%" (5.1

Where, Ris the probability that an arbitrary tuples in setdraining data Cbelongs to certain
class.Info (D) is also known as the entropyf After you calculate information gain for each
attribute, select the one with the highest infoioratgain as the root node, and continue the

calculation recursively until the data is completeassified by J48 algorithms in this case.

For the purpose of this research, WEKA is useddmpute the information gain and rank

according to the importance of the attribute fa thassifier. As a result of this, the following
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figure 5.2 depict ranked order of attribute basedtlzeir relevance for the reason that such

attributes are very important for later experiméotes by excluding the least relevant attributes.

=== Attribute Selection on all input data ===
Search Method:

Attribute ranking.

Attribute Evaluator (supervised, Class (nominal): 20 HIVTest):
Information Gain Ranking Filter

Ranked attributes:

0.12953 9 EduStatus

0.1134 12 PrevTest

0.11016 S Age

0.10706 11 ReaHere

0.08226 8 MarStatus

0.07104 3 Year

0.06176 14 ExpoTime

0.05903 16 LastSex

0.05704 13 EverHSex

0.05466 1 Residance

0.03979 18 HISTI

0.03189 2 Category

0.03048 4 Loctation

0.02684 10 Employed

0.02627 17 Causal

0.02321 19 Steady

0.02177 15 UseCond

0.01746 6 Sex

0.00282 7 SessType

Selected attributes: 9,12,5,11,8,3,14,16,13,1,18,2,4,10,17,19,15,6,7 : 19

Figure 5. 2 Summary of ranked Attribute
As you can see from the result of attribute sebectusing entropy based information gain

method of WEKA, out of 19, the top 15 the moseveant attributes are Edustatus, Previous test,
Martialstat, Reasonhere, Ever had sex, Age, Histdrexual intercourse, Last sex without

condom, year, residence, steady , location ,caesglloyees and exposure time.

5.1.4. Running Experiments
As it has shown in experimental setup of 5.1.2tfaning and testing the classification model

the researcher used two methddethods One Percentage split method (holdout), where 70 %
of the data used as training and the remaining 3@e8ting. Method Two: K-fold cross
validation methods, the data was divided into llddosome fold is used as testing and the

remaining folds are used as training.

Based on the above methods establishing scenarioddel to be developed is very important to

see the model result and analysis of each resultpmpare the result of one model with the
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previous one and finally help us to find out thepawforming model based on criteria of
evaluation. Consequently for both of the methodi®weng scenario has been done for each of
three selected model with default parameter valWWBKA 3-7-5 software.

Scenario #1 : Pruning with all attributes
Scenario #2 : Unpruning with all attribute
Scenario #3 : Pruning with reduced attribute

Scenario #4 : Unpruning with reduced attribute

Once the modeling tool is chosen and performaneduation criteria was established, then it
followed by building model with a number of paraerst that govern the model generation
process. The choice of optimal parameters for thelpm at hand is an iterative process, and it
has to be properly explained and supported thraeghlts. So the next section present the

resultant models that should be properly intergreated their performance explained.

5.2 Model building using J48 decision tree

In Hybrid or Ciso.et al. methodology, data miniregtcularly model building is the crucial steps
that should be deals with. Model building is arrateve process’s. Therefore in this study
different experiment is conducted altering the paeter with mentioned methods in section 5.1.4
using J48 algorithms, PART and SMO algorithms foilding best predictive model. The
parameters of each algorithm have been discusseddetails in section 5.1.1.Using
aforementioned methods; the experiment has beeducted with four (4) scenarios for each
methods.

The researcher used 15,396 dataset with 20 d#rtbunvestigate the model. Hence, in the real
environment as everybody guess, the number oftsli@ho have being infected with HIV is out
weighted by those who have been free from the vifirgs research dataset is not out of this

estimation, so the actual dataset is 14,866 arertélyative client and the remaining is positive.
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However, conducting experiment with imbalanced skttanisleading classification performance
and biased to the majority class (Chawla, 2088ditionally, it brings about poor decision to be
taken as a result of the experiment. To coup updhd be fair the researcher used resampling
technique to balance the imbalanced dataset inrgrepsing phase with WEKA software. As
described in chapter two of section 2.5.1.1 degisiee induction follows a top-down approach,
which starts with a training set of tuples and ithessociated class labels. The training set is
recursively partitioned into smaller subsets aditbe is being built (Han and Kamber, 2006). All
of the 19 attributes, which are selected for mdglding, are fed as independent variables and
the dependent variable of HIVTest is a target clbe algorithms builds starting at each node it
will be sent either left or right according to sotast. Eventually, it will reach a leaf node and be
given the label associated with that leaf. In geh¢his research is more interested in generating
rules that best predict the HIV infection and taneoup with an understanding of the most
important factors (variables) that can be a cadiddl\¢/AIDS. As mentioned in Table 5.1 J48
algorithm contains some parameters that can begeldamo further improve classification
accuracy. Accordingly, based on two methods selettie following series of experiment has

been conducted. Summary of experimentation withalg8rithms result is depicted in Table 5.3

As mentioned in chapter one of methodology secfighl.5, one of the compulsory step of
hybrid methodology next to model building is evaioa of the model. Accordingly, the
performance of the model has been evaluated basttedollowing criteria (see details in sectionl.8)
including performance accuracy, confusion matrikigaand TP and FN rate, Number of leaves and size

of the tree generated and ROC curves and exedirtien

As shown below in Table 5.the experimentation has performed in two methods7(-30

percentage split and 10 -fold cross validation tggion respectively.) The first experiment has
be tested with four scenario mentioned above with 30 percentage split criteria. When we
compare the result of method I. Scenario # 2(unpgumwith all attribute) is the best model
based on correctly classified instance(out of 46159 instances are correctly classified),

performance register ( 95.7 % accuracy and TPafa®® % ( classifying correctly HIV negative
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client as HIV negative and HIV positive as pos)iv Besides, in terms of minimum number of
leaves and size of tree (both indicate the comple{igenerated tree) and time taken to build a
models are Scenario # 4 ( pruning with reducédbate) and scenario # 3 ( unpruing with

reduced attribute) is best model respectively.

Table 5. 3 Experimentation result of J48 Algorithwith two methods

Model Experiment (Scenario)

Characteristics |4 2 3 4 1 2 3 4
Test optiol I Il

prunec yes na yes na Yes na Yes na
Attribute All All reduced | reducer | ALL ALL reduce: | reduce!
Accuracy 95.2 95.7 93.8 94.5 95.5 96.3 |94.9 95.6
Time taker 1.1 0.€ 0.8¢ 0.4t 1.t 0.64 1.C 0.4¢
#of leave 1707 207¢ 161¢ 2021 1707 | 207<¢ | 161< 2021
Sizeof tree: 210¢ 255/ 1966 245¢ 2106 | 255¢ | 196¢ 244¢
AV .TPR(% 95 96 94 95 95 96 95 96
AV.FPR(% 5 4 6 5 5 4 5 4
AV.PR 0.9¢ 0.97 0.95 0.9t 0.97 | 0.97 0.9t 0.9¢
AV.RR 0.9t 0.97 0.95 0.9t 0.97 | 0.97 0.9t 0.9¢
AV.ROC 0.97 0.9¢ 0.97 0.9¢ 0.9¢ 0.9¢ 0.9¢ 0.9¢
CCl 4397 445¢ 4331 436¢ 1470¢ | 1483: | 1461¢ 1472:
ICI 222 16C 288 25E 790 568 777 674

Key: CCI: Correctly classified Instance, ICI (Inoectly classified Instance), Accuracy:
Registered performance of model, AV: Average, TPRIie Positive Rate. FPR: False Positives
Rate, ROC: Relative Optical character curve, PRcigion rate, RR: Recall rate, I: 70-30

percentage split option (Holdout), 1I: 10- fold ssovalidation

110



The last compares in method one is made betweerag@eROC curve rate which registered a
performance of 97 and 98 % in pruned and unpruasgectively irrespective of the number
attribute. Above all from the method I, even thoube complexity of the generated tree is
high, correctly classifying instance and perforneantthe model is better .As a result Scenario
# 2 (Building decision tree unpruning with allrddtite) is selected.

Similarly, in the second experiment or method {@0-fold cross validation cases) four of the
stated trial was conducted. When we compare thgltre$ each scenario developed model,
scenario # 2 ( building decision tree unprunechvall attribute ) is best based on accuracy
which registered 96.3 % and correctly classifiestance which is accounts 14,833 out of 15396
Furthermore, based on criteria of minimum time tafa@ building model, scenario # 4 (building
model with unprunned with reduced attribute) istbes

Analogously, the number of tree and size of tr@esicenario # 3 is minimums so it is best
because it reduced the complexity of the genernéssd The average ROC curve performance
measure indicates same for all scenario and acafud8%. Finally when we compare the
actual correctly classified instance based on tlabeled class i.e. classifying HIV negative
client as HIV negative for all scenario, irresipez of number of attribute unpruned register
better than pruned. By the same token, from methodsstill scenario number two better than

other model in terms of accuracy, correctly clasdiinstance and ROC curve.

However, when we compare the size and leavesefdf unpruned J48 model, the number is
enormous and complex relative to pruned one. Aesalt of this the algorithms might not reach
optimality and generate more generalized decisier tules. Han and Kamber (2005) also
reported this is because of overfitting problemisTis a fundamental problem in learning of
algorithms. Besides, such situation has its ownaichin classification performance particularly
classifying unseen or new instance. Subsequentgokee the problem the researcher selected

pruned scenario that perform better accuracy. Afingly, scenario #1 (Building pruned

111



decision tree with all attribute) of 10- fold crogalidation(method Il) selected as the best J48

decision tree model. See the details confusionixiatappendix 3.1

5.2.1.Comparison of J48 decision tree model
In general when we compare both methods in termdasfsification model accuracy 10 fold

cross validation (method Il) is better than 70-80centage split .The accuracy ranges from 94.9
to 96.3 but 70-30 percentage split 93.8 to 95.8di#onally, WEKA experimenter tool was used
to compare of the J48 model developed with varsmenarios. The result of the comparison is
depicted in Figure 5.3

| | Use relztive paths

F:w‘mmw experimentation\Trainng final dataset.csv

: \Users\Mamiye \Desktop\final experimentation\Training final dataset reduced.csv

Figure 5. 3 Experimental dialog box with compedd8 algorithms

Consequently, as shown in the above figure anderTalB experimentation, irrespective of

reduced or all attribute the performance of unpdudé8 algorithms register better than pruned.
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However, by the same token aforementioned, theareber selected scenario # 1 (building
decision tree pruned with all attribute) of 10 faldoss validation which registere?b.8%
accuracy as a final J48 decision tree model fanitrg and testing the dataset and validated the
performance of the model after getting reducedatsplexity with increasing minimum instance

parameters.

The detailed confusion matrix as a result of prudéd algorithm with all attribute has been

discussed below in Table 5.4 and shown in AppeBdix

Table 5. 4 Summary of confusion matrix for prudé8d decision tree with all attribute

Predicted HIV test
result
Negative | Positive Total
HIVstatus (Actual) | Negative 7040 636 7676
Positive 54 7666 7720
Total 7094 8302 15396

The base of this research is determining the askof of HIV infection and finding pattern that
shows the status of the HIV. In this respect, ## dlgorithms classify how those instances are

correctly and incorrectly classified in labeledssa

So as indicated in the above Table 5.4 based @i@hkfold cross validation test option the J48
learning algorithm scored an accuracy of 95.5%s Thasult shows that out of the total training
datasets 14706 (95.5 %.) records are correctlgified, while only 690 ( 4.5%) of the records

are incorrectly classified.

Besides, out of the total 7676 actually HIV negatelients, only 7040 (91.7%) clients are

classified as HIV negatives and the rest are nssdiad as HIV positive. And out of the total

7720 actually HIV positive clients, only 7666 (9%Bclients are classified as HIV positive and
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the rest are misclassified as HIV negative. Theans the model has better performance in

terms of correctly classifying HIV positives thafMhegatives.

According to Shermer (2002) report hypothesigrigserror can be categorized in to two based
on the classification of being true as false arigefas true. These errors are called Type I(false
postive error) and Type ll(False negative error)itsohis research context of the experiment,

classifying HIV negatives as HIV positive (Typeellror) may lead the client anxiety and incurs

cost of VCT testing. Whereas classifying HIV poss as HIV negative (Type | error) may have

also its own risk such as spread of the diseasecé{e'ype | error is more serious than Type Il

error in this case since it can affect more people.

Furthermore, evaluating the model based on seitgiind specificity are very significance for
decision making. For that reason .the result of dheve confusion matrix indicate that the
sensitivity of this test was (7666/7720) = 99.3 6l ghe specificity was (7040/7676) = 91.7%.
The test indicates that the models appear to bigypyeod. Because, based on the evaluation
criteria, the classifier correctly classify clierds HIV negative who has actually diseases free
with 91.7% accuracy and classify clients as HIVifpas who actually has the deasese with
99.3%. However, the false positive and false nggatate which corresponds to classification

error and register performance accuracy of 0.950ad6 respectively.

As discussed in Table 5.3, the size of the treethachumber of leaves produced from method
two of scenario # 1 model training was 2106 an@71vespectively. This seems that it is
difficult to navigate through all the nodes of thee in order to derive out with valid sets of rule
Therefore, to make ease the process of generatlagsets or to make it more understandable,
the researcher attempted to modify the defaultasabf the parameters so as to minimize the size

of the tree and number of leaves.

In this regards, the minNumObj (minimum number mdtances in a leaf) parameter was tried
with 10,20,30,50 100 and 200. However, the minNujrgab to 200 gives a better tree size and
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minimal accuracy compared with the other trialsti¥his value of the minNumODbj the process
of classifying records proceeds until the numbereabrds at each leaf reached 200. The result
of the experiment depicted in Table 5.5 and theaits of the confusion matrix with

minNumObj= 200 shown in appendix 3.2

Table 5. 5 Summary of pruned J48 algorithms withMumODbj = 200

Predicted HIV test result

Negative Positive Total

HIVstatus (Actual) | Negative 6033 1643 7676
Positive 1797 5923 7720

Total 7830 7566 15396

The experiment has shown an improvement in the eumbleaves and tree size. The size of the
tree is dropped from 2106 to 95 and the numbeh®id¢aves decreased from 1707 to 76. As we
can see from Table 5.4, the resulting confusiorrimmahows that the J48 decision tree algorithm
scored 77.7 % accuracy. That means out of the 16@06 records 11956 (77.7 %) are correctly

classified and the remaining are misclassified.

In other words, the confusion matrix of this expemt has shown that 6033 (78.6%) of the
7676 total HIV negative clients are correctly ciied as disease free. But 1643 (22.4 %) of
them are misclassified as HIV positive class. Besithe result shows that out of 7720 total HIV
positive clients records 5923 (76.7 %) of the rdsare correctly classified while 1797 (23.3 %)
of the records are misclassified as HIV negativesd HIV positives.When we compare this

experiment result, classifying clients who has Hibsitives as HIV positives outweigh from

those classifying clients as HIV negative. Ovenadlyertheless execution time reduce from 1.5
to 0.52 seconds ,and the tree size and the nuohltee leaves decreased significantly as shown
above, the accuracy of the J48 decision tree akgorin this experiment is poorer than the first

115



experiment with the default parameter value of tiiaNumObj. Besides, the accuracy of the
model lowered from 95.5 to 77.7 % as minNumObjiggttarge which shown a considerable
change. Hence the first selected algorithms isnwgdtiand exhaustively see the whole thing
irrespective of is efficiency. And can conclude ttfisom this experiment minNumobj and

accuracy of model performance have shown invensthted pattern. Additionally to keep the
performance of the model the first experiment with default minNumObj parameter value is
better and taken as the best J48 decision tree Imblde generated possible decision tree is

shown in Appendix 4.

As described in section 5.1.2 randomly selecteds#ds are used to validate the performance of
the model. Accordingly, once it has been develofted J48 model using the whole training
dataset with 10 —fold cross validation test optand registered the possible capacity of the
model that accurately classify new instance. Howevalidating the developed model with
independent dataset will enhance believability apglicability of the model. To do so the
researcher, using supplied test option re-evalingenodel by mentioned dataset. The result of
the reevaluation of the model depicted as follow$able 5.6 and sees the snapshot of the model

in appendix 3.3

Table 5. 6 Result of re-evaluation of J48 decitgier with 3000 dataset

Predicted HIV test result

Negative Positive Total

HIVstatus (Actual) | Negative 1409 103 1512
Positive 73 1415 1488
Total 1482 1518 3000
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The performance of the model with this testing siettavas 94.1%. This result shows that out of
the 3000 testing datasets, the developed deciserctassification model predicted around 2789

(94.1%) records correctly.

In general, the researcher exhaustively discusasddoon the result of the model with domain
expert to determine variable that cause HIV infattiAccording to the experiment depicted in
Table 5.4, the J48 model used only eleven atiibaut of 19 attributes including PrevTest,
EverHsex,Year,Age,Usecond,ReasHear, causal, CgtegapoTime, Sex , and employed. So
from this model, these are the determinate ateilmitHIV infection. However, the researcher
cross checked the validity based on expert opindatording to Health expert, marstatus and

edustatus attribute are also can be used astise cAHIV infection.

Hence, the above mentioned attribute plus expguitsians (overall 13 attributes) are the most
determinat factor of the HIV infection. Besidese thattern /rules obtained by setting pruned,
confidence factor 0.25 and test option 10 fold snealidation J48 decision tree with all attribute
(in this case 19) model is useful for identifyindVHnfection risk factor and pay attention on

those important clients behavior by health profassi and by the university management in

particular.

5.3 Model building using PART Rule Induction Algorithms

The second data mining classification techniqueliegpin this research was PART Rule
induction algorithms. As mentioned in chapter twfditerature review section 2.5.1.3,there
are many rule induction algorithms but the redearselected PART for the reason that PART
has the ability and potential to produce aceueatd easily interpretable patterns/ rules that
helps to achieve the research objectives. PARA $eparate-and-conquer rule learner like that
of decision tree and proposed by Witten and Frad®§2 The algorithm is apply an iterative
process and produces set of “decision lists” wisabrdered set of rules. It works by generating
a rule that covers a subset of the training exasnalel then removing all examples covered by

the rules from the training set. This process fieated until there are no examples covered left to
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cover. The final rule set is the collection of thées discovered at every iterations of the pracess

The rules are in standard form of IF-THEN rules.

To build the Rule induction model, WEKA softwareckage and the same 15,396 VCT dataset
was used as an input respectively. The experimédhbe performed analogously as we did in
former model. That means the experiment was dividtedwo methods as methods one:
experiment with 70-30 percentage split criteria flaur scenario and Method two as with 10-
fold cross validation evaluate the four scenariaigThe parameters are partially adjusted and
default value was used with reduced and all atteibiccordingly, the experiment of all
scenarios with methods one will be illustrated taelo Table 5.7

Table 5. 7 Experiment result of PART algorithmstieo methods

Model Experiment (Scenario)
Characteristics

1 2 3 4 1 2 3 4
Test optiol I Il
prunec S/es ne yes na Yes no Yes na
Attribute All All reducec | reducer | ALL ALL reduce: | reduce!
Accurac) 95.7 96.5 94.7 95.1 96.7 | 97.3 | 95. 96.2
Time taker 23.7 37.2 15.2 24 240 28.8 15.5 24.t
No. of Rule 374 50¢& 39:¢ 524 374 508 39¢ 524
AV .TPR 0.9¢ 0.9 0.95 0.9t 0.97 0.97 0.9t 0.9¢
AV.FPR 4 3 5 5 3 3 5 4
AV.PR 0.9¢ 0.9 0.9t 0.9t 0.97 0.9 0.9¢ 0.9¢
AV.RR 0.9¢ 0.97 0.9t 0.9t 0.97 0.97 0.9t 0.9¢
AV.ROC 0.97 0.9¢ 0.97 0.97 0.9¢ 0.98 0.9¢ 0.9¢
CClI 4421 445¢ 4373 4392 1488¢ | 14975 | 1468 1481«
ICI 19¢ 16C 246 227 51C 421 70¢ 582

Key: CCI: Correctly classified InstancdCl (Incorrectly classified Instance)iccuracy:
Registered performance of modal : Average,TPR: True Positive Ratd=PR: False Positives
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Rate, ROC: Relative Optical character curve, PR: precisiatefRR: Recall rate,l: 70-30

percentage split option (Holdout), 10- fold cross validation

As shown in the above table, the registered pedioga is better that induction rule learner in
case of unpruned instead of pruned one. But by dak®n aforementioned in case of J48
decision tree classifier, the researcher seledtedone which register best with pruned case
irrespective of the number of attribute and methods

Consequently, among the four scenarios experimenttd 70-30 percentage split (method )
with varying parameters, scenario #1 registeretebgerformance of 95.7%. This shows that
out of the training set of 4619 records 4421 (99.8%ihe records are correctly classified, while

198 (4.3%) of the records are misclassified.

Predicted HIV test result
Negative Positive Total
HIVstatus (Actual) Negative 2145 195 2340
Positive 3 2276 2279
Total 2148 2471 4619

Table 5. 8 Confusion matrix of PART algorithm witB-30 percentage-split

Furthermore, the resulting confusion matrix alsovem in Table 5.8 that out of the total 2340
HIV negative clients 2145 (91.7%) of them are ccityeclassified in their respective class, while
195 (8.3%) of the records are incorrectly clasdifia the HIV positive classes or wrongly
classified client as HIV positive without havingatly the diseases). In other hand out of the
total number of HIV positive clients 2276(99.86%) tbem are correctly classified as HIV

infection as positive but 3 (0.14%) of the clieetords are misclassified.
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Generally, from the above experiment for the twassks, classifying clients as HIV positive
outweigh than HIV negative clients. Even thoughis tmodel performs better than ever
developed so far PART algorithms, it is performgmgaller than the one performed by decision

tree J48 algorithms in case of method one.

The second method employed in this research toriexgets with 10 fold cross validation test

options. The result of the four scenario experinvead displayed in Table 5.7.

In the same way, the experiment was made with réiffe scenario for same test option and
registered better performance in case of scendrizviich accounts 96.78% of accuracy than
other model. In this method of experiment, the FAd&kgorithm brings better performance in

case of the size of tree or rules than in unprumees. Because, it reduce the complexity and
increase easily understanding of the rules. Addliily, even better performance has been

registered than J48 decision tree.

As aforementioned above in J48 decision tree mbdgdling, reducing attribute with different
test option doesn’t bring significance change ie gerformance of the model rather remains
same or very little difference that of all attribuscenarios. This indicates that the reduced
attribute (such as SessType, location, causal erglss very little or no role in determining
HIV infection. The same is true in rule inducti@ainer except minor change in case of scenario
with unpruned parameter irrespective of numbertwibaite. In other hand , those attribute that
are selected as the best model has been considerethe major determinate of the HIN
infection. From Table 5.6 of method two scenari@(PART rule learner with 10 fold cross
validation with all attribute) register an accuraafy96.7% and depicted the predicted result in

table 5.8 and see the details confusion matripgpendix 3.4.

As shown in table 5.9 below the test result of ¢bafusion matrix the model developed by the
PART Algorithm with the 10- fold cross validatiaie model scored an accuracyd6f @6. This
shows that from the total 15396 test daug66(96.78%. of the records are correctly classified,
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while 530 (3.3%) of them are misclassified. In &iddi the above table also shows that from the
total 7676 HIV negatives clients record&l82 (93.5%) of them are correctly classified as HIV
negatives, whil@94 (6.5%) of the records are misclassified as HIVitpess.

Table 5. 9 Final selected best PART algorithmagi40- fold cross test option

Predicted HIV infection tes
result
Negative Positive Total
HIV infection status| Negative 7182 494 767¢
(Actual) Positive 16 7704 772¢
Total 719¢ 819¢ 1539¢
10 fold cross validation test option: PART

Additionally, you can also observe that out of tbial 7726 actual HIV positives clients records
7704 (99.79%) of the records are correctly clasgifis HIV positives clients, while 16(1.21%)
of them are incorrectly classified in the HIV ndagatclass. when we compare the HIV positive
and negatives class, classifying clients as HIVitpes correctly perform better than HIV
negative.

To sum up, in the above experiment similarly ad4# decision tree classifier ( method Il or 10-
fold cross validation) that is conducted usingRART algorithms with all attribute and default
parameters values generates a better classificatmatel with a better classification accuracy
than 70-30 percentage split test options. So agenselected scenario #1 of 10.fold cross
validation model as the best model of PART for sifggg clients records as HIV negative and
positive and in the mean time we can determineabési that could be risk factor of HIV

infection see the snap shot of confusion matriagpendix 3.4
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5.3.1. Feature selection for PART algorithms
One of methods to improve the performance of di@asion accuracy is implementing feature

or attribute selection. In line with J48 algorithimg default has the system automatically select
best attribute and generate decision tree onlydasebest selected feature. For this research
pupose the algorithms determines the listed variabentioned above as the determinate
attribute of HIV infection. But PART has no suchcifdy to select the best attribute

automatically instead the researcher using defmuttmeter, tried to select feature. The result of
this feature includes Residance, Year, Age, MauStdtduStatus, ReaHere, PrevTest, EverHSex

and instance class are selected out of 20 attribute

When we compared the performance of the PART dlgos selected as best model running
without feature selection and with featured selkctenning model the former registered 96.7%
and the latter 87.2% of accuracy respectivelycilis a big change or reduction in performance
(9.5%). The latter model confusion matriseé appendix 3.p developed by the PART
Algorithm with the 10- fold cross validation, theodel scored an accuracy of 87.2%. This shows
that from the total 15396 test data, 13426 (87.2d¢fo)he records are correctly classified, while
1970 (12.8%) of them are misclassified. Additiopaffom the total 7676 HIV negatives clients
records6501 (84..7%) of them are correctly classified as Hi&gatives, while 1175 (15.3%) of
the records are misclassified as HIV positives. Aatof total 7720 HIV positive clients records
6925(89..7%) of them are correctly classified as HR&itive, while 795 (11.3%) of the records
are misclassified as HIV negatives..

According to the domain expert evaluation of sleéected features are not the only but there is
also other determinant variable such as usecodgopged, steady and HISTI that could be
risk factor of HIV infection. As a result the resefzer and the domain expert selected the first
model (PART algorithms with 10 fold cross validatiand all attribute) as the best model that
used for predicting HIV infection.
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5.3.1. Analyzing Interesting Rules from PART algorithms
It is shown that the best performing model amorignaddels developed using PART was

scenario # 1 in Method Il illustrated in Table Flee experiment conducted with 20 attribute
including instance class, default parameter valgenfidence value=0.25,MinNumObj=2
unpruned= false).Running the PART rule inductadgorithms on supplied dataset generates

rules in plain text. The number of rules generates374 and registered accuracy of 96.7%.

To reduce the complexity of the rule and easy wtdadability the decision rule generated by
the above model, the researcher tried by varingrtimNumobj( values of 0.2 ,0.25,0.30, 0.40
,0.50) and minNumObj ( value of 2,5,10 ) are expented by combining the paired parameter.
As a result PART algorithms with parameter confokefactor 0.5 and minNumODbj =2 register
(96.8%) accuracy which is better than other thected best PART model. However, the

number of rules generated still lengthy so we oglythe first choice.

The partial PART decision list was shown in apperidiThis model generates 121 rules among

this some of the most interesting pattern or rdissovered will be illustrates as follows.

1. IF PrevTest = “no” AND EduStatus =" llliterate “ADN LastSex = “no” AND Employed
="no” AND Age = “20-25" then Then the statusdient will be HIV positive . Forty five
records of the client correctly satisfy this ru¢5.0)

2. IF PrevTest = “no” AND Residence = “Addis” AND Stha="One partner” AND Year =
“3rd year student” AND Category = “staff parent’NB sex = “Female” Then the status of

client will be HIV positive. Twelve records of tloéient correctly satisfay this rule.

3. IF the clients visited voluntary counselling argdting center because of risky and without
having sex and whose gender is female then riteapility of the client HIV infection is

Positive. These rules are correctly found in 3thefrecords.

4. IF PrevTest = “yes+ve” AND Employed =" NO” AND Use@d =" Never” AND Age =
“20-25” then the status of HIV infection is Poges. These rules are correctly found in 21
of the records.
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5. IF Residance = “addis” AND PrevTest = “ yes-veAND Causal = “one partner” AND
MarStatus = " separated” AND HISTI =" No* AND RHere =" plan” AND Employed =
“Yes “ AND Age = “20-25” then the status of QiieHIV infection is Postives. This rules

is correctely found in 18 records.

6. If Residance = “Addis” AND MarStatus = “not mamieAND UseCond = “ never’AND
LastSex = “ used condom” AND Sex = "female” AND Age“20-23"then the status of
clent HIV infection is Positive (21.0).

7. PrevTest = “No “AND ReaHere =" causal” AND Yeaf3rd year student” AND
UseCond= “ never’AND

8. HISTI =" No “AND Age = “" greater than 45 thendlstatus of the client HIV infection is
Positive (111.0/3.0)

9. IF Residance = “Addis” AND Loctation = “sadistlki! AND MarStatus = “Married”
AND EverHSex = “Yes “AND UseCond = “Never’” AND L&¢x = “No”AND EduStatus
= “other “ ANDReaHere = “risk “AND Age = “>= 46'then Pos (33.0/1.0)

10.1f Residance = “addis” AND LastSex =" No” AND Edufstis = "undergraduate” AND
Causal = “one partner” AND Category = “summer stitléhen client becomes HIV
positive (19.0)

11.PrevTest = “yes-ve * AND Residence = “addis” ANDseCond = “never” AND Causal =
“one partner” AND ReaHere =" risk “AND Loctation“sidist kilo” AND ExpoTime ="
4to6month” then client most likely HIV positivel4.0)

12.PrevTest = “yes-ve * AND Residence = “addis” ANDseCond = “never” AND Causal =
“one partner” AND ReaHere =" risk “AND Loctation“sidist kilo” AND ExpoTime ="
4to6month” then client most likely HIV positivel 4.0)

13.1F PrevTest = “No” AND Residance = “Addis” AND Age“greater than 46 ” AND HISTI
=“No “ AND ExpoTime = “less1lm “ AND MarStatus =Marriage” then HIV Positive
(22.0/2.0)
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14.1F PrevTest = “no” AND ReaHere = “plan” AND EduSiat= “secondary” AND Age =
“20.25” Then the status of Clients HIV infectionlMae negatives. (712.0/4.0)

15.1F Residence = “Addis” AND Steady ="One partner” BN ear = “3rd year student” AND
Category = “others” AND Causal ="One partner” AN@&= “greater than or equals to 46”
Then the status of client will be HIV positive.(53/

16.1F Residence = “Addis” AND Steady = “One parthné&ND Year = “3rd year student
AND Category = “others” AND MarStatus = “never mad “AND Sex = “female Then the
probability of Clients HIV Infection status is Ptige.(8/1)

17.1F Residence = “Addis” AND Category = “Regular g¢gmt” AND PrevTest = “No” AND
MarStatus = “separated “AND Employed = “yes” Thée probability of the Clients HIV

Infection status is Positive.(6/2)

18.1F Residence = “Addis” AND Category = “Regulandent” AND MarStatus = “divorced
“AND ExpoTime = “no experience” Then the probalyildf the Clients HIV Infection status
is Positive.(11/3)

19.1F Residence = “Addis” AND Category = “Regulaudént “AND PrevTest = “yes “HIV
+ve” AND Sex = “Female” Then the probability of ti@ients HIV Infection status is
Positive.(10/1)

20.IF Residence = “Addis” AND Category = “Regulaugént “AND PrevTest = “No” AND
EduStatus = “secondary” AND UseCond = “never” Thies probability of the Clients HIV
Infection status is Positive.(3/1)

As observed from the above partial list of rulés tlassifier has used all attribute to construct
rules and provided the class predicted by the modigke J48 algorithms generated rules. The
numeric values which appeared in the bracket nexheé class label indicates the number of
correctly and incorrectly classified records respety.
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For instance Rule 18 interpreted as clients whoec&om or live in Addis and registered in
regular program and his marital status is divoraed she/he has no experience to exposed to
HIV negative then the classifier grouped the b@&vraunder HIV infection status of
postive(11/13.0). Meaning in the dataset 1470 athat are exactly satisfied this rule and 17
records indicate misclassified to these rules. I&nhgj the remaining rules can be interpreted in

the above way.

5.4. Model Building using SMO Algorithms
The third classification task used in this reseawels Support vector machine. As mentioned in
chapter two, the best SVM algorithms that availabl&/EKA software is sequential minimum

optimization algorithms. It works based on risk mmization principles.

To build the model ,even though SMO handles mgsialue and other noise data
automatically the researcher initially clean dvashdle such issue in chapter four of section
data preparation and data cleaning. The same t&1&396) are used as input for SMO.

The same methods were employed for experimentasamsed in the above two models. These
are the 10-fold cross validation and the percensgdjewith 70-30 test option with reduced and

all attribute and default values for training aasting the model were used.

Method I: The first experiment of the SVM model building performed using the SMO
algorithm with the default value of percentage tsptiteria of 70-30 test option. Table 5.10
shows the resulting of two methods and table bntficate the confusion matrix of the model

developed using this algorithm for method one.
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Table 5. 10 experimental result of SMO Algorithwigh both methods

Experiment | Scheme = — S S

o &) ~ ~

b= @®© x x O

S 1348 g5 a8 |E

ks 4 o O —

H < 3 A0 O <>( <>E <>E
Method I: Experiment result with 70:30 percentageSplit option
Scenario # 1] SMO-C1.C-L.. 20 |80.7 | 2689 | 3730 | 889 81 19 81
Scenario #2| SMO-C 1.C... 16 |[80.6 | 2667 | 3724 | 895 81 19 81
Method II: Experiment varying parameter with 10- fold test option
Scenario #1| SMO-C1.0.... |20 |81 2638 | 12475 (2921|181 |19 | 81
Scenario# | SMO-C1.C.... 16 | 80.€ | 5462 |1241( | 298¢ |97 |19 |81

As shown in the table 5.10 in method one, we cdy @pserve minor difference in time taken to
build a model and remaining experimental resultcsivsimilar irrespective of the number of

attributes used for each scenario. In this regamtycing attribute shows only reduce model

building time without changing anything else.

So we can generalize that the reduced attributen@stioned in previous algorithms has no
significance for being the risk factor of the HInfeéction because as indicate in both method no

change at all was made for each model performdrateane see the confusion matrix of method

one scenario

#1.

Table 5. 11 Confusion matrix of SMO with 70-30qmtage split option

Predicted HIV infection tes

result
Negative Positive Total
HIV infection | Negative 191« 42€ 234(
status (Actual) 5 ociive [ 462 181¢€ 227¢
Total 2371 224z 461¢

70-30 percentage split test option: SMO
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As can be seen from the confusion matrix that tedurom the model developed by the SMO
algorithms with the 70-30 percentage split, the ehatored an accuracy of 80.7%. This shows
that from the total of 2340 HIV negatives 1914 ®4) of the records are correctly classified as
HIV negatives, while 426 (18.3%) of them are missléed as HIV positives.

Furthermore when we see (appendix 3. 6a) the cmmfusatrix of the remaining scenario in
method two, similarly scenario # 1(Running SMO aidpons with 10 fold cross validation)
scored an accuracy of 81 %. This shows that floentatal of 15,396 dataset 12475 records are

correctly classified as per records of the origatatiaset and the remaining are misclassified.

The confusion matrix showed in appendix 3.6b oul@®#6 total HIV negatives 6318(82,3%) of
the records are correctly classified as HIV negatiwhile 1358 (18.3%) of them are
misclassified as HIV positives. In other hand, otithe total 7720 records of HIV positive,

6151(79.7%) are correctly classified as HIV positand remaining are misclassified as negative.

As one observe from the above Table 5.10 method§ dtenario # 1 is selected the best smo.
Meaning the experiment that is conducted with 16-twoss validation, all attribute and default
parameter register best accuracy of 81%.

