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ABSTRACT

Background: AIDS patients receive antiretroviral treatment (ARWhich they need to take
every day for the rest of their life. To maintanedtment efficacy, it is necessary to start the
treatment at a suitable time. Although the debagamding when to start antiretroviral therapy
has been present for over two decades, consendhsajuestion has been hard to achieve. This
lack of clarity continues in the current era, witlajor guidelines recommending very different

treatment strategies.

Objective: The purposes of this research are to assess thieadyiy of different data mining
techniques to predict the initiation time for Aetiroviral Treatment (ART), to identify attributes
that are associated with initiation time of ART @ndlevelop a model that can be used to predict
the initiation time for Antiretroviral Treatment BY) using data obtained from Adama and
Ambo ART clinic.

Method: To undertake this study a hybrid Data mining pescmodel has been employed. The
study used 11,440 instances, ten predicting atgghand one outcome variables to run the
experiments. Accordingly, Apriori algorithm is use® extract association rules while

classification algorithms such as J48 decision, tR&RT rule induction and Naive Bayes were

implemented to build predictive models.

Result: Experimental result shows that the model developsidg AdaBoostMl1withpruned
PART registers the highest accuracy of 95.62% aspeoed to Naive Bayes and J48. The
finding of the study clearly presents that Sex,, &ACD4, OAWHO Stage, Family planning
and Occupation attributes are best predicts uspcettict ART Initiation Time.

Conclusion: The study comes up with @redictive model that assists practitioners to predict

whether the pre-ART patients should start the tneat "immediately”, “Early” or "Delayed".
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CHAPTER ONE

INTRODUCTION
1.1. Background

1.1.1. HIV as Public health Challenge

Human Immunodeficiency Virus, well known by its aeym HIV, is the virus that causes
Acquired Immunodeficiency Syndrome (AIDS) in humaAtDS is the disease caused by HIV,
which weakens the body’s immune system until it narlonger fight off the simple infections
that most healthy people’s immune system can reSistonic fatigue, diarrhea, fever, weight
loss, persistent cough, skin rashes, oral infestiswelling of the lymph nodes, and memory loss
may be the early symptoms of AIDS. As the immungteay becomes further compromised by
HIV, opportunistic infections such as pneumonianmaeitis, cancers, and Tuberculosis (TB)

can easily attack the body [1].

The emergence of the HIV epidemic is one of thgdsy public health challenges the world has
ever seen in recent history. In the last three diexddIV has spread rapidly and affected all
sectors of society- young people and adults, mehvasmen, and the rich and the poor. Sub-
Saharan Africa is at the epicenter of the epideamd continues to carry the full brunt of its

health and socioeconomic impact [2].

The Acquired Immune Deficiency Syndrome (AIDS) dise has been one of the most
destructive epidemics to hit Ethiopia. In 2006 r¢hevere 977,394 people living with the virus,
and of these 258,264 require antiretroviral treatn{&RT) [3]. Adults and adolescents account
for 24% of antiretroviral (ARV) service coverage Bgcember 2006 [1]. A Federal Ministry of
Health (FMoH) report showed that 95,756 patiensststl ART treatment in Ethiopia. Out of
these 71,773 (74.95%) patients are presently on BRHIV/AIDS is one of the key challenges
for overall national development in Ethiopia. Itshlad to a seven-year loss in life expectancy,
close to a million orphans and a loss of produtstiand income at the workplace with severe
effects at the household and community levels. Tigh rates of morbidity and mortality
associated with HIV/AIDS have strongly affected tiealth sector and are among the major

impediments to delivering quality care to its feéipacity [4].
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1.1.2. General Over view of ART

Antiretroviral therapy (ART) is defined as treatirggroviral infections like HIV with drugs [4].
Antiretroviral therapy (ART) has been shown to Heative in slowing down the progression of
AIDS and in reducing HIV-related illnesses and Hegt]. Antiretroviral Therapy (ART) is
treatment for AIDS that helps the body’'s immuneteysrecover from the damage caused by
infection with HIV. Although ART cannot cure AID®ersons on ART will begin to feel better,
eat more, and put on weight [2]. Their bodies wa@tover the ability to fight infections. As
persons on ART treatment become well, they can foartheir children and return to household
activities and lead productive life, which benefit® household and national economies. They
recover their sense of hope for the future andbesmome powerful advocates for prevention and
mitigation of HIV in their families and communitieShey may remain well for many years, but
must continue to take Antiretroviral (ARVSs) for thest of their lives. Thus, ART is an important

component of the global response to AIDS.

The standardization and simplification of treatmantd monitoring continues to be the prime
consideration underpinning WHO recommendationgteruse of ART, in order to widen access
to effective therapy in resource-limited settingeeve individualized patient management by
physicians specialized in HIV medicine is not fesi[5]. Standardized clinical and, where
available, immunological (CD4) evaluation to gutte initiation of ART, the use of appropriate
formulations, and a symptom directed approach tmitoo adverse events, are key to the
simplified approach [5].