5.5. Comparison of J48, PART and SMO models

Selecting a better classification technique fatdimg a model, which performs best in handling
the prediction and identifying risk factor of HIVifection is one of the aims of this study. For
that reason, the three selected classification modgth respective best performance accuracy
are listed in table 5.12

Table 5. 12 comparison of the result of the setktiteee models

Types of| Performanct Time Correctly classifie | Misclassifiec
algorithms registered (%) | taken(sec.)
J48 95.5 1.5 14706 790
PART 96.6 3.37 14866 530
SMO 81 2637 12475 2921

10 fold cross validation test option
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The result showed in table 5.12 that PART rule atidun outperforms J48 decision tree and
SMO by 1.2% and 15.7% in identifying determinaskractor of HIV infection. The reason for
the PART rule induction to perform better than otisebecause of linearity of the dataset. That
means there is a clear demarcation point that eashebned by the algorithm to predict the class
for a particular HIV infection.

Moreover, in terms of ease and simplicity to theruthe PART rule induction is more self-
explanatory because it produces in forms of “Iinthét generates rules that can be presented in

simple human language.

Therefore, it is reasonable to conclude that th&PAs more appropriate to this particular case
than the J48 decision tree and SMO. So, the mdu#l is developed with the PART rule
induction classification technique is taken asfthal working classification model to determine
or predict HIV infection risk factor to assist bdtie organization and the university management

in case of decision making in matter of HIV relaiesle.

5.6. Evaluation of Discovered Knowledge

Usually, real world databases contain incompleteésynand inconsistent data and such unclean
data may cause confusion for the data mining pseo¢dan and Kamber, 2006).Besides, data
preparation task is a crucial so that data minowajst can understand the data.Because without

doing so the accuracy of the discovered knowleditjde poor.

Thus, data cleaning and analysis methods and outi@ng methods becomes a must to tackle
such gab before discovered knowledge so as to ealthe efficiency and effectiveness of the
data mining technique. In this effort, the researdhied to assess such problems which require
due emphasis while making the data ready for apglgiata integration and other different data

reduction techniques. See the details efforthhatbeen done in this regards in chapter four.

As discussed in chapter two and five, in selectbmodel building, three classification models

was selected and developed for reason explainedvbéirstly, the J48 decision tree algorithm
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is chosen for is simplicity easy interpretabilitiytbe result generated by it. Secondly PART is
selected similarly as of J48 and simplicity andegated list is easy to interpret and associate the
problem domain. Finally, because of the recommeéowlatf previous research studied in area of
HIV/IAIDS the researcher selected SMO algorithms.o¥d all, three of the model was
experimented, evaluated and compared as a resthlt 10i fold cross validation test option ,

PART rule induction learner was used as a finadl@héor study.

From 374 all possible list of decision rules getetaonly few of the rules are discussed. These
rules are unambiguous, easy to interpret and utaaerssee more about PART decision rule set

on Appendix 5.

As illustrated in appendix 5, all attributes areedidor construction of decision rule set. As
indicated in section 5.3.2 experiment has been emphted by applying WEKA feature
selection technique. However the performance is flean those implemented with all attribute
As a result of this research output is evaluatesed on all attribute generated decision rule set.

Hence, the most interesting rules or discoveredvenge were:

Rule 1: IF Residence = “Addis”’AND Category = “Regustudent” AND MarStatus = “divorced
“AND ExpoTime = “no experience” then HIV Positiy&1/3)

Rule 2: IF ReaHere="risk” AND ExpoTime ="no expemce” AND Sex="Female”:
Postives(34.0)

Rule 3: IF PrevTest = “yes-ve * AND Residenceaxdis” AND UseCond = “never” AND
Causal = “one partner” AND ReaHere =" risk “AND¢tation = “sidist kilo” AND ExpoTime
=" 4to6month” then client most likely HIV positgv (14.0)

Rule 4: IF PrevTest = “no” AND EduStatus =" lllisge “AND LastSex = “no” AND
Employed =" no” AND Age = “20-25": postives (45.0)

Rule 5: IF PrevTest = “yes+ve” AND Employed =" N@GND UseCond =" Never” AND Age =
“20-25": Postive(21.0)

Rule 6: IF Residance = “addis” AND PrevTest = sy “ AND Causal = “one partner”
AND MarStatus =" separated” AND HISTI =" No* ADl ReaHere =" plan” AND Employed
= “Yes “AND Age = *“20-25" : Positive(18)
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Rule 7: PrevTest = “No “AND ReaHere =" causal” BNYear = “3rd year student” AND
UseCond= “ never’AND HISTI =" No “AND Age = “great than 46" : positive(111.0/3.0)

Rule 8: PrevTest = “No “AND ReaHere =" causal” BNYear = “3rd year student” AND
UseCond= " never’AND HISTI =" No “AND Age = *" grater than 45 then the status of the
client HIV infection is Positive (111.0/3.0)

Rule 9: IF Residance = “Addis” AND Loctation = ¢t kilo” AND MarStatus = “Married”
AND EverHSex = “Yes “AND UseCond = “Never” AND L&ex = “No"AND EduStatus =
“other “ AND ReaHere = “risk “AND Age = “>=46"hen Pos (33.0/1.0):

Rule 10: IF PrevTest = “n0” AND ReaHere = “plan” BANEduStatus = “secondary” AND Age
=*"20.25" Then the status of Clients HIV infectiall be negatives. (712.0/4.0)

Rulell.lf PrevTest="yes HIV +ve” AND ReaHear="otheND ExpoTime=“donot known”
AND MarStat= “never married” LastSex = “yes"Then\Hhegative.

Rule 12 IF Residence = “Addis” AND Category = téar student “AND PrevTest = “yes
“HIV +ve” AND Sex = “Female”: Positive(10/1).

The rules that are accessible above indicate thsilgle conditions in which VCT service clients

record could be classified in each of HIV Negataved positives classes. All attributes are
participated in construction of decision rule set &s observed above the contribution in each of
the experiment and domain expert validation fouthef attribute (Sesstype, sex, location and

steady) are less determinate of HIV infection.

From the above list of partial PART rule inductiganerated decision rule set or discovered

rules/ knowledge, we can observe how the relatfi@ttdbute contribute towards HIV infection.

A client more likely to be HIV negative even if preus test is HIV positive. Rule 11 is a good
indicator of this fact. The domain expertise wiB@agree with this finding because it happens
because of malfunction of the laboratory or soma made problems. Other hand the laboratory
result of the client may be HIV positives even riéyious laboratory test of a client said HIV
negative. This because the virus is not visiblenwitwindow period (meaning a client can
confirm his test result after three month). Rulé’4and 8 shows this relationship. The domain

expert also supported this idea by saying clinycafiproved situation.
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Moreover clients whose previous test was HIV pwsitiRule 5) might not be change for second
time laboratory result. This is for the reason ttisnts have been infected and cannot recover
from diseases rather prolong their life span byn@gKtablet” for limited year. Furthermore,
Clients whose previous HIV status is negative halge been shown as negative during repeat
testing (Rule 10). This may reflect that there aene behavioral change after getting VCT
service. UNFPA (2002) reported that understandiatus of HIV negative can serve as a strong
motivating factor to remain negative and is congdeas evidence from the existing knowledge

in the domain.

According to Rule 7 and 9 age group above 45 yeldrare more exposed to HIV infection. For
instance, Rule 9 that client who comes from Addaid aurrently found in sadist kilo campus
whose age was greater than 45. Additionally whongatried and never use condom and their
educational status is unmentioned; they came in \¢€fiter because of something that they
consider risk for HIV infection then the client muspected to HIV infection. Based the
classification accuracy of the PART algorithms 33he record dataset is implied this. In this
regard the domain expert reported that this sitnas true sometimes it occurred because, more
attention is given through different media on prctdie age (age from 20-30). Health
professional do not always test older people fov/AIDS and so may miss some cases during
routine check-ups. Additionally, sometimes peaddeve 50 often mistake signs of HIV/AIDS
for the aches and pains of normal aging, so theyems likely than younger people to get tested
for the disease.

Furthermore, this research finding indicates thatsé people whose ages between 20-25 are
more exposed to the HIV infection. For instanceleRYy 5 and 6 reported the effect of this rule.
To elaborate clients who never used condom and &ga is among 20 and 25 irrespective of
employment status may be more susceptible to Higttion. The USAID (2006) report has also

stated that since AIDS deaths are concentratdtki?% to 45 age group, communities with high

132



rates of HIV infections lose disproportionate nunsbef parents and experienced workers and

create gaps that are difficult for society to fill.

In real environment and many research suggest,|é&snaae more susceptibility to HIV Infection
than male (UNAIDS, 2000). This is indicated by RRland 12. Rule 12 report that those clients
whose residence was Addis and registered for regutgram having job and knows her status
as HIV positive earlier would be classified as Hivsitive. Moreover, that female client that has
no experience to susceptible to to HIV infectiord aonsult VCT center for reason of risky

condition is vulnerable to HIV infection.

Lastly, this research finding showed that clienteoge level of education or year in which they
achieved as'3year university student are exposed to HIV infectiRule 7 and 8 reported this
situation. The domain expert explained this conoditis true. Additionally, in real environment
of university freshman students are more expodlale senior student. This is because most of
these students are new to university and exposedrious thing such as chewing chat, drinking
and smoking cigarette. This is the major factorHd¥ infection in university (Negatu and
Seman, 2011). By doing so, they can be easily edtisthe diseases.

In general, the domain expertise also agree wighgégneral idea that the model produced and
adds some fact that some clients also vulnerab&erasult of addiction which has not included
as a behavior of clients in dataset. So having kedge of their addiction of the client is very

important to determine and predict their status.

The finding interpreted above age, previous temiise, exposure time, marital status, last time
use of condom in sexual intercourse, use of condem, educational status, employment status,
residence, category, year and reason for taking ¥€Vices are the major determinant factor of
HIV infections of clients.Some of the attributeso@ation and sesstype) that the algorithms
assumed less important also less important for domeert in determining HIV infection status

of this study.
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The classification model used in this researclpradict as risk factor of HIV infections are
pretty good .They come up with reasonable accupformance. Among this model PART

rule learner register better than other and anracgwf 96.7 %.

The overall experimentation process of experimeriahas been performed following the

diagram.
Test options
48 |
10 fold &
Clean VCT - ]
data 4 experimentation Percentage PART
split S
|
= Rules generated
=  Evaluated with
domain expert
" Risk factor of Model validated Best model
HIV infection is
identified with separate Selected
3000 date set

Figure 5.4 Graphical representation of Experimémigberformed in this thesis
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CHAPTER SIX
CONCLUSION AND RECOMMENDATION

6.1 Conclusion

A major challenge facing healthcare organizatio€T Service Provider, medical centers) is
the provision of quality services at affordabletsoQuality service implies diagnosing patients
correctly and administering treatments that areatiffe. Poor clinical decisions can lead to
disastrous consequences which are therefore urtabbegSrinivas et al., 2010).Besides, health
care centers including VCT service provider musb ahinimize the cost of clinical tests.

To this end, they can achieve these results by @nmg appropriate computer-based
information and/or decision support systems padity application of data mining technology.
Health care related data including VCT data is mas$ience, such data must be analyzed by
organization using data mining technology. Hencpliegtion of data mining techniques may
help in answering several important and critica¢giions by extraction of useful knowledge that
enables support for cost-savings and decision rgakin

In this research, an attempt has been made to dipplgata mining technology in support of
identifying and predicting HIV infection risk fagtausing VCT data. Data mining technology
basically follows an iterative process consists Dfata collection, Data preparation and
understanding, model building and evaluation. Ascassed different data mining methodology
in chapter two , there is a possibility of addibsteps to above list for instance KDD includes
nine steps. The iterative nature of the procesistathe data miner to back and forth at different

and fix it where problem arise.

Accordingly, this research used and followed the sgeps Cios et al (2007) methodology to
investigate the stated problem. The methodologydtastly been followed while undertaking

the experimentation. The data used in this resebhesh been gathered from African AIDS
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Initiatives International VCT center. Once the dhtes been collected (15396 dataset), it has
been preprocessed and prepared in a format suifabkhe DM tasks. Data preparation took

considerable time of the study.

The study was conducted using three classificatemhniques namely decision tree, rule
induction and support vector machine. For modeldmg and experimentation J48, PART and
SMO algorithms are used. Experimentation was caedugsing four scenarios in two methods
for each algorithm except for SMO. For SMO only tseenarios were used for the two methods

with default value and the output of this is usedaomparison for former two algorithms.

By changing the training test options and the defearameter values of the algorithm, these
models are tested and evaluated. As a result PARTimduction algorithms registered batter
performance with 96.7 % accuracy running with 1ll@Hecross validation with default parameter
using 20 attribute than any experimentation domeaHis research purpose. The performance of
the model is validated using randomly selected 3@@€asets and registered performance

accuracy of 95.8% which is pretty good model.

According to the result of PART algorithms, all tB8 attributes are used to construct the
decision rule set. Besides, using WEKA featureikatte selection is tried and tested the
performance is 77 %. This implies that decreaseeifiormance resulted because of missing of
relevant attribute. To this end, with extensivecdssion of domain expert and “educated
guesses” out of the 20 attribute, only the follogviattributes are selected as the determinate

variables of HIV infections has been identified.

These are previous test of HIV, use of condom, &edear in VCT center, History of sexual
Intercourse, employment status, HIV infection chsgaation, Last sex with condom, exposure
time for risk situation (number of partner the ntidaced), marital status, educational status,

year, age .
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Besides that studying the behavior of the universammunity related to addiction such as
chewing chat, smoking cigarette and drinking arpdrtant to identify the risk factor of HIV
infection.

Moreover, the finding of this research indicateat ttemales are more vulnerable than men to
HIV/AIDS. Third year university students are motseeptible to HIV infection. Previous test of
client who have HIV negative and for second tinst te negative. The laboratory result may be
may be positive because the virus may not be wesibltil end of three month. A client who has
got HIV positive may be result in second test “riega“which is because of health professional

or malfunctioning of laboratory test or equipment

Analogously, J48 and SMO algorithms were also tegisn encouraging performance of
classification accuracy. Both model correctly digssew instance of VCT clients as 95.5 % and
81 % with 10 fold cross validation with all attriieuand default parameter. When we compare
the result of three model developed based on acgurgistered to correctly classify new
instance of VCT data, PART perform better.

In general, in this study only few experiments eaeried out using J48, PART and SMO with
few parameter setting. Missing values are simpbyaeed by most frequent values using WEKA
3.7.5 and manually for few attribute in consultatiof domain expert which may sometimes
create bias so that if time allows it is betteus® other mechanism like filling extensively by
consultation of domain expert. Furthermore, theaesher faced challenging in experimentation
of support vector machine because of time consuniai@ncing of the unbalanced dataset and

getting of VCT dataset.

In spite of the challenges and weaknesses in pl@grocessing and limited application of
algorithms the results are encouraging. The resbitained from this research indicate that data
mining is useful in bringing relevant informatioa the service providers as well as decision

makers.
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6.2. Recommendation
In this research work an attempt has been madedoout the potential applicability of data

mining technology to support the prevalence of Hdttivity at Addis Ababa University

community and surrounding based on the data acaietllon VCT service by AAIl. Even

though, this research has been done for the academaicise its results are found promising to

be applied in addressing practical problems in @néen and control of HIV /AIDS.

Hence, based on the findings of this researchigll@ving recommendations are forwarded:

This research has proven the applicability of PA&gorithms which automatically
discover hidden knowledge that are interesting aoedepted by domain expert.
However, this research output doesn't integrath nbwledge based system. To do so,
the researcher recommends implementing the disedvetassification rules with
domain knowledge as a knowledge based system that doe helpful for health
professional, epidemiologists and other researcikosare conducting HIV/AIDS care,

control and prevention.

Attribute such as session type and campus werggoad discriminate variables for
predicting HIV infection, hence to investigatether research in case of prevalence of

HIV in higher education institute, these attributah not be recommended

This research has attempted to determine HIV iideatisk factor using classification
data mining task only. The association that estsveen the selected attributes related
to HIV infection was not considered. Therefore,emsh can be conducted to see the
degree of association that coexists between thtisbudes and HIV infection is
forwarded.
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= For this work, balanced dataset is used to deterrthie risk factor of HIV infection.
However, researches can also be conducted usingl actbalanced data and other data
mining technique such as Class Confidence PropoBRiecision Tree (CCPDT). This is

a robust decision tree algorithm for imbalancecskts.

» This research has been attempted to determineigkdactor of HIV infection with
limited data set and 20 attributes collected froddi& Ababa university community and
its surroundings. Further researches can also béucted by increasing the number of

attributes and datasets from all higher educatistitutions in Ethiopia.

» The research also attempted to test the applitabilidata mining in identifying HIV
infection risk factor. In doing so, implementingng more data mining techniques such
as Naive Bayes and Multilayer perception may btwstperformance of the model and

helps to compare the result with this researchiriigd
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Appendix 2: Descriptions of Selected Attributes

No. | Attributes | Descriptions Codes & Corresponding Values
1 Age Age of the clients {A1=0-15, A2=15-19, A3=28,A4
=26-35, A5=3¢-45,A6 >= 46
2 Se» Sex of the clien {Male=M, Female=F
3 SessType| Session type of the clients { indv=lindial , Coup=Couple ,
other=Group
4 MarStat Marital status of the clients { marr=Mad, Nmar=Never married ,
separ=Separated , divor =Divorced ,
wido=Widowed , liv2= Living together
5 Education | Educational level of the clients {tite=llliterate , read=Able to read ,
prsch= Primary , sesch= Secondary ,
ugrad=under grad,pgrad=postgraduate
6 Employed | Employment status of the clients {N=N@=Yes }
7 ReaHere Primary reason the clients visit {Risk , Plan ,status, causal other}
the cente
8 PrvTeste | Whether the clients are { No=No ,Yes+ve=Yes HIV positive ,
previously tested “Yes-ve"=Yes HIV Negative , Yes-inc
=Yes inconclusive ,NA=Didn’t take
9 EverHSex| Whether the clients have ever h{amb:'No , yes=Yes}
sex
10 | UseCond | Condom usage behavior of {Ne=Never , Al=Always, so=Sometimes$
clients during sexual intercourse Not aplicable=Na }
11 | LastSex ’ wﬁ'eth'er Eﬁents ﬁ'ave used {N=No, Y=Yes, DN=Doesn’t
condom the last time s/he had | remember, 99=NA }
12 | HistSTI Qc‘:nlivelﬁ?'ls:Tiffg['i‘rglewhistory of {N=No, yeno=Yes , dnknow=Don’t
diagnosed or suspected Sexuallyjknow , 98=NA}
Transmitted Infections hista
13 | Casual Number of all those sex partnergnp=No Partner , 1p=One Partner,

the client has seen only once or

rarely for the past 3 months

mp=Multiple Partners}

Py
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14 | Steady Number of all those sex partnergnp=No Partner , 1p=One Partner,
that the client considers as mp=Multiple Partners}
regular partners for the past 3

15 | Year Duration of client in attending | {Y1=1year, Y2= 2qyear ,Y3=%
lecture successfully in university year,Y4=4 th year, Y5 fifth year,,Y6=

year six , Ny=no year}

16 | ExpoTime| Suspected Exposure Time to HIifesslm = < 1 month , Imto3m =1to 3
months , 4to6m = 4 to 6 months ,
greaterém= over 6 months , noexpo =

17 | Residence| Clients who came from to the | Region 1=R1,Region 2=R2....... R14 ar
university No region=other

18 | Location | The place where the clientis | {Com= commerce, A= not applicable
currently living ,other=other, SC=science(Art), SS=s0¢

science (sadist kilo), Tec=Technology N
.and S.,med= medical( black lion)}

19 | Category | Which program the client {Comm=community , EXSTU=extensio
registerd for learning or not student,other=other, PART= parent of
registed student staff, RESTU= regular

student. STAFF=staff, SUSTU= summe
student

20 | HIV Laboratory result of HIV status {neg=Negative , pBssitive}

nd

ial
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Appendix 3: Summary Of Confusion Matrix used forExperimentation

1) J48 algorithms with 10- fold cross validation widl attribute
a b <--classified as

7040 636 | a=Neg

54 7666 | b =Pos

2) Summary of pruned J48 algorithms with minNumObj = 200 with 10 fold cross validation

a b <--classified as
6033 1643 | a=Neg

1797 5923 | b =Pos
3) Result of re-evaluation of best J48 decision tregith 3000 dataset

=== Re-evaluation on test set ==User suppliedsesRelation: finalt estcasel nstances: 3000

Attributes: 20

a b <--classified as

71 8| a=Neg
711388| b=Pos
4) The snap shot of Confusion matrix Of PART algoritim with 10-fold cross validation andall

attribute
a b <--classified as

7182 494 | a=Neg

16 7704| b=Pos

5) The confusion matrix of PART Algorithms with fea selected (9 attribute)
a b <--classified as
6501 1175| a=Neg
7956925| b =Pos

6) The experimental result of SMO algorithms confgion matrix

a b <--classified as a b <--classified as
1903 437 | a=Neg 62893 | a=Neg
45821 | b =Pos 1593 6[L12°Db = Pos
a) 70-30 percenatge splite b) 10-foloks validation
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Appendix 4. Sample J48 Decision Tree With 10 Fold@ss Validation

J48 pruned tree

PrevTest = yes-ve

| EverHSex = Yes

| | Sex=M

I | | Age=A4

| | | | MarStatus = Nmar

| 1 | | | ReaHere=plan

Il I I 1 | | Residance=R14

Il 1 1 | | | | UseCond=Ne:Neg(118.0)

I I I I | | | UseCond=Na

I 11 I | | | | Year=Y3:Neg(120.0)

I 1 1 1 1 | | | Year=Y1l:Neg(7.0)
11111 1 Year=Y4

I 1 1 1 1 1 1 | | ExpoTime=dnotkn: Pos(11.0/2.0)
I 11 I I 1 1 | | ExpoTime=lesslm:Pos (0.0)

I 11 I I 1 1 | | ExpoTime=noexpo:Pos (0.0)

I 1 1 I I 1 1 | | ExpoTime=4to6m:Pos (0.0)

I I I I 1 1 1 | | ExpoTime=lessimto3m: Pos (0.0)
I 1 1 I I 1 1 | | ExpoTime=greaterém: Neg (2.0)
Il 1 I 1 | | | | Year=NY:Neg(17.0)

I 11 1 1 | | | Year=Y2:Neg(4.0)

I 11 1 1 | | | Year=Y6:Neg(2.0)

I 11 1 1 | | | Year=Y5:Neg(1.0)

I 1 1 I | | | UseCond=So

I 1 1 1 1 | HISTI=No

I 1 I I I 1 | | | EduStatus=other

I I I I I 1 1 | | | Category=RESTU:Neg(2.0)
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Appedix 5: Sample PART Decision Rule List With 10~old Cross Validation

PART decision list
PrevTest = yes+ve AND
Steady = 1p AND
Category = RESTU AND
SessType = Indv AND
ReaHere = status AND

ExpoTime = greaterbm: Pos
(320.0/2.0)

EverHSex = No AND
MarStatus = divor AND

ReaHere = causal: Pos
(63.0/1.0)

EverHSex = No AND
MarStatus = divor AND
PrevTest = yes+ve: Pos (46.0)
EverHSex = No AND
MarStatus = wido AND
PrevTest = No: Pos (30.0)
EverHSex = No AND

PrevTest = yes-ve AND
ReaHere = status: Neg (103.0)
PrevTest = yes+ve AND
Category = Comm AND

EverHSex = Yes: Pos (121.0)

PrevTest = yes+ve AND

Steady = 1p AND

Category = 99.0: Pos (291.0/2.0)
EverHSex = No AND

ReaHere = status AND

Year =Y3 AND

ExpoTime = dnotkn: Pos (62.0)
EverHSex = No AND

ReaHere = plan AND
MarStatus = Nmar AND
Residance = R4: Neg (239.0)
EverHSex = No AND

ReaHere = plan AND
MarStatus = Nmar AND
UseCond = Ne AND

ExpoTime = noexpo: Neg (235.0)
EverHSex = No AND

UseCond = Na AND

MarStatus = Nmar AND
EduStatus = Sesch AND
Steady = 1p AND

ReaHere = plan AND

ExpoTime = dnotkn: Neg (169.0)

ReaHere = causal AND
Year = Y3 AND
PrevTest = No AND
EverHSex = Yes AND
Category = RESTU AND
LastSex =Y AND

Age = Ad: Pos (75.0)
ReaHere = causal AND
Year =Y3 AND
PrevTest = No AND
EverHSex = Yes AND
UseCond = Na AND
MarStatus = wido: Pos (55.0)
ReaHere = causal AND
Year = Y3 AND
PrevTest = No AND
EverHSex = Yes AND
UseCond = Ne AND
HISTI = No AND

EduStatus = lllitate: Pos (113.0)
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Appendix 6: sample selected interesting rule discasd as findings

Rule 1: EverHSex = No AND ReaHere = statudDAXear = Y3 AND ExpoTime =
dnotkn: Pos (62.0)

Rule 2:

Rule 3:

Rule 4:

Rule 5:

Rule 6:

Rule 7:

Rule 8:

Rule 9:

ReaHere = causal AND Year = Y3 AND PrevFeblo AND EverHSex = Yes AND
Category = RESTU AND LastSex =Y AND Age = A4:d4F5.0)

ReaHere = causal AND Year = Y3 AND PrevEebBlo AND EverHSex = Yes AND
UseCond = Na AND MarStatus = wido: Pos (55.0)

ReaHere = causal AND Year = Y3 AND UseCeride AND PrevTest = No AND
HISTI = No AND Age = A6: Pos (111.0/3.0)

ReaHere = risk AND LastSex = N AND Year3 AND Residance = R14 AND Sex =
F AND EverHSex = Yes AND Age = A6 AND

PrevTest = No AND Age = A6 AND Year = Y3 BNCategory = Other AND Sex = M:
Pos (106.0/6.0)

PrevTest = yes-ve AND Sex = M AND Age 8 AND HISTI = NA AND EduStatus
= ugrad: Neg (75.0)

Sex = F AND EverHSex = Yes AND Year = Y1 BNUseCond = Ne AND EduStatus
= ugrad: Pos (10.0/2.0)

Sex = F AND EverHSex = No AND Residand®@ E=AND PrevTest = No: Pos (23.0)

Rule 10: PrevTest = No AND Residance = R14 AND Y=33 AND HISTI = No AND

UseCond = So AND Age = A3 AND ExpoTime = less1msPt2.0)

Rule 11: Residance = R14 AND HISTI = No AND Use@enSo AND Employed = Yes

AND Age = A3 AND ExpoTime = greaterém: Pos (12.0)

Rule 12 :PrevTest = No AND Residance = R14 AND HISTNo AND ExpoTime = 1mto3m

AND Age = A4: Neg (15.0)

Rule 13 : PrevTest = No AND Residance = R14 AN HI= No AND LastSex = N AND

EduStatus = Sesch AND Employed = NO AND CategoRESTU: Neg (20.0)
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ABSTRACT

Despite a great deal of efforts, the world stilsh@ither a cure nor a vaccine for HIV/AIDS
infection. Millions of people have been sufferingprh this incurable disease. Fortunately,
researchers have become successful in prolongidgiraproving the quality of life of those
infected with HIV. Nonetheless, it has become iasiegly clear that preventing the transmission
and the acquisition of HIV through educating pedplédring about behavioral changes should be
the focus.

The widely and freely available voluntary counsglend testing center (VCT) in Addis Ababa
which provides an enormous role in counseling, miimy and checking clients HIV status
through the clinical laboratory test. In line withis, the center has been collecting client’s
information or records for further investigationtlviconfidentiality. The record consists of many
attribute that may have a direct or indirect impaith HIV infection. Moreover, identifying HIV
infection risk factors or determinate variablesvies benefits at different level of the society
(such as individual, community and organizatioeakl).

The benefit not yet known by the client rather tilnganization keeps their records after they got
tested. To this end, great efforts have been nadevelop models to identify HIV infection risk
factor using data mining technology.

This research is initiated to identify the deteramnrisk factors of HIV infection by developing
predictive models to support voluntary counsellmgl testing service of African AIDS Initiatives
international (AAIl) provided at Addis Ababa Unig#ly and its surrounding.

The six steps hybrid methodology has been follofagdpredictive HIV infection risk factors
modeling among selected attributes. Three classifios techniques such as Decision tree J48,
PART and SMO algorithms were experimented for bngdand evaluating the models.

Before experimentation data pre-processing taskbeas performed to remove outliers, fill in
missing values, and select best attributes, digetein and transformation of data. The pre-
processing phases took considerable time of thik.wbtotal of 15,396 VCT client records have
been used for training the models, while a sepa8d1®€0 records were used for testing their
performance. The model developed using the PAR®riiign has shown the best classification
accuracy of 96.7%. The model has been evaluatetieotesting dataset and scores a prediction
accuracy of 95.8%. The results of this study havews that the data mining techniques were
valuable for predicting HIV infection risk factordence, future research directions are forwarded
to come up applicable solutions in the area ofsthdy.

Xii



CHAPTER ONE
INTRODUCTION

1.1. Background of the Study

Despite a great deal of efforts, the world stilk haeither a cure nor a vaccine to HIV/AIDS
(Human Immunodeficiency Virus/Acquired Immune Dedicy Syndrome) infection. Millions of
people are suffering from this incurable diseaBertunately, researchers have become successful
in prolonging and improving the quality of life those infected with HIV. Nonetheless, it has
become increasingly clear that preventing the traésion and the acquisition of HIV through
educating people to bring about behavioral chasgesld be the focus (UNAIDS, 2010).

Although the United Nations Aids Department (UNAIBAs reported that the HIV prevalence is
leveling off and there is a fall in the numbersnaw infections globally (UNAIDS, 2010), it
remains one of the leading obstacles to healthgamth of developing countries. There are still a
huge number of people infected and affected by HINor instance, in 2009, there were an
estimated 2.6 million people who became newly it@dcwith HIV. The incidence of HIV
infection declined by 19% between 1999 and 200%allg; the decline exceeded 25% in 33
countries, including 22 countries in sub-SaharamicAf However, it was also reported that
HIV/AIDS has become the leading cause of deathénvtorld (UNAIDS, 2010).

Ethiopia is one of the Sub-Saharan African coestrnost severely affected by the HIV/AIDS
pandemic. Currently, the national adult prevalerate is estimated at 2.3 percent and an estimated
number of 1.2 million people are living with HIV/BE , an estimated 67,000 people lost their
lives due to AIDS at the end of 2007 (UNAIDS/WH@1D). The Federal HIV/AIDS prevention
and control office also report that young womenenmearticularly vulnerable to HIV infection as
compared to young men. Among women aged 15-19 @fth2for example, 0.7 and 1.7 percent,
respectively, were HIV-infected, while the figum@ fmen in the same age categories showed that
only 0.1 and 0.4, respectively, were infected (FOHRE/AIDS PC, 2010).

Despite the overwhelming challenges, the GovernnodénEthiopia is making efforts towards
containing the epidemic and mitigating the impalcHOV/AIDS through an intensified national

response in a comprehensive and accelerated manner.
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To this end, huge effort had been made to builditi@ementation capacity, especially in the
health sector, in areas of human resource develoipreigée expansion and construction of health
facilities. There are various non- profit organiaas that have the mission of preventing HIV
infection, improve care and support and build capdo address the global HIV/AIDS pandemic.
Among them, African AIDS Initiative InternationalAAQIll) is the leading international
organization founded on April 2001 officially by @ping a regional office in Addis Ababa,
Ethiopia (LLGP, 2007).

The office plays an enormous role in preventing sipeead of HIV/ AIDS in the university
community, in this regard, the statistics aboutwary Counseled and Tested (VCT) service of
AAU indicates that the number of treatment seeland counseling test services has highly
increased and currently estimated 18,800 clients kaken the service. Based on a recent research
report of Nigatu and Seman (2011) out of the to&spondents, 47.2% had been tested for
HIV/AIDS and more than 80% had ingress to take \&efivice for HIV/AIDS.

Additionally, the attitudes and practices of thddfs Ababa University community towards HIV
prevalence has been exposed by the risk factolsasisex, previous place of residence, religious
participation, pornographic film show, alcohol ik¢éa chat chewing, and Cigarette smoking. A
comprehensive approach to prevent HIV includesgtorg an opportunity for people to participate
in VCT service (Nigatu and Seman , 2011). Besidamseling and testing service, it is best to
investigate the degree of association between itlefactor mentioned above which is equally

important in eradicating HIV infection.

1.1.1.Data Mining and Health care
Widespread use of medical information systems axmlosive growth of medical databases

require traditional manual data analysis to be mwith methods for efficient computer-assisted
analysis (Larvac, 1998). Extensive amounts of dmtthered in health care databases require
specialized tools for storing and accessing datagdéta analysis, and for effective use of data. It
has been estimated that an acute care hospitatemeyrate five terabytes of data a year (Fayyad et
al., 1996). The ability to use these data to ektusmeful information for quality health care is

crucial.



Although human decision-making is often optimalsipoor when there are huge amounts of data
to be classified; efficiency and accuracy of derisidecrease when humans are put into stress and
immense work (Eapen , 2004). Prather et al. (20@Dbte that there are only a few tools to
evaluate and analyze clinical data after it hambesptured and stored. The researcher further
stated that evaluation of stored clinical data miglad to the discovery of trends and patterns
hidden within the data that could significantly anbe our understanding of disease progression
and management.

The traditional method of turning data into knowdedelies on manual analysis and interpretation
(Fayyad et al., 1996). Prather et al. (2001) arghatito evaluate and analyze data stored in large
databases, new techniques and methods are neededrtt large quantities of data, to discover
new patterns and relationships hidden in the data. due to these challenges of searching for
knowledge of relational databases and our inakiditinterpret and digest these data as readily as
they are accumulated, which has created a neea f@w generation of tools and techniques for
automated and intelligent database analysis. Coesgly, the discipline of knowledge discovery

in databases (KDD), which deals with the studyuafhstools and techniques, has evolved into an

important active area of research (Raghavan e2@02).

Data mining is one among the most important steghe knowledge discovery process. It can be
considered the heart of the KDD process. This éatea, which deals with the application of
intelligent algorithms to get useful patterns frtime data (Eapen, 2004). It is a new generation of
computerized methods for extracting previously wvkn, valid, and actionable information from
large volume of database and then using this irdtion to make critical decision (Cabena et al.,
1998). Hence, it is better to explore the relevaoté¢his technology to any organization that
performs health-related activity.

There are various techniques and tools of datangithiat help researcher in exploring the benefit
of data mining in various sectors. Data mining teghes can be broadly classified based on what
they can do, namely description and visualizat@association and clustering; and classification
and estimation, which is predictive modeling. Pcéde modeling can be used to identify patterns,

which can then be used to predict the odds of facpéar outcome based upon the observed data.
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Rule induction is the process of extracting usefithen rules from data based on statistical
significance. A decision tree is a tree-shapedctire that visually describes a set of rules that
caused a decision to be made. For example, it e determine the factors that affect kidney
transplant survival rates and the nearest-neighhethod (DMSHO, 2011). Each of these

techniques analyzes data in different ways.

In addition to data mining technique mentioned a&j)owost data mining tools can be classified
into one of three categories: traditional data ngntools, dashboards, and text-mining tools
(Silltow, 2006). According to Kon and Geraled (2DQ@bere is vast potential for data mining
applications in healthcare. Generally, these canghmiped as the evaluation of treatment
effectiveness; management of health care; custoeh@ionship management; detection of fraud

and abuse; and the identification of risk fact@soziated with the disease.

1.2. Statement of the Problem

The costs of fatalities and severity due to HIND&I have a tremendous impact on societal well-
being and socioeconomic development. HIV/ADIS isoag the leading causes of death
worldwide, causing an estimated 1.8 million degibs year (UNAIDS, 2010). According to the
report of the second round HIV/AIDS Behavioral Stillance Survey in Ethiopia, it was found
out that around 9.9 percent of the in-school yquth6 % of males and 5.3 % of females) had
sexual experience (BSS, 2005). Nigatu and Semadlj2@h their research reported that
HIV/AIDS is affecting young members of the socistespecially adolescents between the age of

15 to 24 and proved that these age groups wereralite and at risk of the disease.

A number of studies have also shown that AIDS hagressively been on the increase and
constitutes a big problem among college and unityestudents, although the extent of the
problem is relatively unknown (Abdinasir and Seetay, 2002; Elias, 2009; Tefera, Challi and
Yoseph, 2004.; Teka, 1993; Getinet, 2009; AAIl, @0Evidence showed that most sexual risk
behaviors among college and university studentshirtigqve been acquired through a period of
campus life (Teka, 1993). This may be due to tleedf independence, away from parental control,

that often characterizes such a setting.



University students are often viewed as beinggtt hisk for HIV infection due to their propensity
to engage in exploratory behavior and their needpéer social approval and false sense of non-
vulnerability (Beyene, Solomon and Yared, 1997).

A number of factors contribute to the cause of Ktikéction such as economic, social, behavioral,
environmental, educational and health related facfdNigatu and Seman , 2011). Among these
there are variable or attribute that have triviad aon-trivial role in causing a client being irtfedt
with HIV. Hence, categorizing and/or predicting Hivection risk factor of attribute or variable
that have causal relation or pattern from voluntawynseling and testing data is very crucial for

organizations who are investing large amounts afeyan preventing and controlling HIV/AIDS.

In attaining its objective, AAIll collects daily, anthly, quarterly and yearly health-related
statistics of the university community (LLGP, 200lf)analyzes the available data with traditional
statistical tools or technique alone is not enofggthealth professional, planner and policy maker
to identify major determinant risk factors for Hinection and transmission. As Plate et al. (1997)
indicated that traditional method of data analyls&és limited capacity to discover new and
unanticipated patterns and relationship that adgldn in conventional databases. Identifying
patterns of attribute or risk factors of HIV infext is difficult because the dataset contains or
involves too many attribute or parameter. So stglythe patterns of the attribute that have

relationship among each other rather than listregnaore crucial.

To the knowledge of the researcher, no attemptbleas made using rule induction and support
vector machine classification technique to identifie determinant factor of HIV infection.
Moreover, this work has been the first attempt\val@ate the applicability of DM for predicting
HIV infection risk factor in higher education irtstiions. Last not least, three unique variables
(Category, campus and Year of the student) have bsed as an additional attributes for analysis

of the experimentation that was not used in thgipus studies.

Therefore, the purpose of this study is to invedgghe underlying determinant risk factors of HIV
infection from the available VCT data using datanimg techniques. To this end, it has been

attempted to obtain answer for the following resbajuestions:



 What are the main determinate risk factors (attebuof Voluntary counseled and
tested client records that cause HIV infection he tAddis Ababa University
community and their surroundings?

* What are the most interesting patterns or ruleeigeed/predicted to determinate risk
factor for HIV infection that can be used as a eanfsHIV /AIDS.

e To what degree (accuracy level) the determinatke f@stor for HIV infection be
determined by applying data mining.

1.3. Objectives of the Study

1.3.1.General Objective
The general objective of this study is to applyadatining technology to identify and predict the

major risk factor of HIV infection using VCT recardoy developing a model that can support

counseling and testing service provider, policy erakand planners.

1.3.2.Specific Objectives
For the realization of the general objective stabdve, the following specific objectives have
been formulated.

» To review the literature on DM technology and thapplication in the Health care
Industry particularly in HIVAIDS for the purpose gétting information that will help in
this research

» To prepare the data for analysis and model buildiygcleaning and transforming the data
into a format suitable for the selected DM algorith

» To identify the features of risk factor for HIV mdtion, and select the appropriate
classification algorithms to be used based onytpe of data and objectives of the study

» To train and develop a classification model thaipsut in predicting HIV infection risk
factor

» To test and compare the resulting performances hef dlassification models and
recommend the overall best results of the clasdio models.

= To report findings of the result and forward recoemahation for further research.



1.4. Research Methodology

According to Smolander et al. (1990) a method carcdnsidered as a predefined and organized
collection of techniques and a set of rules whieltesby whom, in what order, and in what way the
techniques are used to achieve or maintain somecigs.The DM process model describes
procedures that are performed in each of its tBphong et al. 2009). It is primarily used to plan

work through, and reduce the cost of any giveregto

1.4.1.Research Design

This research is designed to identify the deterteimzk factor of HIV infection. To explore the
application of data mining on this particular resbahybrid (Ciso.et al) data mining methodology
was employed. This model was developed, by adogtiegCRISP-DM model to the needs of
academic research community (Fayyad, 1996). Urtliee CRISP-DM process model, which is
fully industrial, the hybrid process model is baitademic and industrial. Additionally, it extends

it functionality in to research oriented descriptiof the steps; incorporating DM step instead of
the modeling step, and increasing number iteratimong steps to make the research process

more complete or to come up with explicit feedbamchanisms.

Ciso.et al involves sixth iterative process or sterluding: understanding the problem domain,
understanding of the data, preparation of the dddésa mining, evaluation of the discovered

knowledge, and use of the discovered knowledges gfegte, 2000).

As depicted in figure 1.1 to determine HIV infextirisk factor form VCT dataset data mining
tools is not the only tools that we require insteaview of literature(conceptual and theoretical)
be done. Moreover, we need to understand the sydfeah contain the initial data and other
intermediate data processing tools and techni§ueh as MS Excel and Epi Info software to
transfer and Pre-process the data for actuaicgpipin of data mining task using Hybrid data

mining model. The researcher tries to discuss steghin details below.
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Figure 1. 1 Diagrammatic Skeleton of overall €ssh Methodology and Design

1.4.1.1. Understanding of the problem domain

The primary task of the researcher in knowledgealiery process is a close look of the problem
domain. To identify, define, understand and forrteiléhe problem domain (VCT service
problems), various data collection methods were useuding: interview, observation, document
analysis. In-depth interview has been conductell datmain expert to determine attribute feature
selection and understand some complex busineseg®0As a result of insight gained knowledge
of the domain data mining problem is defined. Fertldatabases such as VCT data, major service
AAIll provides and HIV/AIDS related policy and redat issue are consulted to gather the pertinent

data for the present research.

The main purpose of the AAIl VCT centers is to s#lve life of the university community and
surrounding particularly the industrious people imtigating the prevalence of HIV/AIDS

through establishing a permanent VCT center itheampus and surroundings.



1.4.1.2. Understanding the VCT data

Once the problem to be addressed is understooahetktestep is analyzing and understanding the
data itself. Because, the end result of knowledgeogtery process heavily depends on the quality
and quantity of available data (Cios et al., 2007this phase, the original data collected fos thi
research should be described briefly. Its desompincludes listing out attributes with their

respective values, missing and outlier and evaloadf their importance to the research goal.

Additionally, careful analysis of the data andstsucture is done together with domain experts by
evaluating the relationships of the data with thebfem at hand and the DM tasks to be

performed.

1.4.1.3. Preparation of the data
This is the most crucial phases in which the sicoéshe entire knowledge discovery process

depends. It usually consumes much of the entirearel effort. In this phase, the final dataset is
also constructed from the initial raw data. Dataparration tasks were performed in iterative ways.
The major tasks include: description of data sarcarrying out statistical summary measure,
finding out distinct value, filling missing valuesputlier and noisy data and data
transformation/reduction activities were also utalan in this phase. Additionally, feature /
attribute construction was also made too. The reBeadecides, together with domain experts, the
data with respective attribute that is used astifgonuapplying the DM techniquesde Appendix 2)

Data cleaning (or data cleansing) routines wasieggb fill in missing values (with the most
frequented or modal value), smooth out noise (lmgongng the record), and detect outliers (by
removing or substituting with moral values) in tth@ta. To support the preprocessing tasks, the
researcher used WEKA 3.7.5 to normalize and torfiising value with modal value. It also helps

to train the selected algorithms with training séergnd testing case.

1.4.1.4. Data mining
The prerequisite for the application of data minmegearch goal is preprocessing task. Besides,

better understanding and preparation of data resudt good selection of data mining methods



otherwise it leads the miner to incorrect decigiéayyad, 1996). So this step is all about selecting

appropriate data mining methods based on the @seajectives.

The use of DM to gain knowledge discovery regulksiin the data and not just predictions has
been common (Witten and Frank, 2000). We can utatedsfrom the objectives of the research,
gaining knowledge and discovering patterns thaseadiV infection within VCT data is certainly
the purpose of the study. Consequently, a claasific technique particularly decision tree, rule
induction and support vector machine technique®welected and used for prediction of the HIV
infection risk factor. The researcher selected anégsification technique because the research
dataset has clear and simplified labeled classtrBoning and implementation purpose J48, PART

and SMO algorithms were used respectively.

1.4.1.5. Analysis and Evaluation of the discovedeknowledge

In data mining evaluation has two primary functioRsimarily, it helps to predict how well the
final model will work in the future. Secondly, euation is an integral part of many learning
methods and helps to explore the model that bpse¢sents the training data. According to Ciso et
al. (2007) the novelty and interestingness of tloelels are evaluated with the agreement of the

researcher and domain expert.

The different classification models developed iis tiesearch were evaluated using a test dataset
based on their classification accuracy. In the otherd evaluation of the performance of the
classifier is also made in terms of different candn matrices (True Positive Rate (TPR), False
Positive Rate (FPR), True Negative Rate (TNR), &&lggative Rate (FNR), Relative Operating
Characteristics (ROC)), the number of correctlssitied instances, number of leaves and the size

of the trees, execution time.

Furthermore, models can be compared with respethdis speed, robustness, scalability, and
interpretability which may have an influence on thedel (Kantardzic, 2003). The confusion

matrix of the classifier model was analyzed in teiwhthe following variables in Table 1.1
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Table 1. 1 Sample summary of Confusion Matrixhaf inodel

Predicted the status of
HIV infection
Total
Negative | Positive
Actual HIV Status Negative| TN FP TN + FP
Positive FN TP TP + FN
Total TN+FN | FP+ TP TN+ FP +FN+ TR

Key: TN = True Negative FP= False Positive FN= &&esitive TP= True Positive

Contextually what each variable stands for is dtat® follows, TN: The number of HIV negative
clients that are classified as negative. FN: Thalmer of HIV positive clients that are classified as
negative. TP: The number of HIV positive clierttattare classified as positive. FP: The number
of HIV negative clients that are classified as pwsi FP + TN: The total number of actual HIV
negative clients. TP + FN: The total number of altjuHIV positive clients. TN + FN: The total
number of predicted HIV negative clients. FP+ TReTotal number of predicted HIV positive
clients. TN + FP + FN + TP: The total number ofcikents.

The performance of the experiments is measurdgkifidllowing manner as depicted below:

Sensitivity (TPR): indicated by the proportion of HIV positickents that are correctly classified
as positive i.e. TPR=TP/ TP + FN

Specificity (TNR): The proportion of HIV negative clients trae correctly classified as negative.
TNR= TN/ TN+FN

False Negative Rat€FNR): The proportion of HIV positive clients that areareously classified
as negative i.e. FNR=4TPR or FNR = FN/ TP + FN hence, the sum of TPRspkPR
equals 1.
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Correctly Classified Instances (Accuracy):To compute the proportion of clients those are
correctly classified using this formula i.&ccuracy = (TP + TN) / (TN + FP + FN + TP)

Similarly, Incorrectly Classified Instances (Err®ate): The proportion of clients that are
incorrectly classified. Error Rate = (FP + FNYN(+ FP + FN + TP).

Furthermore we can also compute the effectiveneds#iciency of the model in terms of recall
and precision. As a result, recall can be compidgedoth positive and negative classes. So the
formula of the recall for negative class be TN/TNFP and for positive class TP/ TP+FN.
Similarly to compute the perception of the mode tbllowing formula be used for negative and
positive class respectively, TN/ TN + FN and TPA+HP.

Besides, this research plans to use the followiethodology to develop data mining model that

determines the risk factor for HIV infection.

1.4.2.Literature review
An in depth literature review is conducted byereking of books, journal articles, conference

paper and the internet get more insight to theephof data mining and its application, especially

in health related areas.

1.4.3. Data identification, collection and preparation

The primary source of data to conduct this reseaahvoluntary counseled and tested database of
AAIl which contains more than 18,800 records. M tend, the data are collected and arranged
into new database to make it suitable for the erpant and for the selected data mining tools.

Therefore, a new database was prepared by analimngpllected data using preprocessing tasks

like data cleaning and reduction.

1.4.4.Model building

As indicated in the research objective the researcised data mining technique to develop a
model that identify determinant and predict ris&téas for HIV infection. So, in the experimental

part predictive models has been developed by usiegselected data mining technique. The
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research was conducted with three selected tecbsigfidata mining. Finally, a comparison of

them was made to get a reasonable accuracy.

1.4.5.Tools and Software

The following tools and application software haweeb used to accomplish the research process:
WEKA 3.7.5 data mining tools Based on the prior knowledge of the researcherthan
applicability of the tools for the purpose and fyemvailability of the software made the researcher

to use the tools to build analysis and evaluatartbdel being developed for research goal.

Ms-Excel: it was used for data preparation, pre-processmy analysis task because it has the
capability of filtering attribute with differénvalues. Besides, it is a very important appicarat
software to make ready the data and easily comerof the file.

Ms-word and Ms Power point It is a known fact that the final report documenprepared with
word and for presentation purpose preparing slgdenévitable. So the use of power point is

mandatory.

Epi info: this is standard software that used to handl#étheslated data. As a result, AAll handles
its VCT data with it. So to pre-process the orig@a found from it the researcher employed this

software specifically to calculate missing valud aetect outlier.

1.5. Scope and Limitation of the Study

The main aim of this research is to find out thpligpbility of DM for determining and predicting
HIV infection risk factor in the VCT provider cemten Addis Ababa. This research focuses only
on client records of Addis Ababa University (AAWramunity and its surrounding (Arada sub-
city) for the reason that university community i®n@ exposed to those places to HIV/AIDS.
Specifically, 15,396 records of data for knowledijgcovery are obtained from the African AIDS
Initiatives International (AAlI).

The dataset of AAIl also contains other higher ediion institution’s client records. However, it is
not included in this research. Among the 63 attebu20 of them are used in experimentation,

which are selected by the domain experts.
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In this study, we evaluated three classificatiahteques to develop a prediction model to identify

major determinant risk factors for HIV infection.

1.6. Significance of the Study

Though the primary goal and initiatives of thiseash has been for academic exercise, the

findings of this research can ultimately use inwas areas.

The organization (both AAIl and AAU) may use thegictive model to determine risk factor of
HIV infection based on the available VCT data amdlerstand the potential of each variable
towards causing HIV infection in higher educationastitutes particularly in Addis Ababa
University. This helps to design and develop sgiete for the efforts towards struggling against
HIV/AIDS care, control and prevention program. fhiecs end, the organization protects and save

the lives of thousands of peoples.

The government, Ministry of Health, Ministry of edhtion, the university management and policy
maker can also use the output of the researctdasision support for formulating policy related to

HIV care, control and prevention Program in higb@ucation institutes.

The research also gave opportunity for utilizatodn health care data particularly VCT test data
that is stored for no purpose , and the modetidped also enables less qualified data manger
or health professional staff assigned to perfone task of determining and managing HIV
infection more accurately and confidently and lssbjectively.

Last not least, the output of the research alsdriborte to understanding of the theoretical views
and practical problems in the design and implentmmtaf VCT programs and invite interested

researchers to explore more in related and sirarkas.
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1.7. Organization of Thesis

The research report in this study has six chapidrs.first chapter deals with the basic overview
including background, statement of the problemecidye, scope of the study, methodology and
thesis organization.

In the second chapter critical literature review whichlinies review of national and global
research and trend of HIV/AIDS in higher educatiddefinition , benefit of VCT services has

been discussed.

In the third chapters review of data mining literas was presented. Definition, evolution, types,
application of data mining in different domain aeaas discussed. Review of related work
particularly application of data mining in healtheaector especially with the issue of HIV/AIDS
was discussed here.

The fourth Chapter deals with data preprocessisgstaln this chapter how the major data
preprocessing tasks were applied to the currerst dare shown. Data cleaning, reduction and
preparation of dataset to be used as input forigtreel model.

The fifth chapter deals with experimentations agglitt interpretations. In this chapter building of
model with training dataset and validating theulewith testing datasets ,and interpretation of
the result of the experimentation were the majaorceon. Finally, a comparison of the algorithms

used for reasonable accuracy was made.

In the sixth chapter conclusions and recommendsiticare presented
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CHAPTER TWO
HIV/AIDS AND CURRENT RESEARCH OUTPUT

Under this chapter attempt has been made to preseaview of the literature and trends of
HIV/AIDS globally as well as locally, overview, press and benefit review of voluntary
counseling and testing (VCT) services in Ethiogialso made. Lastly, application of data mining
in healthcare particularly in HIV/AIDS is thoroughlreviewed. These help a great deal in

understanding the domain area where data minigntdogy is going to be used.

2.1. Overview of HIV/AIDS

HIV, the virus that causes AIDS (Acquired Immunadehcy Syndrome) (UNAIDSb., 2010) has
become one of the world’s most serious healthiadt development challenges. The first cases
were reported in 1981 (AIDS, n.d.). Since thee,disease has spread rapidly across the globe; in
2010 sub-Saharan Africa was the most HIV infectglan in the world with nearly 22.9 million
(67%) people living with HIV in the world which isearly two-thirds of the global burden
[UNAIDSa ,2011).In Africa as a whole, the deathera 2010 is reported to be 1.2 million
[UNAIDS ,2011).

These figures are more staggering when you lothkeatesults alongside findings that only 12% of
men and 10% of women in the general population bheeh tested for HIV and received their
results (WHOa, 2010). In addition, many of the namd women who seek HIV testing and
counseling, are already in the advanced stageseoflisease [Hogg, et al. 2006]. The WHO and
UNAIDS proclaim that “early diagnosis presents @partunity to provide people with HIV the
information and tools to prevent HIV transmissiorothers” (WHOb,2004).

A voluntary counseling and testing (VCT) programs Haeen formulated by the WHO and
UNAIDS to encourage people to be pre-HIV test celet; tested and post-HIV test counseled in

an endeavor to prevent infection and transmissidti'd.
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2.2. Global Issue of HIV/AIDS Epidemic

Global HIV/AIDS data show that the HIV/AIDS epidetns a worldwide public health problem of
great magnitude. About two decades since the begnof the HIV/AIDS epidemic, over 34
million people worldwide have currently living thiHIV and nearly 30 million people have died
of AIDS-related causes since the beginning of thideamic (UNAIDSa, 2011).

Although cases have been reported in all regionh@fworld, almost all those living with HIV
(97%) reside in low- and middle-income countriestigularly in sub-Saharan Africa( UNAIDSa
,2011). Most people living with HIV or at risk fétlV do not have access to prevention, care, and

treatment, and there is still no cure (WHOa,2010)

HIV primarily affects those in their most produdiyears; about half of new infections are among
those under age 25 ( UNAIDSa,2011). HIV not onlieets the health of individuals, it impacts
households, communities, and the development andoetic growth of nations. Many of the
countries hardest hit by HIV also suffer from otlngfectious diseases, food insecurity, and other
serious problems. An evidence of this that peaplad with HIV at the end of 2010, up from 28.6
in 2001 to 34 million (UNAIDSc, 2011).

Despite these challenges, new global efforts hasenbmounted to address the epidemic,
particularly in the last decade, and there aressiipat the epidemic may be changing course.
According to the Global HIV/AIDS Epidemic report JAIDSa, 2011) depicted in Table 2.1,

even though, people living with HIV increase gldpatieaths have declined due to the scale up of

antiretroviral treatment (ART).

Besides that, Table 2.1 indicates that the glpbaalence rate (the percent of people whose ages
ranging from (15-40) are infected) was 0.8% in 20ANAIDSa ,2011). According to the report

of UNAIDS(2010) 1.8 million People died of AIDS ,hich indicate a 21% decrease since 2005,
and new HIV infections rate have declined by mdrant 20% since their peak in 1997, and
declined by 15% between 2001 and 2010. Still, theeee about 2.7 million new infections in
2010 or more than 7,000 new HIV infections per (lAMAIDS, 2011).
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2.2.1. Global Response of HIV Epidemic
With this regard, fight towards HIV/AIDS pandemiaist adopt an approach that emphasizes the

collective responsibility of individuals, communitroups, different levels of government and

other agencies to diminish irredeemable disease$\B, 2011).

Region Total No. (%) Living| Newly Infected| Adult Prevalence
with HIV end of 2010 | in 2010 Rate 2010
Global Total 34 million (100%) 2.7 million 0.80%
Sub-Saharan Africa 22.9 million (67%) 1.9 million .06%
South/South-East Asia 4.0 million (12%) 270,000 0063
Eastern Europe/Central Asja 1.5 million (4%) 160,00 0.90%
Latin America 1.5 million (4%) 100,000 0.40%
North America 1.3 million (4%) 58,000 0.60%
Western/Central Europe 840,000 (2%) 30,000 0.20%
East Asia 790,000 (2%) 88,000 0.10%
Middle East/North Africa 470,000 (1%) 59,000 0.20%
Caribbean 200,000 (0.6%) 12,000 0.90%
Oceania 54,000 (0.2%) 3,300 0.30%

Table 2. 1 HIV Prevalence & Incidence by Regiorektracted from UNAIDSa ,2011)

As a result, from the beginning of the 21st centting international community identified and
declared HIV as the formidable health and developgnoballenge. A rapidly expanding HIV
epidemic was already dramatically reversing decadigsogress on key development indicators,
such as infant mortality and life expectancy (UNAID) 2010).

Although the global incidence of HIV infection hpdaked in the mid-1990s, more than 3 million
people were being newly infected per year, AIDS hadome one of the leading causes of adults
dying in sub-Saharan Africa and the full assaulihef epidemic would not be felt until 2006, when

more than 2.2 million people died each year fro®&drelated causes (UNAIDSP,2011).
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The revolution in HIV treatment brought about byrdmnation of antiretroviral therapy in 1996
had forever altered the course of disease amorggtliving with HIV in high-income countries

but had only reached a fraction of people in low amddle-income countries, which bore 90% of
the global HIV burden (UNAIDSb, 2010).

According to the report of #3International AIDS Conference in July 2000 in Damb South
Africa (see details at www.nlm.nih.gov/news/aidg@@.html), activists, community leaders,
scientists and health care providers joined fotoedemand access to treatment and an end to the
enormous health inequities between the global Namthglobal South. Months later, world leaders
established the Millennium Development Goals, &sasf ambitious, time-bound targets aimed at
achieving progress on several health and developgeals over the next 15 years, including
Millennium Development Goal: combat HIV, malariadasther diseases (GHSSH, 2011).

In 2001, the United Nation General Assembly Spe&assion on HIV/AIDS approved
commitment with common targets in specific techhiaeeas, such as expanding access to
antiretroviral therapy, antiretroviral prophylaxis prevent the mother to- child-transmission of
HIV and HIV prevention (Schneider et al., 2010).

The member of the general assembly declared aatediglobal health fund to finance the HIV
response, resulting in the launch of the globatdftm fight AIDS, tuberculosis and malaria one
year later: The global fund quickly became a catwere in the global response to HIV, funding

country-led responses through a pioneering, pedaoe-based grant system.

According to Schneider et al. (2010) in 2003 thetétl States Government announced the United
States President’s Emergency Plan for AIDS reAefUS$ 15 billion over five years, it was the
largest single funding commitment for a diseasehistory. The United States President’s
Emergency Plan for AIDS Relief was reauthorized@98 for up to US$ 48 billion to combat
AIDS, TB and malaria for 2009—2013 and supporigtsgic interventions in the drugs and
diagnostics markets in 94 countries. Besides, tbbaf) HIV/AIDS response indicates (GHIVR,
2011) that there is an immediate response polyiasd well as financially towards against HIV

epidemic. The commitment is in parallel with notiv&a guidance and strategic technical
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innovations, including a ground-breaking approaghstaling up treatment access in low- and

middle-income countries: the public health appraachntiretroviral therapy.

To mention the vital elements of the public healpiproach includes: using standardized treatment
protocols and drug regimens; simplified clinical mtoring; maximizing coverage with limited
resources; optimizing human resources for healthimvolving people living with and affected by
HIV in designing and rolling out antiretroviral tlagy programs (USAIDHPI, 2010).

As mentioned in the general fact of HIV/AIDS acrake world, it is not the right time to keep
silent about this incurable disease. However, éxaty should do or react something against
HIV/AIDS. For same reason, the researcher of thigeemental study is striving from part
towards the fight against HIV by implementing thesgible and available Technology to the

problem domain.
2.3. The Status of HIV/AIDS Epidemic in Ethiopia

In Ethiopia HIV/AIDS infections were first identdd in 1984, and the first AIDS cases were
reported in 1986 (Garbus, 2003). The prevalendbeflisease was low in 1980s, but it escalated
quickly through the 1990s. As a result, it rosarfran estimated 3.2% of the adult population in
1993 to 7.3 % by the end of 1999(MOH, 2000).

According to NIC (2002) Ethiopia is classified (agpwith Nigeria, China, India and Russia) as
belonging to the ‘next wave countries’ with largepplations at risk from HIV infection which

eclipse the current focal point of the epidemicéntral and southern Africa. It is estimated that
seven to 10 million Ethiopians be infected by 2@@sause of the current high adult prevalence

rate, widespread poverty and low educational le{@&bus, 2003).

The dominant mode of transmission is through he&eoal contact (estimated to account for 87%
of infections) and mother to child transmission @) (10% infections) (GoE, 2004). However,
the prevalence of HIV/AIDS has reduced graduallthi@épian Ministry of Health estimates that
the current adult HIV prevalence decline to 3.5%0|2006). This figure jumps to an estimated
5% among pregnant women, but uptake of antiretabyrophylaxis for Preventing Mother-to-

child Transmission of HIV (PMTCT) has been mininaid the rate of HIV transmission to
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children born to HIV positive women remains at Zsqent. According to the report of Ministry of
health two million Ethiopian peoples are living itV-positive, but among this it is estimated
that fewer than 10% know their HIV status (MOH, 8R0

The above report suggests that the percentagecuélence rate increase in 1990s from three to
seven, but Since 2005 HIV prevalence rate was ezt 3.5 % (MOH, 2006). According to the
current report of UNAIDS, Ethiopia has an estimat&d million people living with HIV and the
third highest number of infections in Africa. Wighpopulation of 83 million people and per capita
income of less than US$100 annually, it is also ohthe world's poorest countries (UNAIDSE,
2011).

2.3.1. Government Response Towards HIV/AIDS Epideriin Ethiopia

The government’s response to HIV/AIDS was immedlibté inadequate. A National Task Force
was established in 1985 following the report of Hikévalence in the country. Efforts were made,
although on a limited scale, to expand informatietycation and communication (IEC), condom
promotion, surveillance, patient care, and HIV eoieg laboratories at different health

institutions(Hailom et al.,2005).

As part of these efforts to address the epidentie, Government of Ethiopia has expanded
HIV/AIDS Prevention and Control Offices at nationedgional, zonal and sub-city/wereda levels.
The overall objectives of the National office acedguide the implementation of the successful
programs to prevent the spread of HIV/AIDS, deaeaallnerability of individuals and

communities to the epidemic, provide care servfoeshose living with the virus and reduce the

adverse socio-economic consequences of the epidBIAIC, 2001).

Besides that, the Ethiopian Ministry of Health lsas a strategic plan for year 2007 targets, which
include: encourage individuals to receive HIV calimgy and testing; Address and create
opportunity for those people who has getting HI\&ipge to be on antiretroviral treatment and

give particular attention for HIV positive pregnambmen to be treated with a complete course of
antiretroviral prophylaxis to prevent transmissitom mother to child (MOHHA, 2006).To

achieve this goal, the Ministry of Health has arbdimus roadmap for scale-up of HIV prevention,
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treatment and care that plans the delegation goresbility for achievement of national targets

from central hospitals outwards to the local heaéthters and private clinics.

Although there is a challenge to address evenly Hi®vention, testing and care in Ethiopia.
Eighty-five percent of the population lives in ruaaeas and suffers from a severe lack of access to
public health services. There is also a criticarslge of physicians (an estimated 1,200 in public
service practice for a population of 83 million)dasther trained health care workers. In addition to
this, the per capita expenditures for health fréns@urces is only US$5.60 compared to US$12.00
per person in the Africa region as a whole (Haiketral.,2005).

In response to the extreme shortage of qualifieadtinecare workers, the Ministry also enacted a
plan to further decentralize its operations throwghaborations with community-based NGOs.
The Ministry of Health also encouraged African $&g% to replicate its highly successful
prevention outreach and VCT model at additionadssand to add diagnosis and prophylaxis of

opportunistic infections and antiretroviral therapyits VCT services.

2.4. Voluntary HIV Counseling and Testing Service

A greater knowledge of HIV status within a commurig critical to expanding access to HIV
treatment, care and support in a timely mannet affars people living with HIV an opportunity
to receive information and tools to prevent HIVigmission to others [WHOa 2010].

The most successful method of gaining informatitwoud HIV has been through Voluntary
Counselling and Testing (VCT). According to Mugwtal.(1995) Voluntary HIV counselling
and testing is the process by which an individuadargoes counselling enabling him or her to
make an informed choice about being tested for HIMs decision must be entirely the choice of
the individual and he or she must be assured li@aptocess be confidential. The scope of VCT
service includes :HIV pre-test counselling, tegtiand post-test counseling. It is an entry paint f
prevention and care (FHI, 2004).

2.4.1. The process of VCT service
In HIV counseling, although the goal is eliminatingk, it is recognized that this can be best

achieved through small steps for incremental beitashange that bring about risk reduction.
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irollow up counselling and support as requlredi

Figure 1. 1 Diagrammatic overview of the processf&CT Service

Source: (http://data.unaids.org/Publications/irc-pub01/jc379-vct_en.pdf)

As shown in the above diagram, the VCT processistnsf pretest, post-test and follow-up
counselling. HIV counselling can be adapted tortéeds of the client/s and can be for individuals,
couples, families and children and should be adbmtehe needs and capacities of the settings in
which it is to be delivered (UNAIDSHIV, 2000).

The content and method may vary considerably fen mnd women and with various groups,
such as counselling for young people, men who tsaxewith men (MSM), injecting drug users
(IDUs) or sex workers. The manner in which untderding of HIV sero status is very important

in facilitating adjustment to impact of HIV infeot.
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Counselling as part of VCT ideally involves at etgo major sessions (pretest counselling and
post-test counselling). More time can be offeretbigeor after the test, or during the period the

client is coming up for test results.

Pre-test counselling: It should be offered before taking an HIV test. dn ideal world, the

counsellor prepares the client for the test by @&xpig what an HIV test is, as well as by
correcting myths and misinformation about HIV/AID$hey may also discuss the client’s
personal risk profile, including discussions of sa&lity, relationships, possible sex and/or drug-
related behavior that increase risk of infectiond a&HIV prevention methods. The counsellor
discusses the implications of knowing one’s seratust and ways to cope with that new

information.

People who do not want pre-test counselling shaotdoe prevented from taking a voluntary HIV
test. However, informed consensus from the persmngbtested is usually a minimum ethical

requirement before an HIV test.

Post-test counselling:The main goal of this counselling stage is veycal to help clients
understand their test results and initiate adaptdt their seropositive or negative status. ltugtho

always be offered.

When the test is seropositive, the counsellor ti#lks client the result clearly and sensitively,
providing emotional support and discussing how lee/ope. During this session the counsellor
must ensure that the person has immediate emotsupgort from a partner, relative or friend.
When the client is ready, s/he may offer informatmn referral services that may help clients

accept their HIV status and adopt a positive oltloo

In other way round, Counselling is also importaihiew the test result is negative. While the client
is likely to feel relief, the counsellor must empiz& several points. Here, discussion about how to
changes in behavior that can help the client stdy-égative, such as safer sex practices
including condom use and other methods of risk cBdn. S/he also motivates the client to adopt

and sustain new, safer practices and provide eageurent for these behavior changes.
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During the “window period” (approximately 4-6 weekamediately after a person is infected),
antibodies to HIV are not always detectable. Tlausegative result received during this time may
not mean the client is definitely uninfected, ahd tlient should consider taking the test again in

1-3 months.

2.4.2. Benefit of VCT Service
According to Mugula et al. (1995) VCT has a vitalerto play within a comprehensive range of

measures for HIV/AIDS prevention and support, andutd be encouraged. It is an efficient and

cost-effective strategy in expanding access togirgen, treatment and care services.

The potential benefits of voluntary counselling aedting service (FHI, 2004; Mugula et al.,
1995) includes: facilitates behavior change, redube stigma attached to those who live with
HIV/AIDS (Kathy and Stacey, 2009) and early VCT daad to a delay in HIV deaths, better
ability to cope with HIV related anxiety; awarenedssafer options for reproduction and infant
feeding; and motivation to initiate or maintain esafexual and drug related behaviors. Other

benefits include safer blood donation

World Health Organization (WHOS, 2005) summarizhd benefits of knowing HIV status in

three different levels such as at the individuammunity and population.

% At the individual: VCT enhanced ability to reduce the risk of adqgi or transmitting

HIV; access to HIV care, treatment and support; @adection of unborn infants.

s At the community: it creates a wider knowledge of HIV status amsl links to
interventions can lead to a reduction in deniadnsé and discrimination and to collective

responsibility and action.

% At the population level knowledge of HIV epidemiological trends can infige the

policy environment, normalize HIV/AIDS and redudgsia and discrimination.

2.5. The prevalence of HIV/AIDS in Ethiopian Highereducation
Study show that the highest concentration of HI\8ifpee people is between the ages of 15-40
(MOH, 2000). Besides, scholars in many part of wwld point out that because of the high
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concentration of people in this economically sigaift segment of the population of labor force
age, productivity has been and continues to betivefjaimpacted by the factor such as HIV-

related absenteeism, disability and the early det#ixperienced workers (Saint,2005).

Producing high level human resource to run an emmonomy has relied on higher education. As
a result society is undertaking and performing &f&ctively and efficiently based on the task of

the organization missions.

Furthermore, HIV/AIDS holds the potential to urdére the country’s substantial investments in
education. It affects all people all over the woslthout discrepancy in race, religion and gender.

Overall, it has major impact on distribution of edtion.

AIDS now exists within all regions of Ethiopia. dlestimated national HIV infection rate is 2.1%
(UNAIDS, 2007). This rate is roughly 1 in 50 Ethian adults aged range from 15 to 30 has the
HIV virus. The highest at risk for HIV infectioneafemale sex workers, children born from HIV-

infected parents, and injection drug users.

Higher education communities are particularly vuhtde to HIV/AIDS due to their age groups.
This vulnerability introduces a sizeable risk tee texpected returns on investments made by
families and government in the education of univgisr college students (Otaala, 2003). In spite
of this risk, universities in Ethiopia have notasished institutional policies or programs for the
management and prevention of HIV/AIDS until 200%i(5, 2005). Institutional policies for the

management of HIV/AIDS plays significant role feduction of HIV infection.

This policy may include review of regulations aicksleave, confidentiality and the rights of
persons living with AIDS, student counseling seegido awareness programs, and curriculum

content on testing facilities (Otaala, 2003).

According to Saint (2005) little has been knownwtiibe status of AIDS on Ethiopian University.
As indicated by recent study in Jimma universityichhestimated that 12.2 % of the university
communities were HIV positive (MOE, 2004). SincernthMinistry of Education and university

officials are discussed on issue to react agaiidtikfection in higher education.
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As the result of this Addis Ababa university (AAllecame the pioneer that started the first
HIV/AIDS policy in Ethiopia higher education at ZDqAAU,2006). The policy document is
established with a collaboration of African AIDStiatives International (AAIl), but it started its
VCT service in AAU in 2005.

According to the report of Addis Ababa highligitAH, 2006), the HIV/AIDS policy document
served as a base and policy for other institutionSthiopia and out of Ethiopia, in the hope that
other institutions of higher learning would follaw the footsteps of Addis Ababa University for

the benefit of their young people.

As the oldest institution of higher learning in Btfia, Addis Ababa University played the leading

role in promoting instruction, training and resduairc the fight against HIV epidemic.