While the HIV prevalence in Ethiopia is relativdtyw for a Sub-Saharan country, which is at
1.5%, approximately, 800,000 people are living withVv; almost 300,000 are currently on
antiretroviral therapy. In 2011, almost 10 milliprople were tested for HIV and received their
results [6]. The introduction and expansion of dapiagnostic testing (RDT) for HIV has
allowed for this increased access to diagnosting§6].

Adults and adolescents account for 24% of antivéatab (ARV) service coverage by December
2006 [3]. A Federal Ministry of Health (FMoH) repahowed that 95,756 patients started ART
treatment in Ethiopia. Out of these 71,773 (74.9p8&k)ents are presently on ART [3].

12



The WHO 2010 guidelines recommend that initiatiny Hbositive patients on antiretroviral
therapy upon a CD4 count of 350 cellsbr WHO stage Il or IV. Providing CD4 testing
throughout Ethiopia will be essential to initiatiagditional HIV positive patients on ART and

improving overall patient health [6].

1.1.3 Eligibility for ART

The optimum time to commence ART is before pati®etsome unwell or present with their first
opportunistic infection. Immunological monitorin@D4 testing) is the ideal way to approach
this situation [7]. A baseline CD4 cell count natly guides the decision on when to initiate
ART but is also essential if CD4 counts are to beduto monitor ART. The following table

summarizes the immunological criteria for the atitbn of ART [7].

Table 1.1:- CD4 criteria for the initiation of AR adults and adolescents

CD4 (cells/mm30 Treatment recommendation
<200 Treat irrespective of clinical stage
200-350 Consider treatment and initiate before CD4

count drops below 200 cells/mm3

>350 Do not initiate treatment

The National antiretroviral initiation criteria fdwoth adults and adolescents states that, in places
where CD4 cell count is available [7].WHO clinicgthge 1V, irrespective of CD4 cell count,
WHO stage Ill and if CD4 cell count is less tha® 2md all WHO stage IV and CD4 cell count

is less than 50 are criteria for eligible patietotstart ART. However, for places where CD4 cell
count is not available, WHO stage IV and WHO stHdgerrespective of TLC, WHO stage Il
and if TLC is less than or equal to 1200 are elggtb initiate ART treatment [3].

In developing countries where there is resourcéadiion using CD4 cell count to identify if a
patient is eligible is difficult [7]. ART The cuent guidelines for Antiretroviral Therapy (ART)
from the World Health Organization reflect thed3G:hanges to the guidelines and recommend
that in resource-limited settings, HIV —infectedultsl and adolescents should start ART when

HIV infection has been confirmed and one of théofeing conditions is present [7].

13



1.1.4 Criteria for Clinical Staging

In 2006, the World Health Organization (WHO) reksdsevised criteria for clinical staging of
HIV disease in adults and adolescents. These ieritdlow physicians in countries with poor
resource setting to determine the appropriate toviegin antiretroviral treatment. In many areas
of the World, physicians do not have access to Vetere they can perform CD4 and viral load
tests, which are used in developed countries terate an individual's disease progression.
According to WHO [7]. the following are the clinicstages of HIV progression.

Criteria for Stage I: During the first stage of HIV, an individual geakly has flu like
symptoms which last for a week or two. WHO provides following criteria for placing a
patient in this stage [7]:-

Asymptomatic
Persistent generalized lymphadenopathy (the sweltin enlargement of the lymph

nodes).

Criteria for Stage II: In stage Il, many people are completely asymptamdiut others
demonstrate a number of physical symptoms thatthezak providers can use to stage the
patient. WHO criteria for this stage include thBdaing:

* Moderate unexplained weight loss

* Recurring respiratory tract infections

» Herpes Zoster (shingles)

» Angular cheilitis (lesions at the corner of the niu

» Recurring oral ulceration

» Papular pruritic eruptions (skin rash possiblytesflato insect bites)

» Seborrhoeic dermatitis (a skin disorder that cassaly, itchy, flaky skin)

* Fungal nail infections.

Criteria for Stage Ill: In stage lll, HIV patients begin to exhibit moreripus symptoms. This
is also when opportunistic infections begin to taklvantage of the weakened immune system.

WHO criteria for placing a patient in this stagelude the following:

* Unexplained severe weight loss

14



» Unexplained chronic diarrhea for longer than ormatn

» Unexplained persistent fever, either intermiti@ntonstant

» Persistent oral candidiasis (yeast infection ofrttwaith)

» Oral hairy leukoplakia (a white patch on the sifithe tongue with a hairy appearance)

* Pulmonary tuberculosis

» Severe bacterial infection (for example, pneumaomi@ningitis, and empyema)

» Acute necrotizing ulcerative stomatitis (inflamnaeti of the stomach mucous lining),
gingivitis (inflammation of the gums), or perioddist (inflammation of the tissue that
supports the teeth)

* Unexplained anemia (lack of hemoglobin the blodésieneutropenia (low number of a
certain type of white blood cell called neutrophéind/or chronic thrombocytopenia (low

platelet count).