The current student population of Addis Ababa Ursitg enrolled in the graduate, undergraduate,
extension, and summer programs adds up to oveDBOAX present, AAU has nearly 2000 full

time academic staff and over 5000 administrativeqenel (AAUa, 2011).

The university is committed to playing active ratethe fight against HIV/AIDS primarily by
engaging in research in biomedical and psychosapléres. In doing this, it needs to establish
collaborative relationships with scientific institns both nationally and abroad. It also needs to
work closely with national, regional and interna@b partners in mitigating the impact of
HIV/AIDS on its own staff and students as well las wider Ethiopian society.

In this regards, the university encourage facu#ttaff and students to submit to voluntary
counseling and testing (VCT) and facilitate thisdsyablishing the necessary facilities on campus.
After establishment of a formal HIV policy documgrtrious non-governmental organizations
has involved in ant-AIDS movement. In this respaatAfrican AIDS initiatives International take
the line share against mitigating HIV infectionhigher education particularly in AAU.

As introduced in chapter one background of theystul, AAll provides HIV prevention related
service for the university community. According@ata Manager of AAll, the organization has
two primary VCT centers in university i.e. 6 kilodh4 kilos. Besides, it provides a VCT service
outside the university community.
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The organization collects and organizes clienttore provided in each site on daily base. As the
researcher observed the database of Epi Info saftefithe organization holds an estimated of
23,000 clients are visited the AAIl VCT center batrcampus and off campus site.

The AAIl VCT center provides six days per week &4dddays per month services for university
community. Its major activities include provisiof quality VCT service; implementing quality
information management system; referral networkesysestablishment and monitoring feedback;

strong VCT HIV sensitization and promotion; andlieggion of best practices to other centers.

Currently, the organization extends its VCT senfioen AAU to other Ethiopian higher education

including Dbere Marko’s University and Mezan Tepiitkrsity.

Africa AIDS Initiative International Inc.

TOTAL NUMBER OF VCT CLIENTS COUNSELED AND TESTED
FROM MARCH 2005 - OCTOBER 31/2011

Number of Clients Number of Clients Test Result Post test
Counseled Counseled & Tested Sero-Positive Sero-Negative Counseled
Category (M F T M F T M F T M F T M F T
Student 9652| 4433| 14085| 9554| 4402| 13956 43 41 84| 9511 4361| 13872 9554| 4402 13956
Staff 1078| 816| 1894| 1073 809| 1882 26 29 55| 1047 780 1827 1073 809 1882
Community| 4436| 2771| 7207 4404| 2759| 7163 199 266 465| 4205| 2493| 6698 4404| 2759 7163
Total 15166 8020| 23186/ 15031] 7970| 23001 268| 336 604| 14763| 7634| 22397| 15031 7970 23001

Table 2. 1 Annual report of AAIl VCT Client from Meh 2005-October2011

The above table indicates that the number of stuaie has HIV positive test result is greater
than from that of staff but less than communitysiBes, the total number of client who checks
their status in this range is better than other wdethe center. According to this report the

percentage of females (56%) are more exposed éitiin male (44%).

The data in all centers are collected using tmeesstandard paper format that are used by CDC

(Center of Disease control and Prevention) and gech@y VCT EPi Info software system.
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As shown in table 2.2 the initial data are colldctem AAIl VCT centers for seven years. The

total clients visited the centers up to Octobef,128re 23,000.

The data collected over time from client can sallmuch if appropriately analyzed as to what
factor predominantly cause HIV infection. Howevwehen data is getting larger and larger, the
data carry a lot of implicit knowledge that canh@ accessed with simple statistical analysis
methods. Hence application of other tool is indlga So the most appropriate technique to
discover and manage knowledge implicitly hiddenidesthe collected data is data mining
(Abdule-kereem et al.,2000).

We discussed the importance of VCT service in sac#.4.2, the data that we obtain from this
center is very crucial and play significant rolediecision making related to HIV/AIDS control and

prevention.
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CHAPTER THREE
LITERATURE REVIEW

In this chapter, an attempt has been made to raiewterature on the concepts and techniques of
data mining in general and its application in tlealth care sector in particular which is aimed to

provide background about the models to be built.

3.1. Overview of Data Mining

Across a wide variety of fields, data were beintjected and accumulated at a dramatic pace. The
rapid growth and integration of databases providesentists, engineers , and business people
with a vast new resources that can be analyzednake scientific discoveries, optimize

industrial systems and uncover valuable pattétasd et al ., 2001).

The developments in digital data acquisition amdagfe technology have resulted in the growth of
huge databases. This has occurred in all ardauimlan attempt , from the ordinary (such as
supermarket transaction data, credit card usegerds, telephone call detail, and government
statistics) to the more exotic (such as imageastfonomic bodies , molecular databases, and
medical records){Thearling et al. ,nd).The large size and compyeri such data in many

scientific domains becomes impractical to manuatiglyze, explore, and understand data.

To undertake large data analysis projects,arebers and practitioners have adopted
established algorithms from statistics , macheerding, neural networks ,and databases and
have also developed new methods targeted a¢ laita mining problem@and et al., 2001).
Witten and Frank (2005)states that lack of dataisonger a problem at a current stage. However,
the inability to generate useful information fromata is the problem. On other hand, it was
recognized that information is at the heart of bess operation and that decision make use of the
data stored to gain valuable insight in to the hess (Rea, 1995). Thus there is an urgent need for
a new generation of computational theories andstdol assist humans in extracting useful
information (knowledge) from the rapidly growinglumes of digital data (Fayyad et al., 1996).
These theories and tools are the subject of thegingefields of knowledge discovery in database
and data mining.
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3.2. Knowledge Discovery in Database (KDD) and Dataining

Conventionally the idea of searching pertinentgrat in data has been referred using different
names such as data mining, knowledge extractidornration discovery, information harvesting,
data archaeology, and data pattern processing. §rti@se terms KDD and data mining are used
widely (Fayyad et al, 1996).

The term knowledge discovery in databases (KDD¥ysonymously used with data mining. The
phrase knowledge discovery in databases was coatethe first KDD workshop in 1989
(Piatetsky-Shapiro, 2000). The purpose was to esiphdhat knowledge is the end product of a
data-driven discovery and it has been popularirethe ‘artificial intelligence’ and ‘machine-

learning’ fields.

In Fayyad’s et.al. (1996) view, KDD refers to theerall process of discovering useful knowledge
from data and that data mining refers to a pauwicstep in the process. Furthermore, data mining

is considered as the application of specific athans for extracting patterns from data.

Trybula (1997) also states that knowledge discoyKD) is the process of transforming data into
previously unknown or unsuspected relationship$ taam be employed as predictors of future
action. Furthermore, he asserts that KDD is a thahhas been employed to encompass both data
mining and KD. Essentially, the basic tasks of daiiaing and KD are to extract particular
information from existing databases and conveihtid understandable or sensible conclusions

(i.e., knowledge).

3.3. What is Data mining?

In the Information Technology era information playigal role in every sphere of the human
aspects. Thus, to efficiently inspire informatidnis very important to generate information from
massive collection of data. The data can range Bwnple numerical figures and text documents
to more complex information such as spatial dataltimedia data, and hypertext documents
(Deshpande and Thakare, 2010). However, the hagetthese data sources makes it impossible
for a human experts to come up with interestingnmiation or patterns that help in the proactive
decision making process. Therefore, to take corm@et/antage of data; the data retrieval is not

enough. It requires a tool for automatic summaiorabf data, extraction of the essence of
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information stored, and the discovery of pattenmsdaw data. This tool is called data mining
(Deshpande and Thakare, 2010).

Data mining is one step in the KDD process (Fataal., 1996). It is the most researched part of
the process. Data mining can be used to verifypmtinesis or use a discovery method to find new

patterns in the data that can do predictions watlv,runseen data.

Many definitions of data mining could be foundthe literature, Berry et.al. (1997) define it as
the exploration and analysis of large quantitieslata by automatic or semiautomatic means in
order to discover meaningful patterns and rulesofding to Bigus (1996), data mining is the

efficient discovery of valuable, non-obvious infation from a large collection of data.

Witten (2000) also defines as data mining is th&lysis of large observational data sets with the
goal of finding unsuspected relationships. A dsgh can be “large” either in the sense that it

contains a large number of records or that a latgeber of variables is measured on each record.

Data mining is a problem-solving methodology thatl$ a logical or mathematical description,
eventually of a complex nature, of patterns andileggies in a set of data; The nontrivial process
of identifying valid, novel, potentially useful, dultimately understandable patterns in data stored
in structured databases (Two Crows Corp ,19993;the process of finding mathematical patterns
from (usually) large sets of data; these can besyudffinities, correlations, trends, or prediction
models (Berry and Linoff,2000).

Data mining is an interdisciplinary field bringinggether techniques from machine learning,
pattern recognition, statistics, databases, andalimtion to address the issue of information
extraction from large data bases” (WKDD ,2008).

3. 4. Knowledge Discovery Process Models (KDPM)

The knowledge discovery process can be formalingml a common framework using process
models. The main reason for introducing processatsos to formalize knowledge discovery
projects within a common framework, a goal thaules cost and time savings, and improve
understanding, success rates, and acceptance d¢f prmects. The models emphasize

independence from specific applications, tools, wmtiors (Cios et al., 2007).
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A KD process model provides an overview of the tfele of a data mining project, containing
the corresponding phases of a project, their résetasks, and relationships between these tasks.
There are different process models originatingegifinom academic or industrial environments.
All the processes have in common the fact that tbkkgw a sequence of steps which more or less
resemble between models

Although the steps are executed in a predefinddrand depend on one another (in the sense that
the outcome of a step can be the input of the stex), it is possible that, after execution ofepst
some previous steps are re-executed taking intsideration the knowledge gained in the current
step (feedback loops).

An interesting issue that arises in any KDD proaesslel is choosing which algorithm or method
should be used in each phase of the process thebest results from a dataset. Since taking the
best decision depends on the properties of theselatRopa et al. (2007) proposes a multi-agent

architecture for recommendation and execution oflkedge discovery processes.

Knowledge discovery in database (KDD) and dataimgins an interdisciplinary area focusing
upon methodologies for extracting useful knowledigem data. The ongoing rapid growth of
online data due to the internet and the widespusadof databases have created an immense need
for KDD methodologies. In this paper, we provideaserview of common knowledge discovery
process model and approaches to solve tasks. Tiere of extracting knowledge from data

draws upon research in statistics and database ¢btato and Beleviciute, 2007).

A as result, data mining research require stabkk well defined foundation which are well
understood and popularize thought the communityrgn &Musilek,2006). The primary
objective of data mining process or methodologeduilding stable models following some
logical steps (Berry &linoff,2004) .

According to Santos & Azevedo (2008) the folloggrare commonly used Data mining process
model / methodology /KDPM that data mining applredesearch; Knowledge Discovery in
Database (KDD), CRoss-Industry Standard ProcessDiata Mining(CRISP-DM), Sample,
Explore, Modify, Model, Assess(SEMMA) and Hybricbdel.
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3.4.1. KDD Process Model
The essence of Academic research model was starttheé mid-1990s, when the DM field was

being shaped; researchers started defining muyltistecedures to guide users of DM tools in the
complex knowledge discovery world. The main empha&s to provide a sequence of activities
that would help to execute a KDP in an arbitraryndm (Cios et al., 2007). As a result different
Academic research models are developed and folldwenhdustry. According to Fayyad et al.

(1996). KDD process model was the leading Acadaesearch model applied in different data

mining project.

KDD process, as presented in (Fayyad et al, 199@he process of using DM methods to extract
what is deemed knowledge according to the spetiiceof measures and thresholds, using a
database along with any required preprocessingsanipling, and transformation of the database.

There are five stages as presented in figure 3.1:

Interpretation
Lvaluation

Iransformation

Figure 3. 1 Overview of KDD

An outline of the steps in Figure 3.1 has been aategfor understanding the concepts required for

the KDD process. The following are the steps inedtv

Selection- this stage consists on creating a target dafaosébcusing on a subset of variables or

data samples, on which discovery is to be performed
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Pre-processing- this stage consists on the target data cleaairdy preprocessing in order to
obtain consistent data. Here we also try to eliteimmise that is present in the data. Noise can be
defined as some form of error within the data. Safnthe tools used here can be used for filling

missing values and elimination of duplicates indlagabase.

Transformation - this stage consists on the transformation of data using dimensionality
reduction or transformation methods. Usually thare cases where there are a high number of
attributes in the database for a particular casigh We reduction of dimensionality we increase

the efficiency of the data-mining step with respgedhe accuracy and time utilization.

Data Mining - The data mining step is the major stage in §&B. This is when the cleaned and
preprocessed data is sent into the intelligentratgus for classification, clustering, similarity
search within the data, and so on. Here we chasaltiorithms that are suitable for discovering
patterns in the data. Some of the algorithms peowbétter accuracy in terms of knowledge

discovery than others. Thus selecting the rightrtigms can be crucial at this point.

Interpretation/Evaluation —in this stage the mined data is presented terideuser in a Human-
viewable format. This involves data visualizatievhich the user interprets and understands the

discovered knowledge obtained by the algorithms.

3.4.2. CRISP-DM
A second most popular process model that has prappfication is Cross Industry Standard

Process Data Mining (CRISP-DM). CRISP-DM is a prdueutral data mining model developed
by consortium of several companies (Roiger and ,&4103). It is a standard process model in
industries which consisting of a sequence of stegsare usually involved in a data mining study
.CRISP-DM was developed by the means of the effafrsn association initially composed with
Daimler Chrysler, SPSS and NCR (Chapman et aOR0the life cycle of a data mining
project consists of six phases. These arsinbss understanding, data understanding, data
preparation, modelling, evaluation and deploym€RISP-DM process consists of six phases
(Roiger and Geatz, 2003).
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Figure 3. 2 CRISP-DM process model adapted from (Daele and Satheesh ,n.d. )

CRISP-DM is complete and well documented. All thiages are duly organized, structured and

defined, allowing that a project could be easilgenstood or revised (Santos & Azevedo, 2005).

As seen from the figure 3.2, CRISP-DM model is didd into six phases and related tasks as
described in the [Daniele and Satheesh ,(n.d.)p@Ba et al.,2000] as follows:

1. Business understanding This phase focuses on understanding the projgectives
and requirements from a business perspective, ¢hawerting this knowledge into a
DM problem definition and a preliminary plan desdnto achieve the objectives
[Daniele and Satheesh ,(n.d.)]. Some of the oljestiof this phase are determine
business objectives and business success critesess situation such as inventory
resource requirements, assumptions constraints coskingencies cost and benefits
determine data mining goals produce project platiainassessment of tools and
techniques. Business understanding is critical Umexait identifies the business
objectives and, thus, the success criteria of a@téng projects (Koh, and Tan, 2005).
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2. Data understanding: The data understanding phase starts with an limitita collection

and proceeds with activities in order to get faanilvith the data, to identify data quality problems
to discover first insights into the data or to deiateresting subsets to form hypotheses for idde
information. The major activities are collect ialtidata (initial data collection report), describe
data (data description report), explore data (eafaoration report) and verify data quality (data

quality report).

3. Data preparation: The data preparation phase covers all the aedvitiequired to

construct the final dataset from the initial rawtadaData preparation tasks are likely to be
performed repeatedly and not in any prescribedrofdata preparation and cleaning is an often
neglected but extremely important step in the daitsing process models. Often, the method by
which the data where gathered was not tightly adletl, and so the data may contain outlier
values (e.g., Income: -100), impossible data coatlmns (e.g., Gender: Male, Pregnant: Yes).
Analyzing data that has not been carefully screefeedsuch problems can produce highly

misleading results, in particular in predictivealatining [Daniele M. and Satheesh R,.nd)].

The main tasks in data preparation are; select dhteh is rationale for industry exclusion or
inclusion clean the data and document it, constilatd derived attributes and generated reports
integrate and merge data, format data reformataladahave dataset description. Data preparation

step is by far the most time-consuming part ofith@wledge discovery process (Cios et al., 2007).

4. Building Model: In this phase, various modeling techniques arectsd and applied and
their parameters are calibrated to optimal valdggpically, there are several techniques for the
same DM problem type. Some techniques have spea@ficirements on the form of data.
Therefore, it is often necessary to step backéadtita preparation phases such as select modeling
techniques and modeling assumptions, generatelésgyn, build model, parameter settings and

model description and assess model, model asselssmage parameter settings.

5. Evaluation: Before proceeding to final model deploymentsiimportant to evaluate the
model more thoroughly and review the steps takdsutld it to be certain that it properly achieves
the business objectives. At the end of this phasgcision should be reached on how to use the

DM results through assessment of data mining resulh respect to business success criteria to
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approve models, review of process, and determing steps such as possible actions and

decisions making based on patterns and relatiogship

6. Deployment: Model construction is generally not the end of tireject. Even if the
purpose of the model is to increase knowledge efdhta, the knowledge gained need to be
organized and presented in a way that the endcasense and understand it. The main activities in
this phase are plan deployment, plan monitoring mathtenance (monitoring and maintenance
plan), produce final plan and present, review mtopnd produce documentation. According to
Chapman et al. (2000), depending on the requirertiegge phase can be as simple as generating a

report as complex as implementing a repeatablendetiaag process across the enterprise.

According to kurgan and Musilek (2006 ) the GRIDM methodology is the most suitable
process model for novice data miners due tceaty, complete documentation , and intuitive ,
industry-applications-focused description.

The CRISP-DM model has been used in domains suchedscine, engineering, marketing, and
sales. It has also been incorporated into a comateknowledge discovery system called

Clementine (see SPSS Inchéip://www.spss.com/clemeand Cios et al., 2007).

3.4.3. The SEMMA Process
Data mining can be viewed as a process ratheralsah of tools, and the acronym SEMMA stands

for( Sample,Explore, M odify, M odel, Assess) refers to a methodology that clarifies phigess
(Obenshain, 2004). The SAS Institute considerscéeayith five stages for the process:

Sample - this stage consists on sampling the data byetig a portion of a large data set big

enough to contain the significant information, getall enough to manipulate quickly.

Explore - this stage consists on the exploration of thea dg searching for unanticipated trends

and anomalies in order to gain understanding agaisid

Modify - this stage consists on the modification of thdadhy creating, selecting, and

transforming the variables to focus the model s&lagrocess.
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Model - this stage consists on modeling the data byvalig the software to search automatically

for a combination of data that reliably predicdesired outcome.

Assess this stage consists on assessing the data lhya¢iva the usefulness and reliability of the

findings from the DM process and estimate how welerforms.

The SEMMA process offers an easy to understandepsyallowing an organized and adequate
development and maintenance of DM projects. It tbhasfers a structure for its conception,
creation and evolution, helping to present solitmbusiness problems as well as to find de DM
business goals (Santos & Azevedo, 2005).

3.4.4 Hybrid model
The development of both academic particularlyKB® and industrial oriented (CRISP-DM and

other) data mining models has led to the growthydfrid models, i.e., models that combine the
features and job of both. Hybrid model is a sipskbbP model (see Figure 3.3) developed by
Cios et al.(2007). It was developed mainly basedtten CRISP-DM model by adopting it to

academic research. The main differences and ertengiclude introducing several new explicit
feedback mechanisms and in last steps the knowléidgevered for a particular domain may be
applied in other domains.

According to Cios et al.(2007) the descriptionted ix steps are explained below.

Step 1: understanding of the problem domainThis initial step involves working closely with
domain experts to define the problem and deternhiagroject goals, identifying key people, and
learning about current solutions to the problermhe Thajor tasks undertaken in this phase are:

Understand and learn domain-specific terminology.

% explain the problem area in detail and make antlary for it

% Lastly, convert the project goals into DM goalsd aelect appropriate data mining tools to be

used in performing the whole research.
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Step 2:understanding of the data In this phase collecting sample data and decithiegtypes,
format and size of data was a primary task. Baakgoknowledge can be used to guide these

efforts. Besides, data should be checked for cetapéss, redundancy, missing values,

> Understanding of
the Problem

; _ Input Data
Understanding of o
- the Data 4 ) (database. images. video. semi-

structured data. etc.)

Preparation of the

L 4

Data Mining

- -~ < W - e
Evaluation of the Knowledge
Discovered Knowledge > (patterns, rules. clusters.,
classification, associations, etc.)
Use of the Discovered Extend knowledge to
Knowledge . other domains

Figure 3. 3 The six phases of Hybrid data miniraglei(Pal, et al.,2005)

plausibility of attribute values, etc. verificatiof the usefulness of the data with respect tdothke

goals was also a major activity undertaken in shep.

Step3: Preparation of the data.Once the problem is understand and selected ctenpled
appropriate data to the problem under investigati@nnext step be selecting representative data.
As a result, the researcher be used only the seledata as input for DM methods in the
subsequent step. It involves sampling, runningetation and significance tests, and data cleaning,
which includes checking the completeness of datards, removing or correcting for noise and
missing values, etc. The cleaned data may be fupttteessed by feature selection and extraction
algorithms (to reduce dimensionality), by derivatiof new attributes (say, by discretization), and

by summarization of data (data granularization).
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The end results are data that meet the specifitt ilgguirements for the DM tools selected in Step

1.This steps is the most time consuming part odah mining model (Cios et al., 2007).

Step4 Data mining: Another key step in the knowledge discovery precissdata mining. It
involves the use of several DM tools onadatepared in step 3.The application of thisgool
discover new knowledge. The process of discovenmg information includes: the data model
was constructed using one of the chosen WEIstand training and testing procedures are
designed. Then generated data model was verifiegshng testing procedures. It takes less time
than data preprocessing steps. Some of the comatamdning technique implemented using data
mining tools are decision tree, neural networksstaring, support vector machine, rule induction,

association rule.

Step 5 Evaluation of the discovered knowledgd&valuation includes understanding the results,
checking whether the discovered knowledge was ranvelinteresting, interpretation of the results
by domain experts, and checking the impact of ieeadered knowledge. Only approved models
are retained, and the entire process was revittédentify which alternative actions could have

been taken to improve the results. A list of erroexle in the process is also prepared.

Step 6 Use of the discovered knowledg&he final step consists of planning where and how t
use the discovered knowledge. The application argae current domain may be extended to
other domains. A plan to monitor the implementatbthe discovered knowledge was created and

the entire project will be documented and reported.

3.4.5. Comparison of SEMMA, KDD and CRISP-DM
Today, research efforts have been focused on pirmpasw models, rather than improving design

of a single model or proposing a generic unifyingdel. Despite the fact that most models have
been developed in isolation, a significant progiess been made. The subsequent models provide
more generic and appropriate descriptions. Moshem are not tied specifically to academic or
industrial needs, but rather provide a model tsandependent of a particular tool, vendor, or
application ( kurgan and Musilek ,2006 ). SantosA&evedo (2008) have summarized the

association of the three most popular process nsidpk as shown in Table 2.1
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KDD SEMMA CRISP-DM

PeKDD  eeeeeeeeee. Business understanding
Selection . Sample Data Understanding
Pre processing Explore -
Transformation Modify Data preparation

Data mining Model Modeling
Interpretation/Evaluation Assessment Evaluation

PostKDD e Deployment

Table 3. 1 Comparison of Data mining process model

As shown in table 3.1 most of the steps to be Wedd in all methods look like similar.
Nevertheless, KDD and SEMMA do not have a step éusidnding the problem” before selection
and sample steps respectively. Undoubtedly, urateistg the domain problem is often a
prerequisite steps but missed by the three metbggolConsidering the presented analysis we
conclude that SEMMA and CRISP-DM can be viewedragmlementation of the KDD process
described by (Fayyad et al, 1996).

In general, According to Refaat (2007) all metHodm@s contain and followed same data mining
tasks. Hence this research be conducted basedderstanding of the domain problem and
business context, consequently, the best fit dat@éngmodel to conduct the research is inevitably

hybrid model. This model completes the above midigathtion in methodology.

3.5. Data Mining Task

The goal of data mining is tearn from data, and there are two broad categories taf ighéning
strategies: supervised and unsupervised learninger8ised learning methods are deployed (or
strategically put into service in an informatiorctiaology context) when values of variables
(inputs) are used to make predictions about anottarable (target) with known values.
Unsupervised learning methods can be used in sisitlzations, but are more frequently deployed

on data for which a target with known values doatsexist (Obenshain, 2004).

Data mining functionalities are used to specify kired of patterns to be found in data mining

tasks. In general, data mining tasks can be cledsihto two categories: descriptive and
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predictive. Descriptive mining tasks characterize general properties of the data in the database.
Predictive mining tasks perform inference on theent data in order to make predictions (Han
and Kamber, 2006; Kantardzic, 2008xcording to Fayyad et.al. (1996), the data mirstage of
KDD process consists of two main types of data ngnnethods: verification oriented (the system
verifies user’'s hypothesis) and discovery orienfdte system finds new rules and patterns
autonomously). The discovery-oriented methods cardubther partitioned into descriptive (e.qg.

Visualization) and predictive (like regression ataksification).

In predictive modeling tasks, one identifies patsefound in the data to predict future values
(Levin and Zahavi, 1999). Predictive models ardtpar trained, using data for which the value of
the response variable is already known. This kifdtraining is sometimes referred to as
supervised learning, because calculated or estimatieies are compared with the known results.
Whereas descriptive techniques are sometimes edféor as unsupervised learning since there is

no already-known result to guide the algorithms @Tasows corporation, 1999).

On the other hand, descriptive models belong ta¢hén of unsupervised learning. Such models
interrogate the database to identify patterns afadionships in the data. Clustering (segmentation)
algorithms, pattern recognition models, visual@matmethods, among others, belong to this family
of descriptive models (Levin and Zahavi, 1999; ad Kamber, 2001).

The Predictive modeling is based on the use ohtkirical data. Predictive model data mining
tasks include classification, regression, timeesgrand prediction. Unlike the predictive modeling
approach, a descriptive model serves as a wayplmrexthe properties of the data examined, not
to predict new properties (Dunham, 2003). Clustgrisummarization, association rules, and

sequence discovery are viewed as descriptive ir@é&hown in Figure 3.3: Dunham, 2003).

3.5.1. Classification and Prediction
Classification is one of the most common data ngnasks, which is also pervasive in human life.

Classification finds common properties among dé#ferentities in order to organize them into
predefined classes ( Han et al. ,2001). Human beiusgally classify or categorize in order to
understand and communicate about the world. Forodgct or instance, classes are predefined
according to the value of a specific field (Bernda.inoff, 1997).
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Figure 3. 4 Classification of Data mining models az@sks (Dunham, 2003)

There are many different methods, which may be ueepredict the appropriate class for the
objects or stations. Among the most popular ones lagistic regression, decision tree, rule

induction, case-based reasoning, and neural net{Mwkhkovich et al., 2002).

Even though , there are many data mining tasksladlai and commonly used in various
application, the researcher used decision treerale induction techniques in this research
because their result is simple to explain for esdriand these technique support the selected
data mining tasks for this research. The most widekd techniques for classification are decision

trees, neural networks and memory-based reasoBargy(et al., 1997).

3.5.1.1. Decision Trees
One of the most commonly used data mining techsidaeclassification tasks are decision trees.

It is a simple knowledge representation technique @dassifies instances in to a finite number of
classes (Larvac, 1998). In decision tree inductiba,nodes of the tree are labeled with attribute
names, the edges of the tree are labeled withlgesslues for the attributes and the leaves of the

tree generate decision tree from a given set obate-value tuples. A decision tree is constructed
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by repeatedly causing a tree construction algorithreach generated node of the tree (Larvac,

1998 ; Two crows corporation,1999).

The classification is performed separately forhedeaf, which represents a conjunction of
attribute valued in a rule (Last and Kandel, 20@&?jucturally, decision trees consist of two types
of nodes; non-terminal (intermediate) and termi@l@hf). The former correspond to questions
asked about the characteristic features of thendsgf case. Terminal nodes, on the other hand
generate a decision (Rudolfer et al., 2002). Desidree models are commonly used in data

mining to examine the data and induce the tredtandles that be used to make predictions.

An important quality of decision trees is that thendle non-numeric data very well. This ability
to accept categorical data minimizes the amoundath transformations and the explosion of
predictor variables inherent in neural nets (Twowg corporation, 1999). Rogers and Joyner
(2002) also stated “tree based models are gocglettsg important variables, and therefore work

well when many of the predictors are irrelevant.”

A common criticism of decision trees is that théyase a split using a “greedy” algorithm in
which the decision on which variable to split ddesake into account any effect the split might
have on future splits. In addition, all splits anade sequentially, so each split is dependentson it

predecessor (Two crows corporation, 1999).
3.5.1.1.1. Decision tree Construction Methods

All decision tree construction methods are basedhenprinciples of recursively partitioning the
dataset until homogeneity is achieved. The constmumf decision tree involves the following
three phases (Sheikh, 2008):

1)  Construction phases the initial decision tree is constructed in thpbases, based on the
entire training dataset. It require recursivelgrtppioning the training set in to two or more
sub- partitions using a splitting criterion, lr@istopping criteria is met. The basic stratefyy o
construction phase is described as follows. The $tarts as a single node representing the
training sample. If the samples are of the samgsclen the node become a leaf and is labeled

with that class. Otherwise, the algorithms usesopgtbased measure known as information
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gains as a heuristic for selecting the attributgg th best separate the sample s into indilsdua
classes. The information gain measure is usedl¢atsthe test attribute at each node in the tree.
The attribute with the highest information gairciesen as the test attribute for the current node.

2)  Pruning phase: The pruning phase involves removing some of tleeftobranches and

nodes to improve performance.

3) Processing the pruning tree: Inthis stage decision tree is proposed to improve
understandability. Various listed decision treecalhms such as CHAID, C4.5/C5.0, CART,
ID3, J48 and many other with less familiar alduris produce tree that differ from one
another in the number of splits allowed at ea&stell of tree , how those splits are chosen when

the tree is built(Thearling et al. , n.d).
3.5.1.1.2. Decision tree Algorithms

The algorithms that are used for constructing decisees usually work top-down by choosing a
variable at each step that is the next best variabluse in splitting the set of items (Rokach and
Maimon, 2005). A number of different algorithms mbag used for building decision trees
including CHAID (Chi-squared Automatic Interactiddetection), CART (Classification and
Regression Trees), Quest, and C5.0,J48 (Two ctovporation, 1999).

J48 decision tree algorithms adopt an approachhichwdecision tree models are constructed in a
top-down recursive divide-and-conquer manner. Mdgbrithms for decision tree induction also
follow such a top-down approach, which starts vatkraining set of tuples and their associated
class labels. The training set is recursively parted into smaller subsets as the tree is beiiig bu
(Han & Kamber, 2006). According to Bharti et al.0{®), J48 decision tree algorithm is a
predictive machine learning model that decidest#rget value (dependent variable) of a new
sample based on various attribute values of thdadla data. It can be applied on discrete data,
continuous or categorical data. This algorithms wsed in this study to classify the VCT clients
as HIV infected or non-HIV infected. The J48 demistree can serve as a model for classification

as it generates simpler rules and remove irreleatinibutes at a stage prior to tree induction. In
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several cases, it was seen that j48 decision tredsa higher accuracy than other algorithms

(Witten and Frank 2000). It offers also a fast poderful way to express structures in data

To view the internal operation of the J48 algorishhlan and kamber (2006) explained how the

algorithms works in detail step by step as follows.

Figure 3. 5 Basic pseudo code for J48 decisiandtgorithms

Algorithm : Generate decision tree.

Input: Sets of training dataset ( D), Attribute listtiute selection method;

Output: A decision tree.

Procedures(1) Create a node N2) If tuples in D are all of the same class, (hthe

(3) Return N as a leaf node labeled with the o&ss

(4) If attribute list is empty then

(5) Return N as a leaf node labeled with the mgjalass in D; // majority voting

(6) Apply Attribute selection method (D, attribuigt) to find the “best” splitting criterion;
(7) Label node N with splitting criterion;

(8) If splitting attribute is discrete-valued andilthway splits allowed then // not restricted|to
binary trees

(9) Attribute list— attribute list- splitting_ attribute; // removelitjing attribute

(10) For each outcome j of splitting criteriorpdrtition the tuples and grow subtrees for each
partition

(11) Let Dj be the set of data tuples in D satrgfyoutcome j; // a partition
(12) If Dj is empty then (13) attach a leaf laloebeth the majority class in D to node N;

(14) Else attach the node returned by Generatsidadree (Dj, attribute list) to node N; Endf
(15) Return N;
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In general, according to Han and Kamber (2006) Jdf& decision tree algorithms follows five

main procedures including:

1. Choose an attribute that best differentiatesothtput attribute values.
2. Create a separate tree branch for each valine @hosen attribute.

3. Divide the instances into subgroups sotaseflect the attribute values of the s#o
node.

4. For each subgroup, terminate the attributecieteprocess if:

a. All members of a subgroup have the same viauethe output attribute, terminate the
attribute selection process for the current path #abel the branch on the current path with the

specified value.

b. The subgroup contains a single node or no fudigtinguishing attributes can be determined.

As in (a), label the branch with the outputsateen by the majority of remaining instances.
5. For each subgroup created in (3) that has e kabeled as terminal, repeat the above process.

The algorithm is applied to the training data. Theated decision tree is tested on a test dathset,

available. If test data is not available, J48 penfoa cross-validation using the training datdfitse

3.5.1.2. Neural Networks
A Neural Network is an approach to computing timablves developing mathematical structures

with the ability to learn. The methods are the ttestiacademic investigations to model nervous
system learning (Rea, 2001). Neural networks aveldped due to difficulty in creating the basic
intelligence in computers using the conventiongbathmic approach (Pudi,2001). According to
Berry and Linoff (1997), Bigus (1996) and Atiezereta al. (2002) Neural Networks are also

probably the most common data mining classification

Neural networks (NN) are those systems modeleddoaséhe working of the human brain. As the
human brain consists of millions of neurons thatiaterconnected by synapses, a neural network

is a set of connected input/output units in whielsheconnection has a weight associated with it.
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The network learns in the learning phase by adjgstie weights so as to be able to predict the

correct class label of the input (Gupta et al.,1901

These networks have the remarkable ability to @emeaning from complicated or imprecise data
and can be used to extract patterns and detedsttbat are too complex to be noticed by either

humans or other computer techniques.

3.5.1.3. Rule Induction
Rule induction is one of the techniques most use@xtract knowledge from data, since the

representation of knowledge as if/then rules isyvimtuitive and easily understandable by
problem-domain experts (Wong and Leung, 2000)s lam area of machine learning in which
formal rules are extracted from a set of obsermatidrhe extracted rules may represent a full
model of the data (in the form of a rule set) likeClark and Niblett (1989), or represent local
patterns in the data (in the form of individual es) like in Agrawal et al. (1996). Hence,

regularities hidden in data are frequently exprésseerms of rules , rule induction is one of the
fundamental tools of data mining at the same ti@ezymala-busse, n.d.). Usually rules are

expressions of the form

if (attribute— 1; value — 1) and (attribute — 2; value — 2) and ...... and (attribute — n; value — n)

then (decision; value):

Some rule induction systems induce more complegsruh which values of attributes may be
expressed by negation of some values or by a \&libset of the attribute domain(Grzymala-
busse, nd.). Data from which rules are induceduaually presented in a form similar to a table in
which cases (or examples) are labels (or namesdies and variables are labeled as attributes and
a decision. We restrict our attention to rule irteut which belongs to supervised learning: all
cases are pre classified by an expert (Grzymalaehusd.). In other words, the decision value is
assigned by an expert to each case. Attributesndependent variables and the decision is a
dependent variable. Rule induction sometimes calliézl learner is also perhaps the form of data
mining that most closely resembles the processntiost people think about when they think about

data mining, namely “mining” for gold through a vdatabase. The gold in this case refers to the
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rule that is interesting- that tell you somethimdpout your database that you did not already

know and probably weren't able to explicitly adiate(Thearling et al. ,n.d).

Rule induction on a database is a process urkilegtaising intelligent software where all
possible patterns are systematically pulled outhe data . In this process the accuracy is@dde
to them that tell the user how strong the patteranid how likely it is to occur again (Thearling e
al. ,n.d). It has been widely used to represembwledge in expert system and they have the
advantage of being easily interpreted by humaregsp because of their modularity( Cabena
etal.,1998; Moshkovich et al, 2002). Rule inductsystems are highly automated and are probably
the best of data mining techniques for exposingadisible predictive patterns in a database. They
can be used in prediction problem but algorithmdombining evidence from a variety of rules
come from practical experience (Thearling etrall),

In rule induction, rules are expressed in the fofrif this, this and this then this”. To make the
rules useful, we require two important informatiorcluding accuracy and coverage. This
because the pattern in the database is expresseteatoes not mean that it is true all the time.
Similar to other data mining algorithms it is imgaort to recognize and make explicit the
uncertainty in the rule, i.e. how often is the raterect. This is what the “accuracy” of the rule
means. The coverage of the rule has to do with imoneh of the database the rule “cover” or how
often the rule applies (Thearling et al. ,n.d)m®uary of coverage and accuracy be showed
below.

Accuracy Low Accuracy High

Coverage High Rule is rarely correct but can| Beile is often correct and can be used
used often. often.

Coverage Low Rule is rarely correct and c&ule is often correct but can only pe
only be used rarely. used rarely.

Table 3. 2 Rule coverage versus accuracy adapad(Thearling et al. ,nd).
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3.5.1.3.1. Rule induction for Prediction

The objective of data mining is to extract valuaiiformation from one’s data, to discover the
‘hidden gold’. In Decision Support Management terohbgy, data mining can be defined as ‘a

decision support process in which one search fttepe of information in data’ (Parsaye, 1997).

Data mining techniques are based on data reteatidndata distillation. Rule induction models
belong to the logical, pattern distillation basezp@aches of data mining. These technologies
extract patterns from data set and use them faowsipurposes, such as prediction of the value of

a dependent field (Matsatsinis et al., n.d.).

After the rules are created and their interestsgns measured there is also a call for performing
prediction with the rules. Each rule by itself qaarform prediction; the consequent is the target
and the accuracy of the rule is the accuracy ofptlediction. But because rule induction systems
produce many rules for a given antecedent or cprese there can be conflicting predictions with

different accuracies. This is an opportunity fmproving the overall performance of the systems
by combining the rules. This can be done in aetprof ways by summing the accuracies as if
they were weights or just by taking the predictiohthe rule with the maximum accuracy

(Thearling et al. ,n.d).
3.5.1.3.2. Rule Induction Algorithms

An induction algorithm takes as input specific amtes and produces a model that generalizes
beyond these instances. There are two major apgpesdny induction algorithm: supervised and
unsupervised. In the supervised approach, speothmples of a target concept are given, and the
goal is to learn how to recognize members of tlessclusing the description attributes. In the
contrary, unsupervised approach is provided withsed of examples without any prior
classification, and the goal is to discover undegyegularities or patterns by identifying cluster

or subsets of similar examples (My Data Mining Wegb{MDMW), 2008).
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This research is deal with supervised inductioromtigm methods because of simplicity and the

goal of the research is prediction about the labeleknown class.

Rule induction seeks to go from the bottom up awitect all possible patterns that are interesting
and then later use those patterns for some preditarget. It also retains all possible patterrenev
if they are redundant or do not aid in predicticelaacy. Hence, in a rule induction system if there
were two columns of data that were highly correlater in fact just simple transformations of
each other) they would result in two rules (Theaylet al., n.d).

Rule induction is also known &eparate-And-Conquer method This method apply an iterative
process consisting of first generating a rule timaters a subset of the training examples and then
removing all examples covered by the rule from thening set. This process is repeated
iteratively until there are no examples left to eovlhe final rule set is the collection of theesul
discovered at every iteration of the process (MDM2D8). Some examples of these kinds of

systems which are supported by WEKA software aseutised below:

1) OneR: OneR or “One Rule” is a simple algorithm proposgdHolt. The OneR builds one
rule for each attribute in the training data anehtselects the rule with the smallest error rate
as its ‘one rule’. To create a rule for an attrdguhe most frequent class for each attribute
value must be determined. The most frequent ctassriply the class that appears most often
for that attribute value. A rule is simply a setatfribute values bound to their majority class.
OneR selects the rule with the lowest error ratehk event that two or more rules have the

same error rate, the rule is chosen at random ¢H8193).

2) PART: PART is a separate-and-conquer rule learner pezptsy Eibe and Witten (2005).
The algorithm producing sets of rules called ‘decidists’ which are ordered set of rules. A
new data is compared to each rule in the list in,tand the item is assigned the category of
the first matching rule (a default is applied if nde successfully matches). PART builds a
partial C4.5 decision tree in each iteration andesahe “best” leaf into a rule. The algorithm
is a combination of C4.5 and RIPPER rule learnirguik and Witten, 1998)

52



3) Decision Table:lt is the method used to build a complete seesf tases without using the
internal structure of the program in question. tdev to create test cases we use a table to
contain the input and output values of a programsuimmarizes the dataset with a ‘decision
table’ which contains the same number of attribateshe original dataset. Then, a new data
item is assigned a category by finding the lin¢hi decision table that matches the non-class
values of the data item. Decision Table employswhegpper method to find a good subset of
attributes for inclusion in the table. By elimiragiattributes that contribute little or nothing to
a model of the dataset, the algorithm reduces iltediHood of over-fitting and creates a

smaller and condensed decision table ( Kohavi,1995)

3.5.1.4. Support Vector Machine

A support vector machine (SVM) is a concept inistias and computer science for a set of related
supervised learning methods that analyze data ecwhnize patterns, used for classification and
regression analysis (Vapnik ,1995.) SVM was firsigesed and developed by Vapnik (1995).1t
was gained popularity Piroozniam and Deng ( 20Q&) td many promising features such as:

» Better empirical performance than other classiiocatechnique

» The algorithm has a strong theoretical foundatiossed on the ideas of VC (Vapnik

Chervonenkis) dimension and structural risk minaticn
» Scale up:the SVM algorithm scales well to relatively largetasets

= Robustnessthe SVM algorithm is flexible due in part to thébustness of the algorithm
itself, and in part to the parameterization of 8\&M via a broad class of functions, called
kernel functions. The behavior of the SVM can bedied to incorporate prior

knowledge of a classification task simply by modifythe underlying kernel function and

= Accuracy the most important explanation for the populaatythe SVM algorithm is its
accuracy. The underlying theory suggests an exjiangor the SVMs excellent learning
performance, its widespread application is dueangd part to the empirical success the

algorithm has achieved.
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Support Vector Machine is a classification and esgion prediction tool that uses machine
learning theory to maximize predictive accuracy le/lautomatically avoiding over-fit to the data.
The algorithm performs discriminative classificatiolearning by example to predict the

classifications of previously unclassified data¢Bzniam and Deng, 2006).

The goal of SVM is to produce a model (based onttaming data) which predicts the target

values of the test data given only the test ddtdoates.
3.5.1.4. 1. Method of SVM Classification

The original SVM classification attempts to fincetbest separating hyper plane with the largest

margin width and the smallest number of traininges;, as depicted in Figure 3.6
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Figure 3. 6 Visualization of linearly separableldem with marginal line

As we can observe in the above figure H3 doespdrsge the two classes. H1 does, with a small
margin and H2 with the maximum margin. Besidess gasy to imagine that the hyper planes that
can separate the training data perfectly, the tre has the maximum margin width has a
better chance to give the best generalizapenformance on future unseen data. For this
reason, SVM carry out the model of recognitiontf@o-class problems by determining the hyper
plane of separation with the maximum distanceh® marrowest points of the positioning of

formation. These points are called the vectorauppsrt (Chang, et al., 2010).
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The learning algorithm of SVM is figure out the Indlary that separates the two different classes
of training data, subject to certain optimizatioritezia. Therefore, the exact profile of the
boundary is determined by the training instancesated in the proximity of the boundary.
Consequently, those training instances that aravi@y from the boundary essentially play no role
in determining the boundary. In SVM such a hypanplwith maximum margin is determined by
solving a convex quadratic programming (QP) problémthis section, we present from a
mathematical point of view, only the model appliadhis study, as the case where the data are
linearly separable. According to Han and kambeB@@liscussion the algorithms of Linear SVM

work for linearly separable data sets.

Let the data set D be given as (X1, y1), (X2, y2XX,|D|, y|D|), where Xi is the set of training
tuples with associated class labels , yi.

Each yi can take one of two values, either +1 dr€., yi € (-1, +1), for this research case

corresponding to the classes HIV = -Ve and HIV =+¥Epectively.

There are an infinite number of separating lineg tdould be drawn to separate all of the tuples of
class +1 from all of the tuples of class-1.HowevVarding the “best” one, that is, one that (we

hope) have the minimum classification error orviasly unseen tuples is under research.

To solve the stated problem and to illustrate #@agating line we use the term “hyper plane” to
refer to the decision boundary that we are seekiagardless of the number of input attributes.
The application of SVM approaches this problem lmarshing for and suggesting for the
maximum marginal hyper plane. Consider Figure 3hfctv shows two possible separating hyper

planes and their associated margins.

There are an infinite number of (possible) sepagatiyper planes or “decision boundaries”.
According to the above figure 3.7 both hyper plaocas correctly classify all of the given data
tuples.Intuitively, however, we expect the hyper planehwthie larger margin to be more accurate

at classifying future data tuples than the hypanelwith the smaller margin.
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Figure 3. 7 linearly separable 2-D training data

This is why (during the learning or training phasbe SVM searches for the hyper plane with the

largest margin, that is, the maximum marginal hypane (MMH). The associated margin gives

the largest separation between classes. Gettiag toformal definition of margin, we can say that

the shortest distance from a hyper plane to ore @lidts margin is equal to the shortest distance

from the hyper plane to the other side of its margihere the “sides” of the margin are parallel to
the hyper plane. When dealing with the MMH, thistance is, in fact, the shortest distance from

the MMH to the closest training tuple of eithersda

Figure 3.7 (a)
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2.5.1.4. 2.Constructing of Optimal Hyper plane Algrithms

Han and Kamber (2006) also reported that how thtemap separating line be drown based on

mathematical perspectives. As a result a separhtipgr plane can be written as
KD = 0. (3.1)

Where W is a weight vector, namely = {w1, w2... wm}js the number of attributes and b is a
scalar, often referred to as a bias. Besides tmhsider two input attributes, A1 and A2, as in
Figure 3.7(b). The training tuples D, e.g., X = (x1, x2), where x1 and x2 are th&uea of

attributes A1 and A2, respectively, for X. If wertk of b as an additional weight, w0, we can

rewrite the above separating hyper plane as
WOHFWIXTIHWZX2 = 0.ttt et e e et e et e et e e s e eaeeaenes (3.2)

Figure 3.7 tries to show two possible separatingehylanes and their associated margins. Which
one is better? The one with the larger margin shbalve greater generalization accuracy. Thus,

any point that lies above the separating hypereplaatisfies

WOHFWIXLHWZXZ2 > 0. e e e e e e et e e e e e ettt e e e e e eaeees (3.3)
Similarly, any point that lies below the separatiryper plane satisfies

WOFWIXLHW2X2 K 0ttt it e et e et et e e e et et e e e v e et e e e neaeneneneans (3.4)

The weights can be adjusted so that the hyper pldeéning the “sides” of the margin can be
written as H1 @ WO+WIX1+W2X2 >= 1 fOr YH, ..o e (3.5)

and H2 : WO+WIX1+W2X2 <= - L 0= -1, .o e (3.6)

That is, any tuple that falls on or above H1 betotmclass +1, and any tuple that falls on or below
H2 belongs to class -1. Combining the two ineqigaitof Equations (3.5) and (3.6), we get
YIIWOHFWIXLHW2X2) S= LVttt et et e e et et et e e e et e e e ae e e eeenas (3.7)

Any training tuples that fall on hyper planes HIH# (i.e., the “sides” defining the margin) satisfy
Equation (3.7) and are called support vectors. Tathey are equally close to the (separating)
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MMH. In figure 3.7(b)the support vectors are shown encircled with ériborder. Essentially,
the support vectors are the most difficult tupkeslassify and give the most information regarding
classification.As Han and kamber (2006) statedalir®V/Ms we studied would not be able to find
a feasible solution here for linearly inseparatdéad But there is an approach to extend the steps
described for linear SVMs with little modificatidn create nonlinear SVMs for the classification
of linearly inseparable data. Such SVMs are capabfeding nonlinear decision boundaries (i.e.,

nonlinear hypersurfaces) in input space.

As a result the extended nonlinear SVM method®val two major steps described below. In the
first step, we transform the original input dattoia higher dimensional space using a nonlinear
mapping. Several common nonlinear mappings carsbkd in this step. Once the data have been
transformed into the new higher space, the sectapdsgarches for a linear separating hyper plane
in the new space. We again end up with a quadogtimization problem that can be solved using
the linear SVM formulation. The maximal marginalpey plane found in the new space

corresponds to a nonlinear separating hyper suifieite original space.
3.5.1.4.3. Support Vector machine Algorithms

The Support Vector Machine (SVM) algorithm is prblyathe most widely used kernel learning
algorithm. It achieves relatively robust pattermagnition performance using well established

concepts in optimization theory (Cortes and Vaphf95).

There are many kernel functions in SVM, but seterijood kernel function is a research issue.
Basically, the followings are some popular kerngidtions: linear kernel, RBF kernel, polynomial
kernel and hyperbolic tangent kernel. Among thipipar kernel functions, the researcher choose
the linear kernel function because: the problenasliaearly separable, so we don’t need other
types of kernel function. Besides the class size/tsand dataset is easily manageable.

Hence, this research deals with linearly separdhla, the researcher used Sequential minimal
optimization (SMO) algorithms. Because it is avaldain WEKA and to implement this we use
polynomial kernel function with degree 1 was us€Elde. detail be discussed in experimentation
part.

58



3.5.1.4.4. Sequential minimal optimization

Sequential minimal optimization (SMO) is an algonit for efficiently solving the optimization
problem which arises during the training of suppa@ttor machines. It was invented by Platt in
1998 at Microsoft Research (Platt, 1998). SMO iglely used for training support vector
machines and is implemented by the popular libswoh(Chang, C. et al, 2010).

SMO is an iterative algorithm for solving the opization problem by breaking the problem into a
series of smallest possible sub-problems, whichttege solved analytically. Because of the linear
equality constraint involving the Lagrange mulegpi©; , the smallest possible problem involves

two such multipliers. Then, for any two multipli€¥1 and®z2 , the constraints are reduced to:

where C is an SVM hyper parameter and K(xi, xjheskernel function, both supplied by the user;
and the variables are Lagrange multiplieasd this reduced problem can be solved analytically
The algorithm proceeds as follows:

1. Find a Lagrange multiplier that violates theri&n—Kuhn—Tucker (KKT) conditions for the

optimization problem.
2. Pick a second multiplier and optimize the pair.
3. Repeat steps 1 and 2 until convergence.

When all the Lagrange multipliers satisfy the KKadnditions (within a user-defined tolerance),
the problem has been solved. Although this algoriie guaranteed to converge, heuristics are

used to choose the pair of multipliers so as telacate the rate of convergence.

In general, According to Kotsiantis (2007) pointt that the following are the general pseudo

code for SVM algorithms are depicted as follows.

59



1. Introduce positive Lagrange multipliers, one focleaf the inequality constraints (1). This

gives Lagrangian:

N N

1
o= S IWl2 ~ Y @y(e w=b) + Y @ (310)

i=1 i=1

2. Minimize Lp with respect to w, b. This is a cemwquadratic programming problem.
3. In the solution, those points for whiehi are called “support vectors” > 0

Even though the maximum margin allows the SVM teedeamong multiple candidate hyper
planes, for many datasets, the SVM may not be tblend any separating hyper plane at all
because the data contains misclassified instafdtesproblem can be addressed by using a soft
margin that accepts some misclassifications ofrénaing instances (Veropoulos et al. 1999). This

can be done by introducing positive slack varidhile i =1,..., N in the constraints, which then

become:
WXI == +1 —€for yi =41 i (3.11)
WXi-DS =14 € for yi = =T i e (3.12)

e 20, Thus, for an error to occur the correspondipmust exceed unity, sp,; & is an upper

bound on the number of training errors. In thisedd® Lagrangian is:

1 .
Ip= 3 ||W||2+C Y& — i {yi (x;. w—b) —1+€i} — S uig

where theui are the Lagrange multipliers introduced to ecéopositivity of thee; .Nevertheless,
most real-world problems involve non- separableadar which no hyper plane exists that
successfully separates the positive fromagative instances in the training set. One sotutio
to the inseparability problem is to map the dattéoan higher- dimensional space and define a
separating hyper plane there. This higher-dimemsiepace is called the transformed feature

space, as opposed to the input space occupiecehyaihing instances.
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Above all this research also investigated using Silgarithms based on the recommendation of
the previous researcher about the domain area @rabadst and test the performance of the
classification technique of SVM against the statullV for a given client.

3.5. 2.Clustering
Clustering is another task of data mining in whgroups of instances or objects that are more

similar belong to the same clusters whereas ditmino different clusters (Han and Kamber,
2001). The only difference between classificatiod alustering is in the case of clustering unlike
classification there are no predefined classesh@ge are no predefined classes and examples in
clustering, records are grouped together on thes lzdssimilarity among the instances (Beaza-
yates and Ribeiro-Neto, 1999).

3.5.3. Association rule
Discovers frequently occurring item sets in a dasgband presents the patterns as rules. This

technique has been applied in problems like netwdrlision detection to derive association rules
from users’ interaction history. Investigators atsm apply this technique to network intruders’

profiles to help detect potential future networtaeks (Lee et al., 1999).Association learning is a
data mining scheme in which any affinity groupingveeen features is sought, not just one that
predict a particular class value (Agarwal and Srika994).

Association is suitable if the problem is to egtrany structure that exists in the data at hahe. T
aim of association is to examine which instancesmost likely to be grouped together. Market
basket analysis is a typical practical applicatbassociation, which is concerned with what items
are consumed with a particular item by individualér. Association rules can be developed in
order to determine arrangements of items on stoeéves in a given supermarket so that items
often bought together be found arranged closkrdation (Berry and Linoff, 1997).

3.6. Successful Data mining

The two basic things to be successful in dataing is to come up with the a precise

formulation of the problem you want to solve aming the right data. The more the model

builder can play with the data, build models, eatduresults, and work with the data some more in

the given time, the better the resulting model bezoConsequently, the degree to which a data
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mining tool supports this interactive data explomatis more important than algorithms it uses

(Two crows Corporation, 2005).

3.7. Potential Application of data mining
The application of data mining spans various ingest Telecommunications and insurance
industries make use of data mining techniques tectldraudulent activities. In medicine, data

mining is used to predict the effectiveness of malgprocedures and medical tests.

Companies in the financial sector use data mirongetermine market and industry characteristics
as well as to predict individual company and stpekformance, Predict which customers buy
new policies ;ldentify behavior patterns of riskystomers (Two Crows Corporation, 1999).

3.8. Review of Related Work
There are a number of researches done to applyngdatag techniques in health care domain in
general and HIV/AIDS control and prevention pergrby extracting interesting pattern and rule

in supporting the decision maker in particular.

3.8.1. Application of data mining in Health care Idustry
The healthcare industry collects huge amounts aftih@are data which, unfortunately, are not

“mined” to discover hidden information for effeativdecision making. Discovery of hidden

patterns and relationships often goes unexploifetllanced data mining techniques can help
remedy this situation (Palaniappan and Awang,2@@8 result, Medical institution may use the
technologies developed in the new interdisciplineyd of knowledge discovery in databases
(KDD) (Larvac, 1998), and particularly data minifidoyd-iams, 2002). Today, numerous health
care organizations are using data mining tools tactniques in order to raise the quality and
efficiency of health-related products and servicdsnumber of articles published in the health
care literature shown the practical applicatiordata mining techniques in the analysis of health
care related records.

As part of this effort the health care organizagi@me implementing data mining technologies to
help minimize costs of clinical test, provisiongfality service (diagnosing patients correctly and

administering treatments that are effective) atratible cost and improve the efficiency of patient
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care. Besides, data mining can be used to helpcgpriedure patient behavior and to improve

treatment programs.

By identifying high-risk patients, health professab can better manage the care of patients so they
will not be problems of tomorrow (Rogers and Joyr802).Recent trends in medical decision
making show awareness of the need to introduce doremasoning, as well as intelligent data
analysis techniques in the extraction of knowledggularities, trends and representative cases
from patient data stored in medical records (La/i2@8).

According to Larvac, machine-learning methods haeen applied to a variety of medical
domains in order to improve medical decision-makiiRpzak and baker (2006) have also
investigated a study focusing on mining associatid@s from asthma patients profile dataset. The
purpose of the study was to identify attributeg #feect asthma patients. The dataset of the asthma
patients records were about 16,384 records andsad8bles in various formats. These attributes

are grouped into demographic attributes and astefated attributes.

They employ data preparation and association ruleingn phases of data mining method.
Understanding the nature of the dataset, identffylata types and formats, identify incomplete
data, analyzing data distribution, and discretizilaga are the important stages needed in order to
systematically preprocess the data. As result t&f geeprocessing and cleaning only 31 attributes
are left to generate association rules. The agsmtieules mining phase uses Apriori Algorithm.
To implement the association rule mining technigesting and training dataset by determining
threshold value is the main work of the researcher.

Palaniappan and Awang (2008) have investigatedhbat to predict the probability of patients
getting a heart disease given patient recordsrdardo achieve this data mining goals, they used
CRISP-DM methodology and data mining Extension (DMiiery language for graphical user
interface design. They developed an intelligentesysthat predicts a given patient heart disease
status. To develop a model the study used decise®) naive- byes and Neural network data
mining techniques. The study used a total of 9@8nds with 15 medical attributes are used. The

records are split equally into training dataset5(4écords) and testing dataset (454 records). For
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the sake of consistency, only categorical medittebates are transformed to categorical data. The

attribute diagnosis” is identified as the predittaditribute.

The prototype intelligent heart disease predictgsystem (IHDPS) developed based on the
combined output of decision trees, naive Bayesrennal network data mining techniques. The
results of the study are encouraging and realieeothjectives of the defined mining goals. The
system extracts hidden knowledge from a histohealrt disease database. The models are trained
and validated against a test dataset. All modehdge extracted patterns in response to the
predictable state. The registered performanceaierbyes is better to predict patients with heart
disease and followed by neural network and thersibectrees.

3.8.2. Application of data mining in HIV/AIDS
Various local and international scholars have giteohto study the application of data mining on

HIV related records or data. The following worke aeviewed by the researcher to help clarify the
significance of the research problem and to shaevghp in the current local and international
studies.

Vararuk et al. (2008), for example, have invesgdahe application of data mining techniques on
HIV/AIDS records to determine the pattern that &xia patient. The researchers patterns obtained
in their study can be used for better managemetiteoflisease and appropriate use of resources in
Thailand. The study took 250,000 records from HINDS patients. IBM’s intelligent miner is
used for clustering and association rule mininggplied to identify symptoms that may follow a
set of existing ones.The study result of Vararuklg2008) have showed clustering of group of
patients with common characteristics . Associatioles generate that were not expected in the
data and are different from traditional reportingamanisms utilized by medical practitioners. It
also allowed the identification of symptoms thatestist together. A good indicator of this
research was that identification of symptoms tmatfarerunner of other symptoms can allow the

targeting of the former so that the latter symptamn be avoided.

Similarly, Madigan, et al. (2008) have examined #ssociation between the health workforce,
particularly the nursing workforce, and the achrmaeat of the millennium development goal,
taking into account other factors known to influenbealth status, such as socioeconomic
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indicators. Specifically, the main goal of the studas to investigate the association between
health workforces with HIV prevalence rate at courével (worldwide). The dataset obtained
from WHO and NGO sources are merged into one filtha country level for analysis. CART
Methods over clustering data mining technique isdur prediction of the levels of HIV/AIDS
prevalence rates among the 194 countries for whetia are collected. The predictive model
developed indicates that increased physician amgerdensity (number of physicians or nurses per
population) was associated with lower adult HIV/APrevalence rate, even when controlling for
socioeconomic indicators. Finally the performantthe model revealed that the main determinate
factors in understanding HIV//AIDS prevalence raées physician density followed by female

literacy rates and nursing density in the country.

Elias (2011) conducted his research to determieesthtus of clients being HIV positive and
negative for data collected from Addis Ababa Admiirdation HCT users. To predict client’s status
the researcher used decision tree, J48 algoritmdsAasociation rule of Apriori algorithms. To
develop a model he followed CRISP —MD methodoldgy:. preparation of dataset Weka 3.7.5 ,
and Microsoft Excel was used. The research outpditated that 81.8% performance was
registered to associate the attribute and HIV stakinally, the researcher recommends the
implementation of the same research problem witlerotlata mining techniques by increasing the
number of dataset, number of variable to registdteb performance and develop knowledge based

system based on the extracted rule to scale uptéHhg in Addis Ababa.

Teklu (2010) has attempted to investigate the apptin of data mining techniques on anti-
retroviral treatment (ART) service with the purpagedentifying the determinant factors affecting
the termination /continuation of the service. T$tisdy applied classification and association rules
using, j48 and apriori algorithms respectively. T$tedy was conducted using 18,740 ART
patients’ dataset. The methodology employed tooperthe research work is CRISP_DM. Finally,
the investigator proved that the applicability aftal mining on ART by identifying those factors
causing the continuation of the service. Birru @0®as also investigated the applicability of data
mining on VCT taking the case of CDC. He used 56,d8taset from 2002 to 2008. The dataset

contains unbalance HIV positive and negative ciiedata and after the dataset is balanced only
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14,793 records are considered for his experimemtddvelop a model he employed CRISP-DM

methodology and used clustering and classificaliata mining techniques.

Among Clustering techniques, k-means and Expectatiaximization (EM) algorithms are used
to define group of similar VCT client and to seewhthese grouped affect the classification
outcome. From the two clustering algorithms EMatested and the cluster indices created using
this algorithm is then used as class for the diaasion purpose. In implementing the
classification he has used J48, random tree and-lay¢r perception to predict level of risks of
clients as high risky or low risk based on the w@ted indices. The performance of the model
indicate that decision tree have shown better padiace and appropriate to the domain. This is
due to the fact that decision tree algorithm hasrgple feature which can be easily understanding
by non-technical staff. Above all the researchepmemended further research using large dataset

and other data mining technique to boost the pedorce of the model.

Correspondingly, Abraham (2005) has conducted dataing research that examine the
application of data mining technology to identifgterminant factor of HIV infection and to find
their association taking the case of CDC. The mebea used 18,646 records extracted from
database of CDC. This dataset consists of 82 até&ribamong them only 19 attributes were
selected for training and testing the model. Toetlgy a model the researcher used decision tree
and association rule discovery. Knowledge STUDI@ ®Weka 3.7.5 data mining tools are used to
implement the model and to extract rules to idgntik factor. Abraham has tried different
association rule mining experiments by reducingtattes which the algorithm can do. He has
attempted to find risk factors using only genesslagiation rule which it can bring any attribute in

the consequent of the rule which may not be ugefidentify most risk factors.

In general, the aforementioned review highlighttthauch has not been done and left out
recommendation to try by other researcher in waynjorove the performance of the model and
get the actual problem solved. In this regardss tiesearch has been attempted to determine
variables that has significance impact on HIV itifat. Consequently, the researchers have used

20 attribute, three different classification modahd different target population (no previous
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studies has investigated the behavior of Universiiynmunity towards HIV with this technology)

to attain the research objectives.

Hence, to the knowledge of the researcher, thisareb problem has not been attempted before
and novel because more variables are used foirtgaamd testing the model; some of the features
of the variables or attributes are different (sashlocation, residence and category) and lastly
some of the classification model such as Suppoctovemachines are not been used yet to
investigate the determinate risk factor of HIV ictien.

Taking this fact in mind, this research has ingthtand conducted ,and would be expected to
contribute a lot to managers and decision makeHINIAISD prevention and control practicing
in VCT center.
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CHAPTER FOUR
DATA UNDERSTANDGING AND PREPROCESSING

4.1. Overview of African AIDS Initiatives Internati onal

AAIl (African AIDS Initiative International) is a HNn profitable and Non-Governmental
Organization (NGO) and is registered both in thaté&Sof Massachusetts, U.S.A and Ethiopia
working with the motto of “Fighting for Life”. (LL®, 2007).

AAIl envisions HIV/AIDS free, healthy and produotiAfricans. The mission of the organization
is preventing the incidence of HIV infection andtigating the impacts of AIDS among Africans.
The goal of the organization is developing and mting a culture of excellence for HIV/AIDS

prevention, service delivery, networking and reslear

To achieve its goal, the organization aims at ghoyg HIV/AIDS education for positive behavior
change, creating access to Voluntary HIV/AIDS Caling and Testing (VCT) services, provide
care, support and treatment for people living whiV/AIDS (PLWHA) and Orphans,
spearheading and facilitating collaborative paghgr among the national and international actors
working on HIV/AIDS in Africa. AAll opened its Regnal Office for Africa in Addis Ababa in
April 2001. It is strongly believed that the AAIlIBthiopia operations will serve as a model to
replicate its activities in other African countri@s collaboration with African Union (AU),
Harvard AIDS Institute and World Health Organizati@®vHO) (LLGP, 2007).

As part of its effort to contain the spread andigaie the impact of HIV/AIDS at national level,
AAIll is involved in various HIV/AIDS prevention andontrol activities. In this regard AAIl is
involved in the provision of VCT services, supptwtstudents’ and workers’ associations, girls’
and reproductive health (RH) clubs, provision ofalgy HIV/AIDS/RH services through
establishing resource centers, care and supp®itWéHAs in the various faculties and schools of
Addis Ababa University. Apart from its activities ihe academic institutions, AAll is involved in

providing care and support to PLWHAs and AIDS omhan Mojo, Debre Birhan, Debre Markos
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and Addis Ababa. Besides, it provides support tmroercial sex workers in selected areas of
Addis Ababa, particularly (Arada Sub City).The mtien of this research is to evaluate the
practice of the university community towards HIMfaation insides and outsides university(area

where university community exposed to their peas@ntertainment) campus .

As a result, this research mainly focuses on VE@ivise provided in Addis Ababa university
community and centers that resides in Arada Suh pdrticularly centers that are found in the
surrounding of Addis Ababa University. The VCT seevprovided in different faculty mainly in
Arat kilo and Sedist Kilo campus and off campusteewhich is located in Arada sub city around
Minillek Hospital. The process of VCT service isdissed in chapter three, section 3.4.1 in detail.
The counsellor provides both pre-testing and pestirtg counselling. According to the counsellor
of AAIl they spent much time in pretesting phasaliscussing issue related to HIV/AIDS. Once

the client decided to get test the counselling @ssdakes place in the following ways.

They initially fill client information in standarghaper format manually se&ppendix 1. The
format has three parts, the first part will beefll by receptionist, the second part called “pre-
testing” which is filled by the counsellor and tlast part called “post testing” filled by counsello
too. After pre-testing phase, the counselor takesctient to the laboratory for test if and only if
the client decided to take the HIV test. The infation gathered from clients is collected from all
VCT centers to be encoded centrally in computeriggstem. The software is called Epi Info
system which is capable of handling medical relat€d data. The documentation, data entry and
analysis are performed in the data managemenbsgedthis section is located in off campus site
and has one IT (Information Technology) professiagaa@ncode data and handle manipulation of

the system.

The proximity and being staff of the Universityetinesearcher’'s get access to and collect the

required data for this study encouraged the rekeato conduct this research at AAII.

4.2. Business Understanding
The main goal of AAIl is the realization of an HMDS free community at all operational level
sites where men and women in general and youthrticplar are empowered to use their potential

to control the spread and mitigate the impact oW/AIDS. AAIl achieves its objective
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empowering youth through enhancing the knowledggtude/behavior and life skills of the
student to detect (high) risk activates that letsicquisition of and transmission of the HIV
pandemic. Besides, expansion of VCT service in eemngs well as off campus site is the main
organizational goal. According to the counsellod @lata manager of the AAIl, in campus site
various means are used to teach the university aortynto mitigate the spread of HIV/AIDS in

campus.

These are conducting consecutive training for &nato the selected student member, distribution
of condom, and leaflet through student represeratcross dormitory, student lounge and within
their office. Besides, pear education is the besthranism that the organization is currently using
to create awareness about the incurable diseagemBthanism basically works with one student
for a minimum of five students (1.5) is assignedl dhe assigned student is responsible for
introducing about the disease for his/her spegfmup. She/he can be consider as a “preacher”

and as a result s/he gets a pocket money for adisinmg the assigned task.

On the other hand, the organization also provid#sntary counselling and testing service in off
campus site to address the service to universityognding and commercial sex worker

community.

4.2.1. Classification of AAIl intervention area
AAIl just like other international as well as loaaiganization has its own five years strategic plan

to accomplish its mission. It is a licensed angistered international organization. Its license is
renewed yearly based by Ministry of Health. It leagablished a framework to be followed under

five major intervention areas. These are:

1. Prevention education: Providing HIV/AIDS education to create awareness &ring
behavioral change. Providing financial assistammeestudent anti-AIDS club and worker

and female students club.
2. Condom promotion and distribution

3. Voluntary counselling and testing to create the opportunity and access to qual@®frVv
services. In this regards AAIl establish four VE&iles: Sidist kilo, Science, Mobile VCT
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center and Off campus(to provide access to those ave not comfortable to use in

campus service)

4. Care and support It also provides financial assistance especitdlysex worker and
economically unaffordable client. Because of latkufficient fund the AAIl set up an
agreement with university surrounding governtit@spital such as Black lion, yekatit
12 and Menilik for providing ART(Antiroviral Trément) service.

5. Capacity building and Networking and research.Establish database and network
facilities for disseminating information. Facilitag a networking and partnership among

the VCT community.

To accomplish its task the main source of fund AAdl from USAIDS, UNAIDS, Care
International, HAPCO (HIV/AIDS Prevention and Control Office) and FedeHAPCO. Even
though, such fund are earned through competitioprajfect proposal the AAIl has the following

three major problems.

a) Renewal of licenses in annual base is too buretc@ad time taking. As a result of this

the organization missed project funder.
b) Lack of transportation facility such as car.

c) Lack of sufficient budget to expand the scope ofTV&&rvice. As discussed above, the
organization provides only VCT service, after tHeerd result is positive, it doesn’t

provides financial support for that client.

In a normal circumstance AAIl provides voluntaryuoselling and testing service to the
community in campus and off campus site. The omgdinn only told the laboratory result of
clients after being tested in either site. Beyomal there is no way of identifying variable that
cause HIV infection rather keeps the client infotiorain computerized system. Basically AAll
analyze reports or the activities of the VCT searsiasing traditional methods of data analysis such
as MS Excel (mean, mode, variance etc.). Howewah snethods of data analysis has limited

capacity to discover new and unanticipated patteand relationship that are hidden in
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conventional databases (Plate et al.,1997). Besibese identifying patterns of attribute or risk
factors of HIV infection are difficult because tHataset contains or involves too many attribute or
parameter. So studying the patterns of the atwilhat have relationship among each other rather

than listing are more crucial and support decisiaking.

Consequently, applying DM technology can handle gederate such pattern of variables that
cause HIV infection and used the output by conakpueety to facilitate decision making process.
Hence, this is main factor that the researcheateitl to conduct this research.

4.3. Understanding of Data

According to Cios et al. (2007) model, the next gghafter understanding the business and
problem domain has been data understanding. Hangesrequisite for undertaking DM research
was dealing with data itself. For this reason, Bemd Linoff (2004) described that the identified
good source of data to attain the DM goals has Heeworporate data warehouse. Hence the data
stored in corporate database (AAll VCT databas#hi® context) maintain consistency, in their

attribute value, data types and common format.

4.3.1. Data Source and Data Collection
There are two key tasks in data mining. The fire¢ & coming up with precise formulations of the

problem you are trying to solve. The second tasksiag the right data (Two Crows Corporation,
2006). Of the two main tasks analyzing and undedste the content and structure of the

collected data is one of the most important takisieed attention in data mining process.

The source of data for this research has beencteldrom AAIl VCT center database. The data
base was manipulated by using Epi info softwarg¢esys |t was standard medical software that
suite for handling medial related data. It has er usterface that allows the data encoder to enter
clients’ information. There were 18,800 clientsaets in the database but the researcher used only
15,396 for the reason that some records are noisemplete, and out of the scope of the study.
All the records are taken from the database staftiom 2005 to 2011 G.C. The summary of the

data sources is illustrated below in Table 4.1

Table 4. 1 Description of data source and Numbegeaords
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Source off Data coverage Number oNumber of| Size of the data Data
data center records attribute

Type
AAIl  VCT | 2005-2011 15,398 63 4.2MB Nominal
data G.C

4.3.2. Description and Quality of Data
The number of attributes of collected data from W&T center is about 63. However, with the

discussion of the domain expert, only relevanilaites is selected to perform data mining tasks.
The selected attributes are described in Appendi&c2ording to Han and Kamber (2006) data
quality can be measured in terms of accuracy, cet@péss, consistency, timeliness, believability
and interpretability. In this regard, VCT data suffrom incompleteness, missing value, invalid

value and inconsistency problems. Since data guedih also be affected by the structure of the
data being analyzed, the researcher give due emspioathis aspect of the data too. In the next
section only the selected VCT data for experiméortais summarized statistically relative to the

whole data.

4.3.3. Descriptive Statistical Summary of Seledeattributes
This initial dataset has been described and vigeliusing Microsoft Excels to examine the

properties of the dataset relative to the wholeonds. Simple statistical analysis has been
performed to verify the quality of the dataset sashmissing values, error values and to obtain
high level information regarding the data miningstions. Hence, the selected attributes used for
model building are statistically described in detaielow. This is helpful for understanding of the

dataset for experimentation.

4.3.3.1. Attribute Selection
In this study VCT data has been used, howeverptlginal records were full of problems and

errors; they were not used directly for data minppose. The process of filling client’s

information manually consists of three phaseshé&fitst phase, there are 19 attributes to be filled
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at reception when clients came to the sites for VE&rvices. These areCbuntry”,
“Region”,“Woreda”, “Site code”, “Site type”, “Organ ization type”, “Resident”, category”,
“year ", “Campus”, “Client code”, “Return visit”, “New code”, “Age”, “Sex”, “Counselor

code”, “Partner code”, “Couple code”, and “Visit date”.

{LINT]

Out of this only“Year”,” Campus”, “Residence”, “Age” and “Sex” attributes were selected,
because all of them directly related to the probterbe solved to attain the research objectives.
However, Country and Regions have been removedibeaontains single value attribute and has

no role for prediction to the subject under study.

Moreover, “Site code”, “Site type”, and “Organizati type “attributes have not been used to
identify the type of the centers but have not rafévfor this particular problem. Similarly “Client

code”,* Counselor code and “Partner code” were us®d since they are unique values and not
relevant in showing patterns. “Return visit” andetM code” attributes were used to check whether
the client has been returned to the center or rew,these attribute was redundant instead”

previous test attribute” was used.

Furthermore, pre counselling phase consists dt2butes (see Appendix 1), out of which 15 of

them has been selected. Other attributes suchvagdwohear of about VCT, from where the client
is referred, and date previously tested were nosidered as relevant for the purpose of this
research. All attributes in the post-test counge$iassion that are obtained after knowing the HIV
status were not considered since they did nqt imepredicting the HIV infection risk factor of

the clients. Thus, 20 attributes are selectedXpeements.
The selected final attributes were statisticallgatded below and see the details in Appendix 2.

Residence attributeslt stands for the place where client came from. @tiebute has 12 values

and they were nominal.

The frequency of the attribute with its variousued looks like as depicted in Table 4. 2. A client
who came from Addis takes 74.41 % of the whole skitaThe missing taken about 1.64 %,

however; this value was filled by the most freqeenialue which was Addis.
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Table 4. 2 Summary of Residence’s Attribute

Residence : Nomine

Distinct values Frequency Percentage (%)
1C-Addis 1145¢ 74.4]
11-Dire 59 0.3¢
1-Region : 72C 4.6¢
2-Region : 19 0.12
3-Region < 117¢ 7.6
4-Region « 1167 7.5¢
5-Region ! 14 0.0¢
6-Region ¢ 31 0.2C
7-SNNF 422 2.7¢4
8-Region ¢ 16 0.1C
9-Region ¢ 31 0.2C
Other: 31 0.2¢
Missing Valut 252 1.64
Total 1539¢ 10C

Category attribute: The frequency of the attributes and the corresipgngossible nominal value

has been shown in Table 4.3. As shown in tablertbdal value for category was regular student.
It has eleven values. The missing value of thebate was 9867 (64 %). It takes more than half
of the total records percentage. According to Haah kamber (2006) applying the most frequent

value (here regular student) IS used to fill the sgimg value.
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However, when we observe the actual records tresidence value is Addis (urban). So
discussing with the domain expert the missing vadulled with community. This is because
the number of the off campus client is greater thacampus client.

Table 4. 3 Statistical summary of category atteb

Category : Nominal

Distinct value No of clients Percentage (%)
Regular student 5854 38.02
Extension student| 359 2.33
Summer 403 2.62
Staff 967 6.28
Community 845 5.49
Student partner 306 1.99
other 1133 7.36
Missing value 9867 64.08
Total 15396 100.00

Year Attribute: It is a nominal attribute having ten distinct vauecluding 1st year to 8th year
and the other which are not applicable is anotladune: By examining the current university

curriculum, the researcher reframes the distinktevas follows in Table 4.4.

As shown in the following Table 4.4 , the commamversity community who taken VCT
service was third year but the community by faratge because their status belong to non -
student. It is about 57% of the total populatioasiBally the initial data indicate that both staff

and community were contained a missing and very#gtv not applicable value.

76



Based on the reality and convenient for experiadént result the researcher filled the missing

value not with modal value rather with not applieab

Table 4. 4 Statistical description of the yeauriladiies

Year :Nominal

Distinct value Frequency | Percentage (%)
Not applicabl 40z 2.61
1st yea 132¢ 8.61
2nd yea 139¢ 9.0¢
3rd yea 172¢ 11.2¢
4th yea 159¢ 10.3¢
5th yea 12¢ 0.8(
6th yea 33 0.21
Missing 879t 57.1Z
Total 1539¢ 100.0(

Missing value of the records in the above tablesteged 57.12 % of the total selected dataset.
But, the actual records of the missing value waldrgs to non-student and found unfilled
(missing) similarly to Table 4.3, missing valuefilled with not applicable value instead of 3rd

year student which is relatively the most frequeaitie.

Sex Attribute: It contains two valid values that are either n@léemale. The detall is presented
in table 4.5. As shown in table 4.5, male clien88.89%) are more than female clients

(36.52%).This implies more number of male than fienchients was visiting the centers.

Session type Attribute: This attribute indicates whether the clients camevisit the center
individually or in couple. It has four possiblelwa namely individual, group, couple and other.
Table 4.6 presents the distribution of clients égsson type.
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Table 4. 5 Statistical suamynof Sex attribute

Sex :Nomine

Distinct value Frequenc Percentage (9
Male 9761 63.3¢

Femalt 562: 36.52

Missing Valut 14 0.0¢

Total 1539¢ 100.0(

Table 4. 6 Statistical summary of session typteAite

Session Type: Nominal

Distinct Frequency Percentage (%)
Value

Individual 1341( 87.0¢

Couple 1891 12.2¢

Grouf 9 0.0¢

Othel 9 0.0¢

Missing valur | 79 0.51

Total 1539¢ 100.0(

Marital status Attribute: The Attribute of marital status contains seven distivaliues such as
married, never married, separated, divorced, widlhweing together and other. The frequency

of the attribute with possible nominal value widl described in Table 4.7

As shown in the table below, modal value for martatus was never married. The missing

values of the attribute were 90 (.58%) which ispédtle so it better to fill with the modal value.
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Table 4. 7 Statistical Summary of Marital statutriBute

Marital status: Nominal

Distinct value | Frequency| Percentage (%)
Marriec 151¢ 9.8¢
Never marrie | 131&7 85.6¢
Separate 12¢ 0.8¢
Divorcec 29C 1.8¢
Widowec 121 0.7¢
Live togethe | 7 0.0t
Othel 6C 0.3¢
Missing valut | 9C 0.5¢
Total 1539¢ 100.0(

Education Attribute: This attribute reveals the level of education l@nds. It has nine distinct
values (illiterate, PHD, Able to read, Primary, Gedary and other mentioned in following
Table 4.8).

Employee Attribute: This attribute has a nominal value and refersh dlient’s status who
employed or not. The distribution of the client abaheir employment situation has been

described in Table 4.8. It has two distinct valuehsas Yes and No.

Table 4. 8 Statistical Summary of Employee Attté
Employee: Nominal

Distinct value Frequency| Percentage (%)
0-No 9092 59.0¢

1-YES 614: 39.8¢

Missing valut 168 1.0¢

Total 1539¢ 100.0(
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Table 4. 9 Statistical Summary of Education Atite

Education: Nominal

Distinct value Frequency Percentage (%)
lliterate 24¢ 1.62
PHD 3 1.9¢
Able to reas 24t 1.59
Primary 168¢ 10.9¢
Secondar 396¢ 25.7
Diplome 164( 10.6¢
B.Sc 452 2.9¢
Undergraduate ¢ 636¢ 41.3¢
Postgraduate ¢ 382 2.4¢
BA degre! 15¢€ 1.0¢
Othel 9 0.61
M.A degre: 2 0.01
Missing valur 152 0.9¢
Total 1539¢ 100.0(

As shown in table 4.9, clients whom educationalustavas undergraduate student and visiting
the centers most frequently accounts 41.34% of tdtaset. It followed by clients who has

secondary education level (25.78%) and primary aiiliigal levels (10.95%) respectively .Some
missing (0.99%) values were observed in AAIl VCTada

In the above table we can visualize that the peagenof client being employed was less than
form not employed. The percentage of not employedus employed is 59.05 and 39.89 %

respectively. The remaining percentage is missaige/which is 163(1.06%).
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Primary Reasons Attribute: This attribute describes the reason why the clientisiting the
center. There are around 21 distinct values fan@ry reason for using the VCT service. The
frequency of the distinct value with their respeetpercentage value will be shown in the Table
4.10 below.

Table 4. 10 Statistical Summary of Primary Reasaitribute

Primary Reasons: Nominal

Distinct value Frequency Percentage (%)
2nd Test(win 83: 5.41
Confirm positive resu 7C 0.4%
Get results previous t 2 0.01
Need Counselir 452 2.9
Test before pregne 9 0.0¢
Pregnant must knc 28 0.1¢
Plan for futur: 9322 60.5¢
Death/iliness of partn 48 0.21
Occupational exposL 54 0.3
Other blood/Fluid ex| 294 1.91
Client Risky/Had ris 1462 9.4¢
Sexual assal 14 0.0¢
To know statu 7C 0.4t
Partner Risky/Had ri¢ 18C 1.17
Not trust partne 397 2.5¢
lIl/Symptoms 174 1.1:
Premarite 40¢ 2.6¢€
Marital reunior 31 0.2(
Family plannin 3 0.0z
Visa applicatiol 14z 0.92
Othel 112( 7.21
Referre: 7 0.0t
Missing valu 245 1.59
Total 15396 100.00

As shown in table 4.10, most of the clients whativig the centers for planning their future
(which accounts for 60.54%) followed by when thelient was at risky condition (9.49%).

Moreover, 2451.5%6) missing values were identified from the data.
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Previous Tested Attribute: This attribute refers to whether clients have beeviously tested
or not. The clients visiting the centers may hawme previously and have different previous
HIV status or they may be coming for the first timidne summary of the previous test status of

the clients is presented in table 4.11

Table 4. 11 Statistical Summary of Previous tkgtttribute

Previous Test result: Nominal

Distinct value Frequency Percentage (%)
No 596¢ 38.7¢
Yes, HIV+ 204 1.3z
Yes, HIV - 899¢ 58.4¢
Yes, inconclusiv 13 0.0¢
Result not give 2 0.01
Didn't take resul 5 0.0
Othel 13 0.0¢
Missing value 19t 1.27
Total 1539¢ 100.0(

Table 4.11 indicate that even though, there haea barious reason for getting HIV test, getting
negative result encouraged clients to come agaihe VCT Center (Which accounts 58.44%)

and followed by clients not previously testeda@tounts 38.76 %).

Ever Had Sex Attribute: This attribute shows whether the client has et $ex since s/he
was born or nofThe summary of the data are presented in table 4.12
Table 4. 12 Statistical Summary of Ever Had Sexilfute

Ever Had Sex Type: Nominal

Distinct value Frequency Percentage (%)
No 552¢ 35.8¢

YES 973¢ 63.22

Missing Value 13¢ 0.9

Total 1539¢ 100.0(
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As shown in table 4.12, most clients (63.22%) hgaeeenced sex when they come to visit the

centers. There is 0.90% missing values.

Suspected Exposure TimeThis attribute is the length of time between tlagedof the client’s
most recent possible exposure to HIV and the datthe VCT visit. Table 4.13 shows the
detailed distribution of clients by exposure time.

Table 4. 13 Statistical Summary of Suspected ExpoAttribute

Suspected exposer Time: Nominal

Distinct value Frequency Percentage (%)
No expoure 370¢ 24.0¢
<1 montt 129¢ 8.4:2

1 to 3 month 120¢ 7.8E

4 to 6 month 203t 13.2-
Over 6 month 299¢ 19.4;
Don't know 288: 18.72
N/A 109: 7.1C
Missing value 174 1.1:
Total 1539¢ 100.0(

As shown in table 4.13, the suspected exposure éicceunts of 24.08% clients who has no
exposure and followed by Over 6 months (which ant®19.47%) when they visit the center.

Moreover, 1.13% missing values is detected frondtte.

Condom Use Attribute: It refers to the condom usage manners of clientsnd sexual

intercourse for the last 3 months. The frequenstrithution of clients are illustrated in table 4.14

Table 4. 14 Statistical Summary of Condom Usérildute

Condom use: Nominal

Distinct value Frequency| Percentage
Never 5236 34.00
Always 2134 13.86
Sometimes 770 5.00

N/A 7081 45.99
Missing values | 177 1.15
Total 15396 100.00
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As illustrated in the above table 45.99% of therts are observed as not applicable for use of
condom and those who accounts about 34% are nsgdgha condom. Additionally, 177(1.15%)

of the client use condom behavior for the lastnsonth is treated as missing value or unfilled.

Used condom Last Sex Time attributeThis nominal attribute is talk about the clienttsmmdom
use behavior during last sexual intercourse wikuakepartner. It has four possible distinct value
namely: - yes, no, does not remember and N/A (ppti@able). The frequency distribution is
depicted be in Table 4.15

According to Table 4.15 indicated that 46.7 and7381% of the clients have not used condom
during last time they had sex, however 19.74 % heeel condom. Minimum number of missing

value (1.09%) is identified from the records.

Table 4. 15 Statistical Summary of Used CondashAdtribute

Condom use Last Time had sex: Nominal
Distinct value Frequency Percentage
No 7191 46.7(C

Yes 304( 19.7¢
Doesn' 104 0.6¢
remember

N/A 489t 31.7¢
Missing valu 16¢ 1.0¢

Total 1539¢ 100.0(

History of Sexual Transmitted Infection (HSTIs) attributes: This attribute deals about client’s
personal history of has been make a diagnosisamtipe of STIs. It has same distinct value of as

“condom use last time had sex” attribute. The tletgiresented in table 4.16.
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Table 4. 16 Statistical Summary of History of GaiXTransmitted infection Attributes

H STI: Nominal

Distinct value Frequency| Percentage
No 10263 66.6¢

Yes 15C 0.97

Don't know 13 0.0¢

N/A 476¢ 30.9]
Missing valut 20z 1.32

Total 1539¢ 100.0(

In the above table we can observe that 66.65% @fcttents have not known their sexual
transmitted infection history. The number of migswalue is very few and accounts about

1.32%.

Steady Attribute: A numeric attribute that indicate the number ofnp@nent sexual partner that
clients have ever contacted with. It describeceirms of mode, mean, outlier and missing value.
Statistical distribution of the number of sexuaittpar for a given client be illustrated below in

Table 4.17.
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Table 4. 17 statistical summary of steady attribute

Distinct Value Frequency Percentage(%) Remarks
Invalid value 6261 40.66 1-,-01,~, ,and *
0 1990 12.92

1 6969 45.26

2 18 0.12

3 4 0.03

4 8 0.05

5 1 0.01

6 1 0.01

7 1 0.01

10 3 0.02

14 5 0.03

Missing value 137 0.89

Total 15396 100.0

Table 4.17 shows that the number of client whogemanent partner account of about 45.26%
andfollowed by those who have no partner or zero valttee number of error or outlier and
missing value detected from the data is 40.66 &% 8spectively. On the other hand almost

half of the records were filled by invalid value.

Age attribute: The age attribute contains a numerical valid vatuthe range from birth to 99
years old client. Clients at various ages are cgrtonthe centers for HIV screening. The details
of the age of the clients are presented in taldl8.4As the researcher observed, there is no age
missing value from the selected dataset.

More over the average age who involved in VCT sers 25. This indicates that they were the

youngest and productive force of the community. ¢¢erthe dataset includes both age groups
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starting form O year to older age because the argtnon provides service for both university
community and  people who are found in surroundifigAddis Ababa University. The
maximum age of client who took the VCT service3s 8

Table 4. 18 Statistical summary of age attribute

Age : numeric

S,N | Age distribution Age number
1 Minimum 0

2 Maximum 85

3 Mode 20

4 Average 25

Total number of Age in the dataset | 15396

Location /Campus attribute: This nominal attribute records the client placenafrk or their
affiliate faculty in which they registered. It isassified under nomenclature of the university
faculty and arada sub city. The frequency of thent$, where they are living ,and where they

takes VCT service depicted below in Table 4.19.

As shown below in table 4.19 majority of the clievtio took VCT service have not mentioned
their campus or place where they currently setigdich account about 55.26% considered as a
missing value. But about 28.07 % of the client Wasg in sedist kilo. The some value of the
attribute duplicated with different spelling of samame. For instance, ‘Art’ and ‘art school’,
registered with different name but same value.ds worrected and categorized as one distinct

value.
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Table 4. 19 Statistical Summary of place of lamatcampus of the client

Campus/Location : Nominal

Distinct value Frequency| Percentage (%)
Art 1 0.01
Pharmacy 1 0.01
Sedist kilo 4322 28.07
Science 2134 13.86
N.Technology 129 0.84
S.Technoligy 32 0.21
Commerce 21 0.14
Veterinary 5 0.03
B.Lion 4 0.03
ART School 3 0.02
Yarede 2 0.01
N/A 51 0.33
Other 83 0.54
B.Lion 1 0.01
Missing Value 8509 55.26
Total 15396 100.00

Similarly, as Table 4.3 and 4.4, here is a miss@ge which was handled using other than most
frequented value. Because the campus only holdahe of the student rather than community
or client. When we observed the actual data setrtissing value belongs to “Addis”. So the

researcher with much discussion with domain exgedecided to fill using NA value.

Causal Attribute: This numeric attribute shows the number of all hesex partners the client
has faced only once or rarely for the last 3 mantfable 4.20 summarizes the frequency
distribution of the attribute causal. As shown belm table 4.20 the number of erroneous
treated as causal value is 69.21%. The missingvald.07%. The average number that a client
faced a sexual partner is less than one whichasumt of .95 % and it is followed by usual one

partner contact.
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Table 4. 20 Statistical summary of Causal Attiésu

Causal: Numeric

Number of Causal | frequency| Percentage (%) Remark

0 197¢ 12.8¢ Minimum contac------ 0

1 200¢ 13.2 Maximum contact------ 20

2 302 1.9¢ Average----------------- 0.95

3 194 1.2¢€ Missing value---------- 1.07%
4 43 0.2¢ Error 69.21%
5 20 0.1z

6 11 0.07

7 6 0.04

8 1 0.01

10 6 0.04

11 2 0.01

12 2 0.01

15 3 0.0z

18 1 0.01

20 1 0.01

Missing valu 165 1.07

Invalid value 10657 69.21] --,--% %, -+,0-,,1-,4-- 4- are outlie
Total 1539¢ 100.0(

This takes 13.02 % of the total client. Besides, ditlier that is wrongly entered in the record
should be removed and corrected manually basedeoproximity of the value by the researcher

judgment.

HIV Test Result Attribute: This nominal attribute determine the client HIV taga by
laboratory test of his/her blood. The laboratorst t&ill be investigated and determine by lab
technician as HIV negative and positive. The ovenzkestigation of the AAIl data set regarding
HIV status is illustrated in Table 4.21.

As depicted in the table 4.21 about 96.10 % of dlent has be tested and grouped as HIV
negative, 3.07 % of the clients are HIV positivdheTnumber of missing value
detected from the data are .79% and 0 .01% respécti

and error
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Table 4. 21 Statistical summary of HIV Test Reddtributes

HIV test: Nominal

Distinct value Frequency| Percentage
Negative 1479¢ 96.1(

HIV+ 47:% 3.07

NA 4 0.0¢

Invalid 1 0.01
Missing valu 122 0.7¢

Total 15396 100.00

4.4. Data Preparation and Preprocessing
These steps consist of the core of data miningtakel much of the research time and effort of
the entire knowledge discovery process but criicahe most compulsory activity in data

mining process (Han and Kamber, 2001).

Data preprocessing involves all the action takefiorbethe actual data analysis process start. It
can be defined as a transformation that transfahmgaw real world data to a set of new data
(Famili and Turney, 1997). It is unrealistic to expthat data will be perfect after it is extracted

Since good models usually need good data, a thbrolegnsing of the data is an important step

to improve the quality of data mining methods.

As Berry & Linoff (2004) have pointed out, the pess of preparing data is like the process of
refining oil. Oil starts out as a thick tarry sudoste mixed with impurities. It is only by going

through various stages of refinement that the raatenal becomes usable. Just as the most
powerful engines cannot use crude oil as a fuel,niost powerful algorithms (the engines of

data mining) are unlikely to find interesting pati® in unprepared data. The correctness and
consistency of the data also matter the performanaata mining research. So as to boost the
performance of the algorithms, the researcher tiwedssess such problems which require due

emphasis by applying different preprocessing teples. Such methods are data cleaning, data
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reduction, and data integration and transformatifach of these methods will be discussed in
details as follows.

4.4.1 Data Cleaning
Data Cleaning is a process which fills in missirgues, removes noise and corrects data

inconsistency. Usually, real world database contaomplete, noisy and inconsistent data and
such unclean data may cause confusion for the daténg process (Han and Kamber,
2001).Consequently, data cleaning has become aimaster to improve the quality of data so

as to improve the performance of the accuracy #iaemcy of the data mining techniques.

This technique involves removing the records tadl incomplete, noise (invalid) data and
filling missing values under each column. Remowvuigsuch records was done as the records

with this nature are few and their removal doesafif@ct the entire dataset.

As a result , the researcher make use of MS-Ex@&0D 2 built-in functions like search and

replace, filtering, and auto fill mechanisms ,anBKA to identify and fill missing value.

4.4.1.1. Missing Value Handling
Missing values refer to the values for one or mafttabutes in a data that do not exist. In real

world application data are rarely complete. It @so be a particularly pernicious problem.
Especially when the dataset is small or the nurobermissing fields is large, not all records with

a missing field can be deleted from the sample.

Moreover, the fact that a value is missing mayigeificant itself. A widely applied approach is
used to calculate a substitute value for missietfl$, for example, the median or mean of a
variable (Famili and Turney, 1997). Accordinglyethesearcher has been analyzed the VCT
dataset and identified missing values and take uneas solve the problem as follows. As we
depicted in section 4.3.3, missing values are lgledentified and calculated the percentage of
the value against total records. As a result, titéeeselected attribute illustrated less than one

percentage (1.00%) except campus ,
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year and category attribute which of them accounits55.26%, 57.12%, and 64.08%
respectively. To handle the problem of missing galtor nominal data type attributes, replacing
with modal value is recommended in Two Crows Casfion (1999).For numeric data type

attribute the missing values were recommended teflaced by the mean of that value a whole

Therefore, based on the above principles the relseahandles the missing value and WEKA
preprocessing replace missing value techniquesused. WEKA fills using the most frequent
(modal) value methods which is same as the abaweiple. Additionally, manually tracing and

fixing the missed value is other technique usedrésearcher. Summary of handled missing

value is illustrated in Table 4.22

As shown below in table 4.22 out of the select@@@ributes 19'n of them have registered with

a missing values. Accordingly, the researcher sstactake appropriate action to clean the data.

4.4.1.2. Handling outlier value
The data stored in a database may reflect outlieoise, exceptional case, or incomplete data

object and random error in a measure of varialhese& incorrect attribute values may be due to
data entry problems, faulty data collection, ingstemcy in naming convention or technology
limitation (Han and Kamber, 2001). The authors halsd explained four basic methods for
handling of noise data. These are binning methlodiering, regression and combined computer

and human inspection.

In this research, the researcher has identifieddmtected noise or outlier value from the VCT
data. With the help of domain experts the iderdifieutlier was corrected manually. As
mentioned in the previous section, we tried to dbesahe outlier particularly in table 4.18 and
4.21 of steady and causal attribute. Accordinglgpmbined effort of the researcher and domain
expert were taken to identify and correct the probbf the inconsistence, incompleteness, noise

or outlier.
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Table 4. 22 Summary of handling missing value

Number | Attribute name and % of | Replaced with Reason/Technique
their data type missing applied
value
1 Residence :Nomin 1.64 Addis Most frequent valt
2 Category: Nomin: 64.0¢ Community Reason discusst
under table 4.4
3 Year : Nomine 57.1- Not applicabl Reason discusse(
under table 4.5
4 Sex:Nomine 0.C9 male Most frequent valt
5 Mar status: Nomin; 0.5¢ Never Marriet Most frequent valt
6 Education :Nomin: 0.9¢ Undergradua Most frequent valt
7 Employment:Nomin: 1.0¢ nc Most frequent valt
8 Reas Hear:Nomin 1.5¢ plar Most frequent valt
9 PrevTest:Nomini 1.27 nc Most frequent valt
10 EverHSex:Nomin: 0.¢ yes Most frequent valt
11 SusexpTime:Nomin 1.15 No experienc Most frequent valt
12 Conduse:Nomin: 1.1¢F Not Applicable Most frequent valt
13 LastCondUse:Nomin 1.0¢ nc Most frequent val
14 HSTI:Nomina 1.3z nc Most frequent valt
15 Steady: Numri .8¢ 1 Most frequent valt
16 Causal:Numeri 1.07 1 Most frequent valt
17 SessType: Nomin .51 Individual Most frequent valt
18 Campus:Nomini 55.2¢ Not applicabl Reason discusst
under table 4.20
18 HIV test:Nomina 0.7¢ negativ Most frequent valt

In table 4.20 we identified 10657(“-“) incompletalues the researcher used bin mean smoothing

to replace the missed data as recommended by HbKamber (2006).
93



With this regards the mean of the total record3.@% and rounded to 1. so the replaced value
will be “1”. By the same token, some value of tleeards exhibit inconsistency and different
from the existing one which is called noise datauwtier. For instance, “1” and “01”,2 and “02”,
“many” and ” too many” and other reveal inconsisemand "-+",” _*""3--,4--",-1,-0 and much
other outlier are observed from this particularilagte. In similar fashion the researcher remove
0 from prefix and keep the remaining data as aevaluthe record and remove many and too
many value and replace with maximum value i.e. “20h the other hand, based on the
recommendation of Han and Kamber (2006), we remtiveautlier “-+",” _*” and replace with
the most frequent value (mode) which is “1” and ogmsuffix (- -) from “3- -“and “4- - “and

keep their value as it is.

Moreover, in table 4.17, we can see same probleme@dentioned above and same technique is

applied to clean the data before implementationg 8VEKA.

4.5. Data transformation and Reduction

As Han & Kamber (2006) have stated, data miningrofequires data integration or the merging
of data from multiple data sources. The datasethviwere used for the subsequent model
building are prepared and derived from one soukéél VCT clients records, hence no need of

merging of the database.

In data transformation, the collected data aresftamed or consolidated into forms appropriate
for mining. The process of data transformation migiclude smoothing (using bin means to
replace data errors), normalization, where thébati data are scaled so as to fall within a small
specified range (scaling a data inside fixed rang#ibute construction, where new attributes
are constructed and added from the given set wibate to help the mining process
(Chackrabarti, et al., 2009). The data needed t@theced in order to make the analysis process
manageable and cost- effective. Chackrabarti @0419) and Han and kamber (2006) discussed
in their books that data reduction techniques uhelu data discretization is one of data

transformation methods which is used to reducentimaber of values for a given continuous
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attribute by dividing the range of the attributetoi intervals. Interval labels can then be used to
replace actual data values, data cube aggregdaimensional reduction (irrelevant or redundant
attributes are removed), and data compressionigdaacoded to reduce the size, numerously

reduction (models or samples are used insteaceaddtual data).

In this research some attributes were discretipexkduce the unlike values of the attribute to
obtain knowledge (pattern) and to make the datastgdble for data mining tools. As a result, the

following section depicted the details of them.

4.5.1 Discretization and concept hierarchy generain
Han and Kamber (2006) reported that raw data vdoeattributes are replaced by ranges or

higher conceptual levels. Concept hierarchies alloev mining of data at multiple levels of
abstraction, and are a powerful tool for data ngnifhat is, mining on the reduced data set

should be more efficient yet produce the samel(oost the same) analytical results.

Discretizing the residence attribute valuethis attribute consists of the nine Ethiopian regio
state (Afar, Mekele, Harari , SNNP, Gambela , Bangjul, Oromiya, Amhara and Tigray) and
the two City administration namely Addis and DeBeit some value is repeated with different
name with same distinct value. Here it replacedwiddis and the remaining distinct value is
transformed starting from R21 through R9. ForisdDere and other option as R14, R10 and

99 are used respectively.

Discretization summary of year attribute: Based on the current curriculum of tertiary
education, the researcher tried to associate aassity the current academic year of user of
VCT. For this reason the year category of the theili be range and transformed as Y1 to Y6

and “NY” instead of 'not applicable’ and ‘otherg’easubstituted.

Discretizing the category Attribute value: So as to understand with a high level of concegt an
easy to interpret the output of data mining, aath @dvantage of it, the researcher discretize
the category attribute value as follows in Tab234.
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To decrease the size of the attribute (same valutheo attribute with different values and
simplicity of manipulation) the researcher triedctilocated and transform in to new value. For
instance ‘staff family’ and ‘community’ almost cosisof same behavioral value. So it will be

redundant and should be removed.

Table 4. 23 Discretization summary of Categotylaite

Attribute Old value Transformed Remarl

Name value

categor Regular student, post graduate .| Regularstudent For the sake of eas
student understanding and
Extension stude Extension stude | interpretation, the most
Summer stude Summer stude related values are
Staff staff grouped together.
Community , Staff family Community
Partnel Partrer
Other, Visitors and not applical Othel

Discretization summary of Education attribute: The different distinct value of educational
attribute has been transformed in to high levat@icept. The details has been shown in Table
4.25

Moreover, the researcher also tried to transférendistinct value of the campus or location. The

old and transformed values were shown below iretd24
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Table 4. 24 Campus attributes values discretinati

Attribute | OId Attribute value | Transformed Remark
Name Value
Campu | Sidist Kilo Sidist Kilo (SS Social science and FBE members

included

Technology N. & £

Technology N. &

S

The number of Tech s.is very fev

(Technology) if u merged , no problem created
Commerc Commerce (Com
Medicine Medicine(Med B.lion and B.Lion , both of ther
belongs to same family
Scienci Science(SC Art and Art schools holds same d
and under the constitute of science
NA, other Not Applicable Hence, NA is a high level ar

inclusive to incorporate other.

Table 4. 25 Education Attribute values Discrdtma

Attribute Name Old Vvalues Transformed
value
Educatiol llliterate llliterate
Able to rea Able to rea
Priman Primary
secondar secondey
undergradua undergradua
postgradua postgradua
other, TVET, diploma an| othel
other certificate ig
included
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As shown in table 4.25 the value of the attribuéasformed and grouped in to high conceptual

level. For the sake of analyzing the data easilygi8VEKA, it is also converted the transformed

value in to nominal. The new grouped distinct vaisgother” which transformed from

“diploma”,”"TVET” and the old name”other” educatidiavel. Therefore, the final valid distinct

values will become seven valid distinct values.

Discretizing the Reason Hear Attribute value The primary reason the clients are visiting the

centers has 22 distinct attribute values. Thesgbatt values are grouped in to five higher

knowledge level values. These are Plan, Risk, Calsaw status and other. The details high

level grouping will be illustrated below in Table28

As shown in table 4.26, the researcher transfortheddetails old value into concrete five new

values to improve the performance of the models.

Table 4. 26 Discretization of ReasHere Attréo\falues
Attribute | Old values Transformed | Remark
Name value
Reason | “Client Risky” ,“Partner Risky”, “Not trust partnér, | Risk
Here “Other blood/fluid exposure”, “Sexual assault”,
“Preliminary ART”
“Premarital” , “Marital reunion”, “Family planning’| Plan
“Visa applicant”, “Need counseling”, “Test before
pregnant”, “Pregnant must know”, “Plan for future”
“TB”. "death lliness of partner”, “lll/Symptoms” | Causal Clients
“Occupational exposure”, exposed  tg
HIV causal

“Referred” , “2" Test (windows) ", “Confirm positive
result”, “Get results previous test”, “Status know”

Status know

Other

Other

However, from the context of HIV/AIDS, clusteringi¢ possible distinct value in to high

knowledge level and removing unnecessary data bedp the researcher and the machine to

easily manage and generate appropriate pattern.
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Accordingly the researcher by discussing the matitdr domain expert grouped the value in to
three distinct values. These are “No partner”, “Quagtner” and “Multiple partners” for both
attributes. Hence, the actual values 0 and 1 glkaged by “No partner” and “One partner”

respectively, whereas the value more than 1 isoepl by “Multiple partners”.

Discretizing the Values of Age Attribute: Replacing numerous values of a continuous ateibut
by a smaller number of interval labels there byuoed and simplifies the original data. This
leads to a concise, easy to use, knowledge-leyalesentation of mining result. Concept
hierarchies can be used to reduce the data byctiotle and replacing low-level concepts(such
as numerical values for the attribute age ) witghHevel concepts for instance Child hood,
adolescent ,adult and old(Han and Kamber,2006)owliegly, binning methods was used to
scale the values of “Age” attribute. Such a meahindjscretized values used in this research are
grouping the age value in to six distinct valududang “0-15”, “16-20”, “21-25", “26-35”", “36-
45", and “46+”. These groups shows pattern of “afeihy. Therefore, the actual values of the

ages are manually replaced by the correspondirigleigl grouped values.

Table 4. 27 Discretization of age attributes ealu

S.N | Age attribute in range | Transformed value
1 “0-15” Al
2 “16-20" A2
3 “21-25" A3
4 “26-35" A4
5 “36-45" A5
6 “46+" A6

As shown in the above table range of age atkiluatlue reduced in to six distinct high
conceptual levels.
Once the data sets are pre-processed and cleleatbit steps is develop a data mining model

using WEKA 3.7.5 software which is handled in tiext chapter.
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CHAPTER FIVE
EXPERMINTETION AND ANALYSIS OF RESULT

In this chapter, the researcher describes the igebs that have been used in developing a
model to predict HIV infection risk factor. Thissearch incorporated the typical stages that
characterize a data mining process. This studybas organized according to hybrid processing
model, which is described and discussed in sedtidrl and 2.4.4 and shown in figure 3.3 of
chapter one and two respectively. Here the rekeamiscuss the experimentation process by
relating the steps followed ,the choice made , thek accomplished , the result obtained,
evaluation of the model and results , and pre&eanta way that the organization can easily

understand and use it.

5.1. Model Building

Modeling is one of the major tasks which is undestaunder the phase of data mining in hybrid
methodology. In this phase several data miningrtiegles are applied and their parameters are
adjusted to optimal values. Typically, differenthaiques can be employed for similar data
mining problems. Some of the tasks include:- seglgcthe modeling technique, experimental

setup or design, building a model and evaluatiegniodel.

5.1.1. Selecting Modeling Technique
Selecting appropriate model depends on data mgwads. Consequently, to attain the objectives

of these research three classification techniquaes been selected for model building. The
analysis was performed using WEKA environment. Amtime different available classification
algorithms in WEKA, PART, J48 and SMO are usedeigperimentation of this study.

The researcher selected the above algorithms, &aggpderstanding and interpretation of the

result of the model.
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A PART algorithm is common types of rule inducti@echnique which generate a model as a set
of rules. In the meantime, the J48 algorithms aigien tree generate a model by constructing a
decision tree where each internal node is a featumdtribute. The leaf nodes are class output
(Witten and Frank, 2005). Besides, SMO algorithnavsilable algorithm for Support vector
machine implementation in WEKA to classify high @insional data.

JA48 is one of the most common decision tree algost that are used today to implement
classification technique using WEKA (Two Crows GCangtion,1999).1t is WEKAs
implementation of C4.5 top-down decision tree neas proposed by Quinlan(1986). This
research used C4.5 algorithms to predict HIV ingectrisk factor. This algorithm is
implemented by modifying parameters such as conééefactor, pruning and unpruning,
changing the generalized binary split decisionsifesition and other option available in Table
5.1. Therefore, it is very crucial to understane éivailable options to implement the algorithms,
as it can make a significance difference in theliuaf the result. In many cases, the default
setting will prove adequate, but to compare restntsdels and attain the research objectives
other opitions are considered (Witten and Frank528lan and Kamber, 2006).

Table 5. 1 Parameters for building J48 trees.

Name Possible value Default vaue Descriptiot

M- Number of| 1, 2... Minimum number of instances in leav
Instance 2 (higher values result in smaller trees).
U_ un pruned tre yes/nc nc Use un pruned tree (the default value *

means that the tree is pruned).

C. confidence factt | 10 - -0.E 0.2t Confidence factor used in post prun
(smaller values incur more pruning).

S-sub tree raisir yes/nc yes Whether to consider the sub tree rais
operation in post pruning.

B-use binary split Yes/nc nc Whether to use binary splits on ninal
attributes when building the tree.
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As indicated in above Table 5.1 the commonly ussdpeter of J48 algorithms was illustrated
with various options related to tree pruning. Pngnproduces fewer, more easily interpreted
result. In other word, pruning can be used as &ttaorrect for potential over-fitting. The

algorithms recursively classifies until each leaf pure, meaning until dataset has been
categorized as close to their respective classesilge. Hence, the process ensures the

maximum accuracy on the training data, but creaxesssive rules.

In general, Witten and Frank (2005) explained Wagious option of tree pruning in J48
algorithm as follows. Basically, J48 uses two pngnimethods; these are subtree replacement
and subtree raising. The former method used J4#ioh the nodes in a decision tree may be
replaced with a leaf to reduce the number of talstsg a certain path. This process starts from
the leaves of the tree, and works backwards towsdoot. The later methods used where a
node may be moved upwards towards the root ofre teplacing other nodes along the way.
Subtree raising often has a negligible effect origien tree models. There is often no clear way
to predict the utility of the option, though it mde advisable to try turning it off if the
induction process is taking a long time. This i da the fact that subtree raising can be

somewhat computationally complex.

Reduced-error pruning option: Error rates are used to make actual decisionsitalvhich
parts of the tree to replace. There are multiplgsata do so. The simplest method is to reserve
a portion of the training data to test on the denisree. The reserved portion can then be used
as test data for the decision tree, helping to ayree potential over fitting. This approach is
known as reduced-error pruning. This method redtleeoverall amount of data available for
training the model.

Confidence factor option: Confidence factor is the approach that seeksrecést the natural

variance of the data, and to account for that magan the decision tree. This approach requires
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a confidence threshold, which by default is seR¥opercent. This option is important for
determining how specific or general the model stidnd. If the value of the confidence factor
is lowered on the selected model, the training dakxpected to fit in closely to the data we

would like to test. As a result of this a more gdror more generalized tree will be produced.

Minimum number of instances per leaf option this is the lowest number of instances that can
constitute a leaf. The higher the number the mereetal the tree will be. Lowering the number

will produce more specific trees, as the leavesimecmore granular.

Binary split option: The binary split option is used with numericatadalf turned on, this

option will take any numeric attribute and splitrito two ranges using inequality. This greatly
limits the number of possible decision points. Ratihan allowing for multiple splits based on
numeric ranges, this option effectively treats tte#ta as a nominal value. Turning this

encourages more generalized trees.

Laplace smoothing option This option is used to prevent probabilities frawer being
calculated as zero. This is mainly to avoid possitbmplications that can arise from zero

probabilities.

If the data mining researcher decides to emplog prining, it is advisable to consider the
above options. Depending on how the training astidata have been defined, the performance
of an unpruned tree may superficially appear betten a pruned one. This can be a result of
overfitting. Hence, it is important to repeatedlyperiment with models by intelligently
adjusting these parameters to obtain the bestfseptons. According to Witten and Frank
(2005), five basic and familiar parameter that Ugussed for data mining research is depicted
in Table 5.1. PART algorithms are also separateeamdjuer rule learner proposed by (Witten
and Frank, 2005)he algorithm generates sets of rules called 'datiksts 'which are ordered

set of rules.
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PART builds a partial C4.5 decision tree in eaehaition and converts the “best” leaf into a
rule. The five basic parameter mentioned for J48rahms decision tree are also available and
applicable for PARTSince SVM popularity in 1998, it controls complgxand overfitting
issues, so it works well on a wide range of prattigroblems (Vapnik ,1998). Due to this
reason and previous studies research directioasiebearcher selected to implement SVM in
this study. To investigate the applicability foesie research purpose SMO algorithras used
SMO is nothing but implementation of SVM in WEKA.efore it gets to implement the
software automatically convert all nominal attrigsitinto sets of binary attributes. Then the
WEKA takes the dataset as input.

Figure 5. 1 The snap shot of SMO algorithms

&F weka.gui.GenericObjectEditor (B>
weka.dassifiers. functions.SMO
About
Implements John Platt's sequential minimal optimization More
algorithm for training a support vector classifier. [ - bilits ]
buildL ogisticModels False -~

< 1.0
dhedksTurmedOff False -~
debug False -~
epsilon 1.0E-12
filterType Normalize training data -~

kermel Choose PolyKernel -C 2S0007 -E 1.0

toleranceParameter 0.0010

= | p——— o  E————

As shown in the above figure, the possible paramaised to implement the SVM are depicted.
Besides, under kernel parameters there is alsa pibgsible parameter that is applicable for
SMO to extend. The details description of the comrbasic parameters used in SMO are as
depicted in Table 5.2. ( Platt,1986).

104



5.1.2. Experimental Setup
In any data mining process before building a moaed, need to generate a procedure or

mechanism to test the model's quality and validfgr instance, in supervised data mining tasks
such as classification, it is common to use clasgibn accuracy measure or error rates as

guality measures for data mining models.

Table 5. 2 Parameter for building SVM models

Name Default value Description
BuildLogistic Models| False if this is true, thenetloutput is propef
probabilities rather than confidence scores
C-Complexity 1.0 limits the extent to which the function|is
parameter allowed to overfit the data
filterType Normalize training whether you normalize the attribute values
data
Exponent 1.0 Used to describe the degree of | the
polynomial kernel
numFolds -1 cross Vvalidation for training logistic
models
Kernel Polynkernel-c250007 Use to select types of kernel depend
E 1.0 for data set(being linear and non-linear)

Besides, other standard measure including precigiecall, sensitivity and specificity are
available. Therefore, the test design specifies tta dataset should be separated into training
and test set, and builds the model on the traisgigand estimate its quality on the separate test
set. With this regards Two crows Corporation (208fported that the process of building
predictive models requires a well-defined trainamgl validation protocol in order to insure that

most accurate and robust prediction.

In this research 15,396 datasets are used foirtgaand testing. WEKA 3.7.5 software has used
to set up and measure the quality, validity and oéshe selected model. For purpose of this
study k-fold (10-folds) cross validation and pertegye split test options are used because of its

relatively low bias and variations (Witten and Fca2005).

105



Accordingly, the datasets are randomly partitioegdially into ten parts. Hence, 90% of the
dataset is for training and 10 % for testing fornfer and the dataset are partitioned in to
percentages (70-30 splits option meaning 70% ofdakaset for training and remaining for

testing).

In addition to these a different 3000 testing dettés used for testing the prediction performance
of the classification model developed. These tgstiataset is prepared by systematic random
sampling technique from the original dataset.

Witten and Frank (2005) reported that 10-fold creslgdation has been proved to be statistically
good enough in evaluating the performance of thsesifier. To build the model of this research
19 independent and 1 dependent variables or atsbare used .The details of the selected

attribute is discussed in chapter four and seegbdt in Appendix 2.

5.1.3. Attribute ordering
Since attribute selection is important in decisioge models, the researcher tried to rank the

attribute based on information gain. It was calt@debased on entropy value of the attribute. As
Witten and Frank (2005) explained information gaicalculated from sum of entropy for every
attribute. The formula for calculating intermediatdues is:

Info DF Y"=1"""%" (5.1

Where, Ris the probability that an arbitrary tuples in setdraining data Cbelongs to certain
class.Info (D) is also known as the entropyf After you calculate information gain for each
attribute, select the one with the highest infoioratgain as the root node, and continue the

calculation recursively until the data is completeassified by J48 algorithms in this case.

For the purpose of this research, WEKA is useddmpute the information gain and rank

according to the importance of the attribute fa thassifier. As a result of this, the following
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figure 5.2 depict ranked order of attribute basedtlzeir relevance for the reason that such

attributes are very important for later experiméotes by excluding the least relevant attributes.

=== Attribute Selection on all input data ===
Search Method:

Attribute ranking.

Attribute Evaluator (supervised, Class (nominal): 20 HIVTest):
Information Gain Ranking Filter

Ranked attributes:

0.12953 9 EduStatus

0.1134 12 PrevTest

0.11016 S Age

0.10706 11 ReaHere

0.08226 8 MarStatus

0.07104 3 Year

0.06176 14 ExpoTime

0.05903 16 LastSex

0.05704 13 EverHSex

0.05466 1 Residance

0.03979 18 HISTI

0.03189 2 Category

0.03048 4 Loctation

0.02684 10 Employed

0.02627 17 Causal

0.02321 19 Steady

0.02177 15 UseCond

0.01746 6 Sex

0.00282 7 SessType

Selected attributes: 9,12,5,11,8,3,14,16,13,1,18,2,4,10,17,19,15,6,7 : 19

Figure 5. 2 Summary of ranked Attribute
As you can see from the result of attribute sebectusing entropy based information gain

method of WEKA, out of 19, the top 15 the moseveant attributes are Edustatus, Previous test,
Martialstat, Reasonhere, Ever had sex, Age, Histdrexual intercourse, Last sex without

condom, year, residence, steady , location ,caesglloyees and exposure time.

5.1.4. Running Experiments
As it has shown in experimental setup of 5.1.2tfaning and testing the classification model

the researcher used two methddethods One Percentage split method (holdout), where 70 %
of the data used as training and the remaining 3@e8ting. Method Two: K-fold cross
validation methods, the data was divided into llddosome fold is used as testing and the

remaining folds are used as training.

Based on the above methods establishing scenarioddel to be developed is very important to

see the model result and analysis of each resultpmpare the result of one model with the
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previous one and finally help us to find out thepawforming model based on criteria of
evaluation. Consequently for both of the methodi®weng scenario has been done for each of
three selected model with default parameter valWWBKA 3-7-5 software.

Scenario #1 : Pruning with all attributes
Scenario #2 : Unpruning with all attribute
Scenario #3 : Pruning with reduced attribute

Scenario #4 : Unpruning with reduced attribute

Once the modeling tool is chosen and performaneduation criteria was established, then it
followed by building model with a number of paraerst that govern the model generation
process. The choice of optimal parameters for thelpm at hand is an iterative process, and it
has to be properly explained and supported thraeghlts. So the next section present the

resultant models that should be properly intergreated their performance explained.

5.2 Model building using J48 decision tree

In Hybrid or Ciso.et al. methodology, data miniregtcularly model building is the crucial steps
that should be deals with. Model building is arrateve process’s. Therefore in this study
different experiment is conducted altering the paeter with mentioned methods in section 5.1.4
using J48 algorithms, PART and SMO algorithms foilding best predictive model. The
parameters of each algorithm have been discusseddetails in section 5.1.1.Using
aforementioned methods; the experiment has beeducted with four (4) scenarios for each
methods.

The researcher used 15,396 dataset with 20 d#rtbunvestigate the model. Hence, in the real
environment as everybody guess, the number oftsli@ho have being infected with HIV is out
weighted by those who have been free from the vifirgs research dataset is not out of this

estimation, so the actual dataset is 14,866 arertélyative client and the remaining is positive.
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However, conducting experiment with imbalanced skttanisleading classification performance
and biased to the majority class (Chawla, 2088ditionally, it brings about poor decision to be
taken as a result of the experiment. To coup updhd be fair the researcher used resampling
technique to balance the imbalanced dataset inrgrepsing phase with WEKA software. As
described in chapter two of section 2.5.1.1 degisiee induction follows a top-down approach,
which starts with a training set of tuples and ithessociated class labels. The training set is
recursively partitioned into smaller subsets aditbe is being built (Han and Kamber, 2006). All
of the 19 attributes, which are selected for mdglding, are fed as independent variables and
the dependent variable of HIVTest is a target clbe algorithms builds starting at each node it
will be sent either left or right according to sotast. Eventually, it will reach a leaf node and be
given the label associated with that leaf. In geh¢his research is more interested in generating
rules that best predict the HIV infection and taneoup with an understanding of the most
important factors (variables) that can be a cadiddl\¢/AIDS. As mentioned in Table 5.1 J48
algorithm contains some parameters that can begeldamo further improve classification
accuracy. Accordingly, based on two methods selettie following series of experiment has

been conducted. Summary of experimentation withalg8rithms result is depicted in Table 5.3

As mentioned in chapter one of methodology secfighl.5, one of the compulsory step of
hybrid methodology next to model building is evaioa of the model. Accordingly, the
performance of the model has been evaluated basttedollowing criteria (see details in sectionl.8)
including performance accuracy, confusion matrikigaand TP and FN rate, Number of leaves and size

of the tree generated and ROC curves and exedirtien

As shown below in Table 5.the experimentation has performed in two methods7(-30

percentage split and 10 -fold cross validation tggion respectively.) The first experiment has
be tested with four scenario mentioned above with 30 percentage split criteria. When we
compare the result of method I. Scenario # 2(unpgumwith all attribute) is the best model
based on correctly classified instance(out of 46159 instances are correctly classified),

performance register ( 95.7 % accuracy and TPafa®® % ( classifying correctly HIV negative
109



client as HIV negative and HIV positive as pos)iv Besides, in terms of minimum number of
leaves and size of tree (both indicate the comple{igenerated tree) and time taken to build a
models are Scenario # 4 ( pruning with reducédbate) and scenario # 3 ( unpruing with

reduced attribute) is best model respectively.

Table 5. 3 Experimentation result of J48 Algorithwith two methods

Model Experiment (Scenario)

Characteristics |4 2 3 4 1 2 3 4
Test optiol I Il

prunec yes na yes na Yes na Yes na
Attribute All All reduced | reducer | ALL ALL reduce: | reduce!
Accuracy 95.2 95.7 93.8 94.5 95.5 96.3 |94.9 95.6
Time taker 1.1 0.€ 0.8¢ 0.4t 1.t 0.64 1.C 0.4¢
#of leave 1707 207¢ 161¢ 2021 1707 | 207<¢ | 161< 2021
Sizeof tree: 210¢ 255/ 1966 245¢ 2106 | 255¢ | 196¢ 244¢
AV .TPR(% 95 96 94 95 95 96 95 96
AV.FPR(% 5 4 6 5 5 4 5 4
AV.PR 0.9¢ 0.97 0.95 0.9t 0.97 | 0.97 0.9t 0.9¢
AV.RR 0.9t 0.97 0.95 0.9t 0.97 | 0.97 0.9t 0.9¢
AV.ROC 0.97 0.9¢ 0.97 0.9¢ 0.9¢ 0.9¢ 0.9¢ 0.9¢
CCl 4397 445¢ 4331 436¢ 1470¢ | 1483: | 1461¢ 1472:
ICI 222 16C 288 25E 790 568 777 674

Key: CCI: Correctly classified Instance, ICI (Inoectly classified Instance), Accuracy:
Registered performance of model, AV: Average, TPRIie Positive Rate. FPR: False Positives
Rate, ROC: Relative Optical character curve, PRcigion rate, RR: Recall rate, I: 70-30

percentage split option (Holdout), 1I: 10- fold ssovalidation
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The last compares in method one is made betweerag@eROC curve rate which registered a
performance of 97 and 98 % in pruned and unpruasgectively irrespective of the number
attribute. Above all from the method I, even thoube complexity of the generated tree is
high, correctly classifying instance and perforneantthe model is better .As a result Scenario
# 2 (Building decision tree unpruning with allrddtite) is selected.

Similarly, in the second experiment or method {@0-fold cross validation cases) four of the
stated trial was conducted. When we compare thgltre$ each scenario developed model,
scenario # 2 ( building decision tree unprunechvall attribute ) is best based on accuracy
which registered 96.3 % and correctly classifiestance which is accounts 14,833 out of 15396
Furthermore, based on criteria of minimum time tafa@ building model, scenario # 4 (building
model with unprunned with reduced attribute) istbes

Analogously, the number of tree and size of tr@esicenario # 3 is minimums so it is best
because it reduced the complexity of the genernéssd The average ROC curve performance
measure indicates same for all scenario and acafud8%. Finally when we compare the
actual correctly classified instance based on tlabeled class i.e. classifying HIV negative
client as HIV negative for all scenario, irresipez of number of attribute unpruned register
better than pruned. By the same token, from methodsstill scenario number two better than

other model in terms of accuracy, correctly clasdiinstance and ROC curve.

However, when we compare the size and leavesefdf unpruned J48 model, the number is
enormous and complex relative to pruned one. Aesalt of this the algorithms might not reach
optimality and generate more generalized decisier tules. Han and Kamber (2005) also
reported this is because of overfitting problemisTis a fundamental problem in learning of
algorithms. Besides, such situation has its ownaichin classification performance particularly
classifying unseen or new instance. Subsequentgokee the problem the researcher selected

pruned scenario that perform better accuracy. Afingly, scenario #1 (Building pruned
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decision tree with all attribute) of 10- fold crogalidation(method Il) selected as the best J48

decision tree model. See the details confusionixiatappendix 3.1

5.2.1.Comparison of J48 decision tree model
In general when we compare both methods in termdasfsification model accuracy 10 fold

cross validation (method Il) is better than 70-80centage split .The accuracy ranges from 94.9
to 96.3 but 70-30 percentage split 93.8 to 95.8di#onally, WEKA experimenter tool was used
to compare of the J48 model developed with varsmenarios. The result of the comparison is
depicted in Figure 5.3

| | Use relztive paths

F:w‘mmw experimentation\Trainng final dataset.csv

: \Users\Mamiye \Desktop\final experimentation\Training final dataset reduced.csv

Figure 5. 3 Experimental dialog box with compedd8 algorithms

Consequently, as shown in the above figure anderTalB experimentation, irrespective of

reduced or all attribute the performance of unpdudé8 algorithms register better than pruned.
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However, by the same token aforementioned, theareber selected scenario # 1 (building
decision tree pruned with all attribute) of 10 faldoss validation which registere?b.8%
accuracy as a final J48 decision tree model fanitrg and testing the dataset and validated the
performance of the model after getting reducedatsplexity with increasing minimum instance

parameters.

The detailed confusion matrix as a result of prudéd algorithm with all attribute has been

discussed below in Table 5.4 and shown in AppeBdix

Table 5. 4 Summary of confusion matrix for prudé8d decision tree with all attribute

Predicted HIV test
result
Negative | Positive Total
HIVstatus (Actual) | Negative 7040 636 7676
Positive 54 7666 7720
Total 7094 8302 15396

The base of this research is determining the askof of HIV infection and finding pattern that
shows the status of the HIV. In this respect, ## dlgorithms classify how those instances are

correctly and incorrectly classified in labeledssa

So as indicated in the above Table 5.4 based @i@hkfold cross validation test option the J48
learning algorithm scored an accuracy of 95.5%s Thasult shows that out of the total training
datasets 14706 (95.5 %.) records are correctlgified, while only 690 ( 4.5%) of the records

are incorrectly classified.

Besides, out of the total 7676 actually HIV negatelients, only 7040 (91.7%) clients are

classified as HIV negatives and the rest are nssdiad as HIV positive. And out of the total

7720 actually HIV positive clients, only 7666 (9%Bclients are classified as HIV positive and
113



the rest are misclassified as HIV negative. Theans the model has better performance in

terms of correctly classifying HIV positives thafMhegatives.

According to Shermer (2002) report hypothesigrigserror can be categorized in to two based
on the classification of being true as false arigefas true. These errors are called Type I(false
postive error) and Type ll(False negative error)itsohis research context of the experiment,

classifying HIV negatives as HIV positive (Typeellror) may lead the client anxiety and incurs

cost of VCT testing. Whereas classifying HIV poss as HIV negative (Type | error) may have

also its own risk such as spread of the diseasecé{e'ype | error is more serious than Type Il

error in this case since it can affect more people.

Furthermore, evaluating the model based on seitgiind specificity are very significance for
decision making. For that reason .the result of dheve confusion matrix indicate that the
sensitivity of this test was (7666/7720) = 99.3 6l ghe specificity was (7040/7676) = 91.7%.
The test indicates that the models appear to bigypyeod. Because, based on the evaluation
criteria, the classifier correctly classify clierds HIV negative who has actually diseases free
with 91.7% accuracy and classify clients as HIVifpas who actually has the deasese with
99.3%. However, the false positive and false nggatate which corresponds to classification

error and register performance accuracy of 0.950ad6 respectively.

As discussed in Table 5.3, the size of the treethachumber of leaves produced from method
two of scenario # 1 model training was 2106 an@71vespectively. This seems that it is
difficult to navigate through all the nodes of thee in order to derive out with valid sets of rule
Therefore, to make ease the process of generatlagsets or to make it more understandable,
the researcher attempted to modify the defaultasabf the parameters so as to minimize the size

of the tree and number of leaves.

In this regards, the minNumObj (minimum number mdtances in a leaf) parameter was tried
with 10,20,30,50 100 and 200. However, the minNujrgab to 200 gives a better tree size and
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minimal accuracy compared with the other trialsti¥his value of the minNumODbj the process
of classifying records proceeds until the numbereabrds at each leaf reached 200. The result
of the experiment depicted in Table 5.5 and theaits of the confusion matrix with

minNumObj= 200 shown in appendix 3.2

Table 5. 5 Summary of pruned J48 algorithms withMumODbj = 200

Predicted HIV test result

Negative Positive Total

HIVstatus (Actual) | Negative 6033 1643 7676
Positive 1797 5923 7720

Total 7830 7566 15396

The experiment has shown an improvement in the eumbleaves and tree size. The size of the
tree is dropped from 2106 to 95 and the numbeh®id¢aves decreased from 1707 to 76. As we
can see from Table 5.4, the resulting confusiorrimmahows that the J48 decision tree algorithm
scored 77.7 % accuracy. That means out of the 16@06 records 11956 (77.7 %) are correctly

classified and the remaining are misclassified.

In other words, the confusion matrix of this expemt has shown that 6033 (78.6%) of the
7676 total HIV negative clients are correctly ciied as disease free. But 1643 (22.4 %) of
them are misclassified as HIV positive class. Besithe result shows that out of 7720 total HIV
positive clients records 5923 (76.7 %) of the rdsare correctly classified while 1797 (23.3 %)
of the records are misclassified as HIV negativesd HIV positives.When we compare this

experiment result, classifying clients who has Hibsitives as HIV positives outweigh from

those classifying clients as HIV negative. Ovenadlyertheless execution time reduce from 1.5
to 0.52 seconds ,and the tree size and the nuohltee leaves decreased significantly as shown
above, the accuracy of the J48 decision tree akgorin this experiment is poorer than the first
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experiment with the default parameter value of tiiaNumObj. Besides, the accuracy of the
model lowered from 95.5 to 77.7 % as minNumObjiggttarge which shown a considerable
change. Hence the first selected algorithms isnwgdtiand exhaustively see the whole thing
irrespective of is efficiency. And can conclude ttfisom this experiment minNumobj and

accuracy of model performance have shown invensthted pattern. Additionally to keep the
performance of the model the first experiment with default minNumObj parameter value is
better and taken as the best J48 decision tree Imblde generated possible decision tree is

shown in Appendix 4.

As described in section 5.1.2 randomly selecteds#ds are used to validate the performance of
the model. Accordingly, once it has been develofted J48 model using the whole training
dataset with 10 —fold cross validation test optand registered the possible capacity of the
model that accurately classify new instance. Howevalidating the developed model with
independent dataset will enhance believability apglicability of the model. To do so the
researcher, using supplied test option re-evalingenodel by mentioned dataset. The result of
the reevaluation of the model depicted as follow$able 5.6 and sees the snapshot of the model

in appendix 3.3

Table 5. 6 Result of re-evaluation of J48 decitgier with 3000 dataset

Predicted HIV test result

Negative Positive Total

HIVstatus (Actual) | Negative 1409 103 1512
Positive 73 1415 1488
Total 1482 1518 3000
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The performance of the model with this testing siettavas 94.1%. This result shows that out of
the 3000 testing datasets, the developed deciserctassification model predicted around 2789

(94.1%) records correctly.

In general, the researcher exhaustively discusasddoon the result of the model with domain
expert to determine variable that cause HIV infattiAccording to the experiment depicted in
Table 5.4, the J48 model used only eleven atiibaut of 19 attributes including PrevTest,
EverHsex,Year,Age,Usecond,ReasHear, causal, CgtegapoTime, Sex , and employed. So
from this model, these are the determinate ateilmitHIV infection. However, the researcher
cross checked the validity based on expert opindatording to Health expert, marstatus and

edustatus attribute are also can be used astise cAHIV infection.

Hence, the above mentioned attribute plus expguitsians (overall 13 attributes) are the most
determinat factor of the HIV infection. Besidese thattern /rules obtained by setting pruned,
confidence factor 0.25 and test option 10 fold snealidation J48 decision tree with all attribute
(in this case 19) model is useful for identifyindVHnfection risk factor and pay attention on

those important clients behavior by health profassi and by the university management in

particular.

5.3 Model building using PART Rule Induction Algorithms

The second data mining classification techniqueliegpin this research was PART Rule
induction algorithms. As mentioned in chapter twfditerature review section 2.5.1.3,there
are many rule induction algorithms but the redearselected PART for the reason that PART
has the ability and potential to produce aceueatd easily interpretable patterns/ rules that
helps to achieve the research objectives. PARA $eparate-and-conquer rule learner like that
of decision tree and proposed by Witten and Frad®§2 The algorithm is apply an iterative
process and produces set of “decision lists” wisabrdered set of rules. It works by generating
a rule that covers a subset of the training exasnalel then removing all examples covered by

the rules from the training set. This process fieated until there are no examples covered left to
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cover. The final rule set is the collection of thées discovered at every iterations of the pracess

The rules are in standard form of IF-THEN rules.

To build the Rule induction model, WEKA softwareckage and the same 15,396 VCT dataset
was used as an input respectively. The experimédhbe performed analogously as we did in
former model. That means the experiment was dividtedwo methods as methods one:
experiment with 70-30 percentage split criteria flaur scenario and Method two as with 10-
fold cross validation evaluate the four scenariaigThe parameters are partially adjusted and
default value was used with reduced and all atteibiccordingly, the experiment of all
scenarios with methods one will be illustrated taelo Table 5.7

Table 5. 7 Experiment result of PART algorithmstieo methods

Model Experiment (Scenario)
Characteristics

1 2 3 4 1 2 3 4
Test optiol I Il
prunec S/es ne yes na Yes no Yes na
Attribute All All reducec | reducer | ALL ALL reduce: | reduce!
Accurac) 95.7 96.5 94.7 95.1 96.7 | 97.3 | 95. 96.2
Time taker 23.7 37.2 15.2 24 240 28.8 15.5 24.t
No. of Rule 374 50¢& 39:¢ 524 374 508 39¢ 524
AV .TPR 0.9¢ 0.9 0.95 0.9t 0.97 0.97 0.9t 0.9¢
AV.FPR 4 3 5 5 3 3 5 4
AV.PR 0.9¢ 0.9 0.9t 0.9t 0.97 0.9 0.9¢ 0.9¢
AV.RR 0.9¢ 0.97 0.9t 0.9t 0.97 0.97 0.9t 0.9¢
AV.ROC 0.97 0.9¢ 0.97 0.97 0.9¢ 0.98 0.9¢ 0.9¢
CClI 4421 445¢ 4373 4392 1488¢ | 14975 | 1468 1481«
ICI 19¢ 16C 246 227 51C 421 70¢ 582

Key: CCI: Correctly classified InstancdCl (Incorrectly classified Instance)iccuracy:
Registered performance of modal : Average,TPR: True Positive Ratd=PR: False Positives
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Rate, ROC: Relative Optical character curve, PR: precisiatefRR: Recall rate,l: 70-30

percentage split option (Holdout), 10- fold cross validation

As shown in the above table, the registered pedioga is better that induction rule learner in
case of unpruned instead of pruned one. But by dak®n aforementioned in case of J48
decision tree classifier, the researcher seledtedone which register best with pruned case
irrespective of the number of attribute and methods

Consequently, among the four scenarios experimenttd 70-30 percentage split (method )
with varying parameters, scenario #1 registeretebgerformance of 95.7%. This shows that
out of the training set of 4619 records 4421 (99.8%ihe records are correctly classified, while

198 (4.3%) of the records are misclassified.

Predicted HIV test result
Negative Positive Total
HIVstatus (Actual) Negative 2145 195 2340
Positive 3 2276 2279
Total 2148 2471 4619

Table 5. 8 Confusion matrix of PART algorithm witB-30 percentage-split

Furthermore, the resulting confusion matrix alsovem in Table 5.8 that out of the total 2340
HIV negative clients 2145 (91.7%) of them are ccityeclassified in their respective class, while
195 (8.3%) of the records are incorrectly clasdifia the HIV positive classes or wrongly
classified client as HIV positive without havingatly the diseases). In other hand out of the
total number of HIV positive clients 2276(99.86%) tbem are correctly classified as HIV

infection as positive but 3 (0.14%) of the clieetords are misclassified.
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Generally, from the above experiment for the twassks, classifying clients as HIV positive
outweigh than HIV negative clients. Even thoughis tmodel performs better than ever
developed so far PART algorithms, it is performgmgaller than the one performed by decision

tree J48 algorithms in case of method one.

The second method employed in this research toriexgets with 10 fold cross validation test

options. The result of the four scenario experinvead displayed in Table 5.7.

In the same way, the experiment was made with réiffe scenario for same test option and
registered better performance in case of scendrizviich accounts 96.78% of accuracy than
other model. In this method of experiment, the FAd&kgorithm brings better performance in

case of the size of tree or rules than in unprumees. Because, it reduce the complexity and
increase easily understanding of the rules. Addliily, even better performance has been

registered than J48 decision tree.

As aforementioned above in J48 decision tree mbdgdling, reducing attribute with different
test option doesn’t bring significance change ie gerformance of the model rather remains
same or very little difference that of all attribuscenarios. This indicates that the reduced
attribute (such as SessType, location, causal erglss very little or no role in determining
HIV infection. The same is true in rule inducti@ainer except minor change in case of scenario
with unpruned parameter irrespective of numbertwibaite. In other hand , those attribute that
are selected as the best model has been considerethe major determinate of the HIN
infection. From Table 5.6 of method two scenari@(PART rule learner with 10 fold cross
validation with all attribute) register an accuraafy96.7% and depicted the predicted result in

table 5.8 and see the details confusion matripgpendix 3.4.

As shown in table 5.9 below the test result of ¢bafusion matrix the model developed by the
PART Algorithm with the 10- fold cross validatiaie model scored an accuracyd6f @6. This
shows that from the total 15396 test daug66(96.78%. of the records are correctly classified,
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while 530 (3.3%) of them are misclassified. In &iddi the above table also shows that from the
total 7676 HIV negatives clients record&l82 (93.5%) of them are correctly classified as HIV
negatives, whil@94 (6.5%) of the records are misclassified as HIVitpess.

Table 5. 9 Final selected best PART algorithmagi40- fold cross test option

Predicted HIV infection tes
result
Negative Positive Total
HIV infection status| Negative 7182 494 767¢
(Actual) Positive 16 7704 772¢
Total 719¢ 819¢ 1539¢
10 fold cross validation test option: PART

Additionally, you can also observe that out of tbial 7726 actual HIV positives clients records
7704 (99.79%) of the records are correctly clasgifis HIV positives clients, while 16(1.21%)
of them are incorrectly classified in the HIV ndagatclass. when we compare the HIV positive
and negatives class, classifying clients as HIVitpes correctly perform better than HIV
negative.

To sum up, in the above experiment similarly ad4# decision tree classifier ( method Il or 10-
fold cross validation) that is conducted usingRART algorithms with all attribute and default
parameters values generates a better classificatmatel with a better classification accuracy
than 70-30 percentage split test options. So agenselected scenario #1 of 10.fold cross
validation model as the best model of PART for sifggg clients records as HIV negative and
positive and in the mean time we can determineabési that could be risk factor of HIV

infection see the snap shot of confusion matriagpendix 3.4
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5.3.1. Feature selection for PART algorithms
One of methods to improve the performance of di@asion accuracy is implementing feature

or attribute selection. In line with J48 algorithimg default has the system automatically select
best attribute and generate decision tree onlydasebest selected feature. For this research
pupose the algorithms determines the listed variabentioned above as the determinate
attribute of HIV infection. But PART has no suchcifdy to select the best attribute

automatically instead the researcher using defmuttmeter, tried to select feature. The result of
this feature includes Residance, Year, Age, MauStdtduStatus, ReaHere, PrevTest, EverHSex

and instance class are selected out of 20 attribute

When we compared the performance of the PART dlgos selected as best model running
without feature selection and with featured selkctenning model the former registered 96.7%
and the latter 87.2% of accuracy respectivelycilis a big change or reduction in performance
(9.5%). The latter model confusion matriseé appendix 3.p developed by the PART
Algorithm with the 10- fold cross validation, theodel scored an accuracy of 87.2%. This shows
that from the total 15396 test data, 13426 (87.2d¢fo)he records are correctly classified, while
1970 (12.8%) of them are misclassified. Additiopaffom the total 7676 HIV negatives clients
records6501 (84..7%) of them are correctly classified as Hi&gatives, while 1175 (15.3%) of
the records are misclassified as HIV positives. Aatof total 7720 HIV positive clients records
6925(89..7%) of them are correctly classified as HR&itive, while 795 (11.3%) of the records
are misclassified as HIV negatives..

According to the domain expert evaluation of sleéected features are not the only but there is
also other determinant variable such as usecodgopged, steady and HISTI that could be
risk factor of HIV infection. As a result the resefzer and the domain expert selected the first
model (PART algorithms with 10 fold cross validatiand all attribute) as the best model that
used for predicting HIV infection.
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5.3.1. Analyzing Interesting Rules from PART algorithms
It is shown that the best performing model amorignaddels developed using PART was

scenario # 1 in Method Il illustrated in Table Flee experiment conducted with 20 attribute
including instance class, default parameter valgenfidence value=0.25,MinNumObj=2
unpruned= false).Running the PART rule inductadgorithms on supplied dataset generates

rules in plain text. The number of rules generates374 and registered accuracy of 96.7%.

To reduce the complexity of the rule and easy wtdadability the decision rule generated by
the above model, the researcher tried by varingrtimNumobj( values of 0.2 ,0.25,0.30, 0.40
,0.50) and minNumObj ( value of 2,5,10 ) are expented by combining the paired parameter.
As a result PART algorithms with parameter confokefactor 0.5 and minNumODbj =2 register
(96.8%) accuracy which is better than other thected best PART model. However, the

number of rules generated still lengthy so we oglythe first choice.

The partial PART decision list was shown in apperidiThis model generates 121 rules among

this some of the most interesting pattern or rdissovered will be illustrates as follows.

1. IF PrevTest = “no” AND EduStatus =" llliterate “ADN LastSex = “no” AND Employed
="no” AND Age = “20-25" then Then the statusdient will be HIV positive . Forty five
records of the client correctly satisfy this ru¢5.0)

2. IF PrevTest = “no” AND Residence = “Addis” AND Stha="One partner” AND Year =
“3rd year student” AND Category = “staff parent’NB sex = “Female” Then the status of

client will be HIV positive. Twelve records of tloéient correctly satisfay this rule.

3. IF the clients visited voluntary counselling argdting center because of risky and without
having sex and whose gender is female then riteapility of the client HIV infection is

Positive. These rules are correctly found in 3thefrecords.

4. IF PrevTest = “yes+ve” AND Employed =" NO” AND Use@d =" Never” AND Age =
“20-25” then the status of HIV infection is Poges. These rules are correctly found in 21
of the records.
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5. IF Residance = “addis” AND PrevTest = “ yes-veAND Causal = “one partner” AND
MarStatus = " separated” AND HISTI =" No* AND RHere =" plan” AND Employed =
“Yes “ AND Age = “20-25” then the status of QiieHIV infection is Postives. This rules

is correctely found in 18 records.

6. If Residance = “Addis” AND MarStatus = “not mamieAND UseCond = “ never’AND
LastSex = “ used condom” AND Sex = "female” AND Age“20-23"then the status of
clent HIV infection is Positive (21.0).

7. PrevTest = “No “AND ReaHere =" causal” AND Yeaf3rd year student” AND
UseCond= “ never’AND

8. HISTI =" No “AND Age = “" greater than 45 thendlstatus of the client HIV infection is
Positive (111.0/3.0)

9. IF Residance = “Addis” AND Loctation = “sadistlki! AND MarStatus = “Married”
AND EverHSex = “Yes “AND UseCond = “Never’” AND L&¢x = “No”AND EduStatus
= “other “ ANDReaHere = “risk “AND Age = “>= 46'then Pos (33.0/1.0)

10.1f Residance = “addis” AND LastSex =" No” AND Edufstis = "undergraduate” AND
Causal = “one partner” AND Category = “summer stitléhen client becomes HIV
positive (19.0)

11.PrevTest = “yes-ve * AND Residence = “addis” ANDseCond = “never” AND Causal =
“one partner” AND ReaHere =" risk “AND Loctation“sidist kilo” AND ExpoTime ="
4to6month” then client most likely HIV positivel4.0)

12.PrevTest = “yes-ve * AND Residence = “addis” ANDseCond = “never” AND Causal =
“one partner” AND ReaHere =" risk “AND Loctation“sidist kilo” AND ExpoTime ="
4to6month” then client most likely HIV positivel 4.0)

13.1F PrevTest = “No” AND Residance = “Addis” AND Age“greater than 46 ” AND HISTI
=“No “ AND ExpoTime = “less1lm “ AND MarStatus =Marriage” then HIV Positive
(22.0/2.0)
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14.1F PrevTest = “no” AND ReaHere = “plan” AND EduSiat= “secondary” AND Age =
“20.25” Then the status of Clients HIV infectionlMae negatives. (712.0/4.0)

15.1F Residence = “Addis” AND Steady ="One partner” BN ear = “3rd year student” AND
Category = “others” AND Causal ="One partner” AN@&= “greater than or equals to 46”
Then the status of client will be HIV positive.(53/

16.1F Residence = “Addis” AND Steady = “One parthné&ND Year = “3rd year student
AND Category = “others” AND MarStatus = “never mad “AND Sex = “female Then the
probability of Clients HIV Infection status is Ptige.(8/1)

17.1F Residence = “Addis” AND Category = “Regular g¢gmt” AND PrevTest = “No” AND
MarStatus = “separated “AND Employed = “yes” Thée probability of the Clients HIV

Infection status is Positive.(6/2)

18.1F Residence = “Addis” AND Category = “Regulandent” AND MarStatus = “divorced
“AND ExpoTime = “no experience” Then the probalyildf the Clients HIV Infection status
is Positive.(11/3)

19.1F Residence = “Addis” AND Category = “Regulaudént “AND PrevTest = “yes “HIV
+ve” AND Sex = “Female” Then the probability of ti@ients HIV Infection status is
Positive.(10/1)

20.IF Residence = “Addis” AND Category = “Regulaugént “AND PrevTest = “No” AND
EduStatus = “secondary” AND UseCond = “never” Thies probability of the Clients HIV
Infection status is Positive.(3/1)

As observed from the above partial list of rulés tlassifier has used all attribute to construct
rules and provided the class predicted by the modigke J48 algorithms generated rules. The
numeric values which appeared in the bracket nexheé class label indicates the number of
correctly and incorrectly classified records respety.
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For instance Rule 18 interpreted as clients whoec&om or live in Addis and registered in
regular program and his marital status is divoraed she/he has no experience to exposed to
HIV negative then the classifier grouped the b@&vraunder HIV infection status of
postive(11/13.0). Meaning in the dataset 1470 athat are exactly satisfied this rule and 17
records indicate misclassified to these rules. I&nhgj the remaining rules can be interpreted in

the above way.

5.4. Model Building using SMO Algorithms
The third classification task used in this reseawels Support vector machine. As mentioned in
chapter two, the best SVM algorithms that availabl&/EKA software is sequential minimum

optimization algorithms. It works based on risk mmization principles.

To build the model ,even though SMO handles mgsialue and other noise data
automatically the researcher initially clean dvashdle such issue in chapter four of section
data preparation and data cleaning. The same t&1&396) are used as input for SMO.

The same methods were employed for experimentasamsed in the above two models. These
are the 10-fold cross validation and the percensgdjewith 70-30 test option with reduced and

all attribute and default values for training aasting the model were used.

Method I: The first experiment of the SVM model building performed using the SMO
algorithm with the default value of percentage tsptiteria of 70-30 test option. Table 5.10
shows the resulting of two methods and table bntficate the confusion matrix of the model

developed using this algorithm for method one.
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Table 5. 10 experimental result of SMO Algorithwigh both methods

Experiment | Scheme = — S S

o &) ~ ~

b= @®© x x O

S 1348 g5 a8 |E

ks 4 o O —

H < 3 A0 O <>( <>E <>E
Method I: Experiment result with 70:30 percentageSplit option
Scenario # 1] SMO-C1.C-L.. 20 |80.7 | 2689 | 3730 | 889 81 19 81
Scenario #2| SMO-C 1.C... 16 |[80.6 | 2667 | 3724 | 895 81 19 81
Method II: Experiment varying parameter with 10- fold test option
Scenario #1| SMO-C1.0.... |20 |81 2638 | 12475 (2921|181 |19 | 81
Scenario# | SMO-C1.C.... 16 | 80.€ | 5462 |1241( | 298¢ |97 |19 |81

As shown in the table 5.10 in method one, we cdy @pserve minor difference in time taken to
build a model and remaining experimental resultcsivsimilar irrespective of the number of

attributes used for each scenario. In this regamtycing attribute shows only reduce model

building time without changing anything else.

So we can generalize that the reduced attributen@stioned in previous algorithms has no
significance for being the risk factor of the HInfeéction because as indicate in both method no

change at all was made for each model performdrateane see the confusion matrix of method

one scenario

#1.

Table 5. 11 Confusion matrix of SMO with 70-30qmtage split option

Predicted HIV infection tes

result
Negative Positive Total
HIV infection | Negative 191« 42€ 234(
status (Actual) 5 ociive [ 462 181¢€ 227¢
Total 2371 224z 461¢

70-30 percentage split test option: SMO
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As can be seen from the confusion matrix that tedurom the model developed by the SMO
algorithms with the 70-30 percentage split, the ehatored an accuracy of 80.7%. This shows
that from the total of 2340 HIV negatives 1914 ®4) of the records are correctly classified as
HIV negatives, while 426 (18.3%) of them are missléed as HIV positives.

Furthermore when we see (appendix 3. 6a) the cmmfusatrix of the remaining scenario in
method two, similarly scenario # 1(Running SMO aidpons with 10 fold cross validation)
scored an accuracy of 81 %. This shows that floentatal of 15,396 dataset 12475 records are

correctly classified as per records of the origatatiaset and the remaining are misclassified.

The confusion matrix showed in appendix 3.6b oul@®#6 total HIV negatives 6318(82,3%) of
the records are correctly classified as HIV negatiwhile 1358 (18.3%) of them are
misclassified as HIV positives. In other hand, otithe total 7720 records of HIV positive,

6151(79.7%) are correctly classified as HIV positand remaining are misclassified as negative.

As one observe from the above Table 5.10 method§ dtenario # 1 is selected the best smo.
Meaning the experiment that is conducted with 16-twoss validation, all attribute and default
parameter register best accuracy of 81%.

5.5. Comparison of J48, PART and SMO models

Selecting a better classification technique fatdimg a model, which performs best in handling
the prediction and identifying risk factor of HIVifection is one of the aims of this study. For
that reason, the three selected classification modgth respective best performance accuracy
are listed in table 5.12

Table 5. 12 comparison of the result of the setktiteee models

Types of| Performanct Time Correctly classifie | Misclassifiec
algorithms registered (%) | taken(sec.)
J48 95.5 1.5 14706 790
PART 96.6 3.37 14866 530
SMO 81 2637 12475 2921

10 fold cross validation test option
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The result showed in table 5.12 that PART rule atidun outperforms J48 decision tree and
SMO by 1.2% and 15.7% in identifying determinaskractor of HIV infection. The reason for
the PART rule induction to perform better than otisebecause of linearity of the dataset. That
means there is a clear demarcation point that eashebned by the algorithm to predict the class
for a particular HIV infection.

Moreover, in terms of ease and simplicity to theruthe PART rule induction is more self-
explanatory because it produces in forms of “Iinthét generates rules that can be presented in

simple human language.

Therefore, it is reasonable to conclude that th&PAs more appropriate to this particular case
than the J48 decision tree and SMO. So, the mdu#l is developed with the PART rule
induction classification technique is taken asfthal working classification model to determine
or predict HIV infection risk factor to assist bdtie organization and the university management

in case of decision making in matter of HIV relaiesle.

5.6. Evaluation of Discovered Knowledge

Usually, real world databases contain incompleteésynand inconsistent data and such unclean
data may cause confusion for the data mining pseo¢dan and Kamber, 2006).Besides, data
preparation task is a crucial so that data minowajst can understand the data.Because without

doing so the accuracy of the discovered knowleditjde poor.

Thus, data cleaning and analysis methods and outi@ng methods becomes a must to tackle
such gab before discovered knowledge so as to ealthe efficiency and effectiveness of the
data mining technique. In this effort, the researdhied to assess such problems which require
due emphasis while making the data ready for apglgiata integration and other different data

reduction techniques. See the details efforthhatbeen done in this regards in chapter four.

As discussed in chapter two and five, in selectbmodel building, three classification models

was selected and developed for reason explainedvbéirstly, the J48 decision tree algorithm
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is chosen for is simplicity easy interpretabilitiytbe result generated by it. Secondly PART is
selected similarly as of J48 and simplicity andegated list is easy to interpret and associate the
problem domain. Finally, because of the recommeéowlatf previous research studied in area of
HIV/IAIDS the researcher selected SMO algorithms.o¥d all, three of the model was
experimented, evaluated and compared as a resthlt 10i fold cross validation test option ,

PART rule induction learner was used as a finadl@héor study.

From 374 all possible list of decision rules getetaonly few of the rules are discussed. These
rules are unambiguous, easy to interpret and utaaerssee more about PART decision rule set

on Appendix 5.

As illustrated in appendix 5, all attributes areedidor construction of decision rule set. As
indicated in section 5.3.2 experiment has been emphted by applying WEKA feature
selection technique. However the performance is flean those implemented with all attribute
As a result of this research output is evaluatesed on all attribute generated decision rule set.

Hence, the most interesting rules or discoveredvenge were:

Rule 1: IF Residence = “Addis”’AND Category = “Regustudent” AND MarStatus = “divorced
“AND ExpoTime = “no experience” then HIV Positiy&1/3)

Rule 2: IF ReaHere="risk” AND ExpoTime ="no expemce” AND Sex="Female”:
Postives(34.0)

Rule 3: IF PrevTest = “yes-ve * AND Residenceaxdis” AND UseCond = “never” AND
Causal = “one partner” AND ReaHere =" risk “AND¢tation = “sidist kilo” AND ExpoTime
=" 4to6month” then client most likely HIV positgv (14.0)

Rule 4: IF PrevTest = “no” AND EduStatus =" lllisge “AND LastSex = “no” AND
Employed =" no” AND Age = “20-25": postives (45.0)

Rule 5: IF PrevTest = “yes+ve” AND Employed =" N@GND UseCond =" Never” AND Age =
“20-25": Postive(21.0)

Rule 6: IF Residance = “addis” AND PrevTest = sy “ AND Causal = “one partner”
AND MarStatus =" separated” AND HISTI =" No* ADl ReaHere =" plan” AND Employed
= “Yes “AND Age = *“20-25" : Positive(18)
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Rule 7: PrevTest = “No “AND ReaHere =" causal” BNYear = “3rd year student” AND
UseCond= “ never’AND HISTI =" No “AND Age = “great than 46" : positive(111.0/3.0)

Rule 8: PrevTest = “No “AND ReaHere =" causal” BNYear = “3rd year student” AND
UseCond= " never’AND HISTI =" No “AND Age = *" grater than 45 then the status of the
client HIV infection is Positive (111.0/3.0)

Rule 9: IF Residance = “Addis” AND Loctation = ¢t kilo” AND MarStatus = “Married”
AND EverHSex = “Yes “AND UseCond = “Never” AND L&ex = “No"AND EduStatus =
“other “ AND ReaHere = “risk “AND Age = “>=46"hen Pos (33.0/1.0):

Rule 10: IF PrevTest = “n0” AND ReaHere = “plan” BANEduStatus = “secondary” AND Age
=*"20.25" Then the status of Clients HIV infectiall be negatives. (712.0/4.0)

Rulell.lf PrevTest="yes HIV +ve” AND ReaHear="otheND ExpoTime=“donot known”
AND MarStat= “never married” LastSex = “yes"Then\Hhegative.

Rule 12 IF Residence = “Addis” AND Category = téar student “AND PrevTest = “yes
“HIV +ve” AND Sex = “Female”: Positive(10/1).

The rules that are accessible above indicate thsilgle conditions in which VCT service clients

record could be classified in each of HIV Negataved positives classes. All attributes are
participated in construction of decision rule set &s observed above the contribution in each of
the experiment and domain expert validation fouthef attribute (Sesstype, sex, location and

steady) are less determinate of HIV infection.

From the above list of partial PART rule inductiganerated decision rule set or discovered

rules/ knowledge, we can observe how the relatfi@ttdbute contribute towards HIV infection.

A client more likely to be HIV negative even if preus test is HIV positive. Rule 11 is a good
indicator of this fact. The domain expertise wiB@agree with this finding because it happens
because of malfunction of the laboratory or soma made problems. Other hand the laboratory
result of the client may be HIV positives even riéyious laboratory test of a client said HIV
negative. This because the virus is not visiblenwitwindow period (meaning a client can
confirm his test result after three month). Rulé’4and 8 shows this relationship. The domain

expert also supported this idea by saying clinycafiproved situation.
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Moreover clients whose previous test was HIV pwsitiRule 5) might not be change for second
time laboratory result. This is for the reason ttisnts have been infected and cannot recover
from diseases rather prolong their life span byn@gKtablet” for limited year. Furthermore,
Clients whose previous HIV status is negative halge been shown as negative during repeat
testing (Rule 10). This may reflect that there aene behavioral change after getting VCT
service. UNFPA (2002) reported that understandiatus of HIV negative can serve as a strong
motivating factor to remain negative and is congdeas evidence from the existing knowledge

in the domain.

According to Rule 7 and 9 age group above 45 yeldrare more exposed to HIV infection. For
instance, Rule 9 that client who comes from Addaid aurrently found in sadist kilo campus
whose age was greater than 45. Additionally whongatried and never use condom and their
educational status is unmentioned; they came in \¢€fiter because of something that they
consider risk for HIV infection then the client muspected to HIV infection. Based the
classification accuracy of the PART algorithms 33he record dataset is implied this. In this
regard the domain expert reported that this sitnas true sometimes it occurred because, more
attention is given through different media on prctdie age (age from 20-30). Health
professional do not always test older people fov/AIDS and so may miss some cases during
routine check-ups. Additionally, sometimes peaddeve 50 often mistake signs of HIV/AIDS
for the aches and pains of normal aging, so theyems likely than younger people to get tested
for the disease.

Furthermore, this research finding indicates thatsé people whose ages between 20-25 are
more exposed to the HIV infection. For instanceleRYy 5 and 6 reported the effect of this rule.
To elaborate clients who never used condom and &ga is among 20 and 25 irrespective of
employment status may be more susceptible to Higttion. The USAID (2006) report has also

stated that since AIDS deaths are concentratdtki?% to 45 age group, communities with high
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rates of HIV infections lose disproportionate nunsbef parents and experienced workers and

create gaps that are difficult for society to fill.

In real environment and many research suggest,|é&snaae more susceptibility to HIV Infection
than male (UNAIDS, 2000). This is indicated by RRland 12. Rule 12 report that those clients
whose residence was Addis and registered for regutgram having job and knows her status
as HIV positive earlier would be classified as Hivsitive. Moreover, that female client that has
no experience to susceptible to to HIV infectiord aonsult VCT center for reason of risky

condition is vulnerable to HIV infection.

Lastly, this research finding showed that clienteoge level of education or year in which they
achieved as'3year university student are exposed to HIV infectiRule 7 and 8 reported this
situation. The domain expert explained this conoditis true. Additionally, in real environment
of university freshman students are more expodlale senior student. This is because most of
these students are new to university and exposedrious thing such as chewing chat, drinking
and smoking cigarette. This is the major factorHd¥ infection in university (Negatu and
Seman, 2011). By doing so, they can be easily edtisthe diseases.

In general, the domain expertise also agree wighgégneral idea that the model produced and
adds some fact that some clients also vulnerab&erasult of addiction which has not included
as a behavior of clients in dataset. So having kedge of their addiction of the client is very

important to determine and predict their status.

The finding interpreted above age, previous temiise, exposure time, marital status, last time
use of condom in sexual intercourse, use of condem, educational status, employment status,
residence, category, year and reason for taking ¥€Vices are the major determinant factor of
HIV infections of clients.Some of the attributeso@ation and sesstype) that the algorithms
assumed less important also less important for domeert in determining HIV infection status

of this study.
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The classification model used in this researclpradict as risk factor of HIV infections are
pretty good .They come up with reasonable accupformance. Among this model PART

rule learner register better than other and anracgwf 96.7 %.

The overall experimentation process of experimeriahas been performed following the

diagram.
Test options
48 |
10 fold &
Clean VCT - ]
data 4 experimentation Percentage PART
split S
|
= Rules generated
=  Evaluated with
domain expert
" Risk factor of Model validated Best model
HIV infection is
identified with separate Selected
3000 date set

Figure 5.4 Graphical representation of Experimémigberformed in this thesis
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CHAPTER SIX
CONCLUSION AND RECOMMENDATION

6.1 Conclusion

A major challenge facing healthcare organizatio€T Service Provider, medical centers) is
the provision of quality services at affordabletsoQuality service implies diagnosing patients
correctly and administering treatments that areatiffe. Poor clinical decisions can lead to
disastrous consequences which are therefore urtabbegSrinivas et al., 2010).Besides, health
care centers including VCT service provider musb ahinimize the cost of clinical tests.

To this end, they can achieve these results by @nmg appropriate computer-based
information and/or decision support systems padity application of data mining technology.
Health care related data including VCT data is mas$ience, such data must be analyzed by
organization using data mining technology. Hencpliegtion of data mining techniques may
help in answering several important and critica¢giions by extraction of useful knowledge that
enables support for cost-savings and decision rgakin

In this research, an attempt has been made to dipplgata mining technology in support of
identifying and predicting HIV infection risk fagtausing VCT data. Data mining technology
basically follows an iterative process consists Dfata collection, Data preparation and
understanding, model building and evaluation. Ascassed different data mining methodology
in chapter two , there is a possibility of addibsteps to above list for instance KDD includes
nine steps. The iterative nature of the procesistathe data miner to back and forth at different

and fix it where problem arise.

Accordingly, this research used and followed the sgeps Cios et al (2007) methodology to
investigate the stated problem. The methodologydtastly been followed while undertaking

the experimentation. The data used in this resebhesh been gathered from African AIDS
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Initiatives International VCT center. Once the dhtes been collected (15396 dataset), it has
been preprocessed and prepared in a format suifabkhe DM tasks. Data preparation took

considerable time of the study.

The study was conducted using three classificatemhniques namely decision tree, rule
induction and support vector machine. For modeldmg and experimentation J48, PART and
SMO algorithms are used. Experimentation was caedugsing four scenarios in two methods
for each algorithm except for SMO. For SMO only tseenarios were used for the two methods

with default value and the output of this is usedaomparison for former two algorithms.

By changing the training test options and the defearameter values of the algorithm, these
models are tested and evaluated. As a result PARTimduction algorithms registered batter
performance with 96.7 % accuracy running with 1ll@Hecross validation with default parameter
using 20 attribute than any experimentation domeaHis research purpose. The performance of
the model is validated using randomly selected 3@@€asets and registered performance

accuracy of 95.8% which is pretty good model.

According to the result of PART algorithms, all tB8 attributes are used to construct the
decision rule set. Besides, using WEKA featureikatte selection is tried and tested the
performance is 77 %. This implies that decreaseeifiormance resulted because of missing of
relevant attribute. To this end, with extensivecdssion of domain expert and “educated
guesses” out of the 20 attribute, only the follogviattributes are selected as the determinate

variables of HIV infections has been identified.

These are previous test of HIV, use of condom, &edear in VCT center, History of sexual
Intercourse, employment status, HIV infection chsgaation, Last sex with condom, exposure
time for risk situation (number of partner the ntidaced), marital status, educational status,

year, age .
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Besides that studying the behavior of the universammunity related to addiction such as
chewing chat, smoking cigarette and drinking arpdrtant to identify the risk factor of HIV
infection.

Moreover, the finding of this research indicateat ttemales are more vulnerable than men to
HIV/AIDS. Third year university students are motseeptible to HIV infection. Previous test of
client who have HIV negative and for second tinst te negative. The laboratory result may be
may be positive because the virus may not be wesibltil end of three month. A client who has
got HIV positive may be result in second test “riega“which is because of health professional

or malfunctioning of laboratory test or equipment

Analogously, J48 and SMO algorithms were also tegisn encouraging performance of
classification accuracy. Both model correctly digssew instance of VCT clients as 95.5 % and
81 % with 10 fold cross validation with all attriieuand default parameter. When we compare
the result of three model developed based on acgurgistered to correctly classify new
instance of VCT data, PART perform better.

In general, in this study only few experiments eaeried out using J48, PART and SMO with
few parameter setting. Missing values are simpbyaeed by most frequent values using WEKA
3.7.5 and manually for few attribute in consultatiof domain expert which may sometimes
create bias so that if time allows it is betteus® other mechanism like filling extensively by
consultation of domain expert. Furthermore, theaesher faced challenging in experimentation
of support vector machine because of time consuniai@ncing of the unbalanced dataset and

getting of VCT dataset.

In spite of the challenges and weaknesses in pl@grocessing and limited application of
algorithms the results are encouraging. The resbitained from this research indicate that data
mining is useful in bringing relevant informatioa the service providers as well as decision

makers.
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6.2. Recommendation
In this research work an attempt has been madedoout the potential applicability of data

mining technology to support the prevalence of Hdttivity at Addis Ababa University

community and surrounding based on the data acaietllon VCT service by AAIl. Even

though, this research has been done for the academaicise its results are found promising to

be applied in addressing practical problems in @néen and control of HIV /AIDS.

Hence, based on the findings of this researchigll@ving recommendations are forwarded:

This research has proven the applicability of PA&gorithms which automatically
discover hidden knowledge that are interesting aoedepted by domain expert.
However, this research output doesn't integrath nbwledge based system. To do so,
the researcher recommends implementing the disedvetassification rules with
domain knowledge as a knowledge based system that doe helpful for health
professional, epidemiologists and other researcikosare conducting HIV/AIDS care,

control and prevention.

Attribute such as session type and campus werggoad discriminate variables for
predicting HIV infection, hence to investigatether research in case of prevalence of

HIV in higher education institute, these attributah not be recommended

This research has attempted to determine HIV iideatisk factor using classification
data mining task only. The association that estsveen the selected attributes related
to HIV infection was not considered. Therefore,emsh can be conducted to see the
degree of association that coexists between thtisbudes and HIV infection is
forwarded.
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= For this work, balanced dataset is used to deterrthie risk factor of HIV infection.
However, researches can also be conducted usingl actbalanced data and other data
mining technique such as Class Confidence PropoBRiecision Tree (CCPDT). This is

a robust decision tree algorithm for imbalancecskts.

» This research has been attempted to determineigkdactor of HIV infection with
limited data set and 20 attributes collected froddi& Ababa university community and
its surroundings. Further researches can also béucted by increasing the number of

attributes and datasets from all higher educatistitutions in Ethiopia.

» The research also attempted to test the applitabilidata mining in identifying HIV
infection risk factor. In doing so, implementingng more data mining techniques such
as Naive Bayes and Multilayer perception may btwstperformance of the model and

helps to compare the result with this researchiriigd
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Appendix 1: Standard Format Of AAIl VCTUser Registration Form
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Appendix 2: Descriptions of Selected Attributes

No. | Attributes | Descriptions Codes & Corresponding Values
1 Age Age of the clients {A1=0-15, A2=15-19, A3=28,A4
=26-35, A5=3¢-45,A6 >= 46
2 Se» Sex of the clien {Male=M, Female=F
3 SessType| Session type of the clients { indv=lindial , Coup=Couple ,
other=Group
4 MarStat Marital status of the clients { marr=Mad, Nmar=Never married ,
separ=Separated , divor =Divorced ,
wido=Widowed , liv2= Living together
5 Education | Educational level of the clients {tite=llliterate , read=Able to read ,
prsch= Primary , sesch= Secondary ,
ugrad=under grad,pgrad=postgraduate
6 Employed | Employment status of the clients {N=N@=Yes }
7 ReaHere Primary reason the clients visit {Risk , Plan ,status, causal other}
the cente
8 PrvTeste | Whether the clients are { No=No ,Yes+ve=Yes HIV positive ,
previously tested “Yes-ve"=Yes HIV Negative , Yes-inc
=Yes inconclusive ,NA=Didn’t take
9 EverHSex| Whether the clients have ever h{amb:'No , yes=Yes}
sex
10 | UseCond | Condom usage behavior of {Ne=Never , Al=Always, so=Sometimes$
clients during sexual intercourse Not aplicable=Na }
11 | LastSex ’ wﬁ'eth'er Eﬁents ﬁ'ave used {N=No, Y=Yes, DN=Doesn’t
condom the last time s/he had | remember, 99=NA }
12 | HistSTI Qc‘:nlivelﬁ?'ls:Tiffg['i‘rglewhistory of {N=No, yeno=Yes , dnknow=Don’t
diagnosed or suspected Sexuallyjknow , 98=NA}
Transmitted Infections hista
13 | Casual Number of all those sex partnergnp=No Partner , 1p=One Partner,

the client has seen only once or

rarely for the past 3 months

mp=Multiple Partners}

Py
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14 | Steady Number of all those sex partnergnp=No Partner , 1p=One Partner,
that the client considers as mp=Multiple Partners}
regular partners for the past 3

15 | Year Duration of client in attending | {Y1=1year, Y2= 2qyear ,Y3=%
lecture successfully in university year,Y4=4 th year, Y5 fifth year,,Y6=

year six , Ny=no year}

16 | ExpoTime| Suspected Exposure Time to HIifesslm = < 1 month , Imto3m =1to 3
months , 4to6m = 4 to 6 months ,
greaterém= over 6 months , noexpo =

17 | Residence| Clients who came from to the | Region 1=R1,Region 2=R2....... R14 ar
university No region=other

18 | Location | The place where the clientis | {Com= commerce, A= not applicable
currently living ,other=other, SC=science(Art), SS=s0¢

science (sadist kilo), Tec=Technology N
.and S.,med= medical( black lion)}

19 | Category | Which program the client {Comm=community , EXSTU=extensio
registerd for learning or not student,other=other, PART= parent of
registed student staff, RESTU= regular

student. STAFF=staff, SUSTU= summe
student

20 | HIV Laboratory result of HIV status {neg=Negative , pBssitive}

nd

ial
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Appendix 3: Summary Of Confusion Matrix used forExperimentation

1) J48 algorithms with 10- fold cross validation widl attribute
a b <--classified as

7040 636 | a=Neg

54 7666 | b =Pos

2) Summary of pruned J48 algorithms with minNumObj = 200 with 10 fold cross validation

a b <--classified as
6033 1643 | a=Neg

1797 5923 | b =Pos
3) Result of re-evaluation of best J48 decision tregith 3000 dataset

=== Re-evaluation on test set ==User suppliedsesRelation: finalt estcasel nstances: 3000

Attributes: 20

a b <--classified as

71 8| a=Neg
711388| b=Pos
4) The snap shot of Confusion matrix Of PART algoritim with 10-fold cross validation andall

attribute
a b <--classified as

7182 494 | a=Neg

16 7704| b=Pos

5) The confusion matrix of PART Algorithms with fea selected (9 attribute)
a b <--classified as
6501 1175| a=Neg
7956925| b =Pos

6) The experimental result of SMO algorithms confgion matrix

a b <--classified as a b <--classified as
1903 437 | a=Neg 62893 | a=Neg
45821 | b =Pos 1593 6[L12°Db = Pos
a) 70-30 percenatge splite b) 10-foloks validation
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Appendix 4. Sample J48 Decision Tree With 10 Fold@ss Validation

J48 pruned tree

PrevTest = yes-ve

| EverHSex = Yes

| | Sex=M

I | | Age=A4

| | | | MarStatus = Nmar

| 1 | | | ReaHere=plan

Il I I 1 | | Residance=R14

Il 1 1 | | | | UseCond=Ne:Neg(118.0)

I I I I | | | UseCond=Na

I 11 I | | | | Year=Y3:Neg(120.0)

I 1 1 1 1 | | | Year=Y1l:Neg(7.0)
11111 1 Year=Y4

I 1 1 1 1 1 1 | | ExpoTime=dnotkn: Pos(11.0/2.0)
I 11 I I 1 1 | | ExpoTime=lesslm:Pos (0.0)

I 11 I I 1 1 | | ExpoTime=noexpo:Pos (0.0)

I 1 1 I I 1 1 | | ExpoTime=4to6m:Pos (0.0)

I I I I 1 1 1 | | ExpoTime=lessimto3m: Pos (0.0)
I 1 1 I I 1 1 | | ExpoTime=greaterém: Neg (2.0)
Il 1 I 1 | | | | Year=NY:Neg(17.0)

I 11 1 1 | | | Year=Y2:Neg(4.0)

I 11 1 1 | | | Year=Y6:Neg(2.0)

I 11 1 1 | | | Year=Y5:Neg(1.0)

I 1 1 I | | | UseCond=So

I 1 1 1 1 | HISTI=No

I 1 I I I 1 | | | EduStatus=other

I I I I I 1 1 | | | Category=RESTU:Neg(2.0)
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Appedix 5: Sample PART Decision Rule List With 10~old Cross Validation

PART decision list
PrevTest = yes+ve AND
Steady = 1p AND
Category = RESTU AND
SessType = Indv AND
ReaHere = status AND

ExpoTime = greaterbm: Pos
(320.0/2.0)

EverHSex = No AND
MarStatus = divor AND

ReaHere = causal: Pos
(63.0/1.0)

EverHSex = No AND
MarStatus = divor AND
PrevTest = yes+ve: Pos (46.0)
EverHSex = No AND
MarStatus = wido AND
PrevTest = No: Pos (30.0)
EverHSex = No AND

PrevTest = yes-ve AND
ReaHere = status: Neg (103.0)
PrevTest = yes+ve AND
Category = Comm AND

EverHSex = Yes: Pos (121.0)

PrevTest = yes+ve AND

Steady = 1p AND

Category = 99.0: Pos (291.0/2.0)
EverHSex = No AND

ReaHere = status AND

Year =Y3 AND

ExpoTime = dnotkn: Pos (62.0)
EverHSex = No AND

ReaHere = plan AND
MarStatus = Nmar AND
Residance = R4: Neg (239.0)
EverHSex = No AND

ReaHere = plan AND
MarStatus = Nmar AND
UseCond = Ne AND

ExpoTime = noexpo: Neg (235.0)
EverHSex = No AND

UseCond = Na AND

MarStatus = Nmar AND
EduStatus = Sesch AND
Steady = 1p AND

ReaHere = plan AND

ExpoTime = dnotkn: Neg (169.0)

ReaHere = causal AND
Year = Y3 AND
PrevTest = No AND
EverHSex = Yes AND
Category = RESTU AND
LastSex =Y AND

Age = Ad: Pos (75.0)
ReaHere = causal AND
Year =Y3 AND
PrevTest = No AND
EverHSex = Yes AND
UseCond = Na AND
MarStatus = wido: Pos (55.0)
ReaHere = causal AND
Year = Y3 AND
PrevTest = No AND
EverHSex = Yes AND
UseCond = Ne AND
HISTI = No AND

EduStatus = lllitate: Pos (113.0)
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Appendix 6: sample selected interesting rule discasd as findings

Rule 1: EverHSex = No AND ReaHere = statudDAXear = Y3 AND ExpoTime =
dnotkn: Pos (62.0)

Rule 2:

Rule 3:

Rule 4:

Rule 5:

Rule 6:

Rule 7:

Rule 8:

Rule 9:

ReaHere = causal AND Year = Y3 AND PrevFeblo AND EverHSex = Yes AND
Category = RESTU AND LastSex =Y AND Age = A4:d4F5.0)

ReaHere = causal AND Year = Y3 AND PrevEebBlo AND EverHSex = Yes AND
UseCond = Na AND MarStatus = wido: Pos (55.0)

ReaHere = causal AND Year = Y3 AND UseCeride AND PrevTest = No AND
HISTI = No AND Age = A6: Pos (111.0/3.0)

ReaHere = risk AND LastSex = N AND Year3 AND Residance = R14 AND Sex =
F AND EverHSex = Yes AND Age = A6 AND

PrevTest = No AND Age = A6 AND Year = Y3 BNCategory = Other AND Sex = M:
Pos (106.0/6.0)

PrevTest = yes-ve AND Sex = M AND Age 8 AND HISTI = NA AND EduStatus
= ugrad: Neg (75.0)

Sex = F AND EverHSex = Yes AND Year = Y1 BNUseCond = Ne AND EduStatus
= ugrad: Pos (10.0/2.0)

Sex = F AND EverHSex = No AND Residand®@ E=AND PrevTest = No: Pos (23.0)

Rule 10: PrevTest = No AND Residance = R14 AND Y=33 AND HISTI = No AND

UseCond = So AND Age = A3 AND ExpoTime = less1msPt2.0)

Rule 11: Residance = R14 AND HISTI = No AND Use@enSo AND Employed = Yes

AND Age = A3 AND ExpoTime = greaterém: Pos (12.0)

Rule 12 :PrevTest = No AND Residance = R14 AND HISTNo AND ExpoTime = 1mto3m

AND Age = A4: Neg (15.0)

Rule 13 : PrevTest = No AND Residance = R14 AN HI= No AND LastSex = N AND

EduStatus = Sesch AND Employed = NO AND CategoRESTU: Neg (20.0)
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