Criteria for Stage IV (AIDS): In stage IV, a patient is considered to have msggd from HIV
to AIDS. This stage is characterized by more seggmptoms and an even greater number of

opportunistic infections.

1.1.5 ART and its Practice in Ethiopia

In Ethiopia there are about 119 hospitals and 4&alth centers and the country’s health
infrastructure has the potential to scale up acdesantiretroviral therapy. But there is a
substantial shortage of health workers to servendggls of a rapidly expanding population. This
shortage is aggravated by high turnover among theatirkers, especially physicians and
counselors, throughout Ethiopia [5]. Antiretrovirdderapy is provided only at referral and
provincial hospitals. Scaling up antiretroviral iiyey services would require an extension within
the health system to include more peripheral f&edli Systems to procure and distribute drugs
and surveillance, Information management systenmi@mnaging patients’ record and monitoring

and evaluation systems also need to be strengthghed

Even though for ART eligibility criteria discuss@dsection 1.1.3 and 1.1.4 can be considered,
from developing countries specifically Ethiopianntext, there are also several concerns. The
number of HIV positive persons enrolled into ARTecan Ethiopia is nearly 3,000 patients per
month [6]; however, CD4 testing services that aitcal for treatment monitoring and initiation

of therapy are not easily accessible. There arectyges in Ethiopia that prevent patients from
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receiving CD4 testing, such as lack of infrastruetor laboratories at health facilities to support
conventional testing, poor service in patients regnanagement and data processing, reagents
requiring cold chain transportation and/or storamed weak networks between health centers
and hospitals [6]. On the other hand, 24 percenhedlth facilities providing ART had
conventional CD4 diagnostic machines by mid-201d anly these facilities can provide same
day results; even with specimen referral netwothkss limits patient access to CD4 testing.
Conventional CD4 testing through specimen referegluires patients return to the facility to

receive their results [6].

1.2. Statement of the problem

Patients receive antiretroviral treatment (ART) evhihey need to take every day for the rest of
their life [8]. To maintain treatment efficiency,is necessary to start the treatment atiigable
time. Although the debate regarding when to statiretroviral therapy has been going on for
over two decades, consensus on this question rexs terd to achieve. This lack of clarity
continues in the current era, with major guidelimesommending very different treatment
strategies [8]. A recent study using validated cotap simulation to weigh important harms
from earlier initiation of ART (toxicity, side effés, and resistance accumulation) against
important benefits (decreased HIV-related mortalioyind that earlier initiation of ART is often
favored, although the TLC predicts survival in eated patients, the exact cut-off point for

beginning treatment remains controversial [9].

In resource-limited settings the decision to inigART in adults and adolescents relies on
clinical and immunological assessment. In orderfdoilitate the rapid scale-up of ART
programme with a view to achieving universal acaesshis therapy, WHO emphasizes the
importance of using clinical parameters in decidingen to initiate it [5]. However, it is
recognized that the value of clinical staging irtideng when to initiate and monitor ART is

improved by additional information on baseline andsequent CD4 cell counts [5].

In managing patients’ record, although human dewisnaking is often optimal, it is poor when
there are huge amounts of data to be classifiesb Afficiency and accuracy of decisions will
decrease when humans are put into stress and irem@nk. On the other hand, some of the
challenges that affect the optimum time to startTARre motivation of patient due to
accessibility and cost, inefficiency in patientsta processing and decision making, shortage of

health counselors which create delay for HIV pdsiea start ART on time [10].
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On the other hand since patients must return tdetigty multiple times to receive CD4 results,
there will be high burden on patients, and it ealversely affect effective management of

patients on treatment and delay in initiation ebtment and cause patient loss-to-follow-up [6].

The decision as to when to start anti-retrovir&@rdpy is made even more difficult when CD4
cell counts are not available or not easily actésdpr patients [1]. Patients having relatively
higher CD4 at the first diagnosis, with the resednmitation of the country might take long time
to recheck again which makes many patients to Afaft too late to gain optimal benefit from
the treatment. Therefore, for pre-ART patient appog for the next recheck for CD4 count
having perfection is required from the physiciamé&ermine the accurate range of time. For this
there must be a data mining tool that supportgthsician based on the patient’s information
[11]. Practically a pre-ART patient can be on AR&fdyre a month, within 1-2 months or after
two months. According to Kendon,et al three sifesation of ART starting time can be used.
Patients who initiated ART before 28 days are atereid as immediate, those who initiated
between 29 and 56 days as early class and thosénitiated after 57 days as delayed class. But
still there is a question on which patient withigeg attributes (information) is on immediate,

early or delayed class.

There is no single proven model for delivering ARIR resource-poor settings, little is known
about the effect of treatment on patient survival guality of life [12]. Treatment guidelines are
from the developed world. This highlights the urgeeed for generating regionally suitable

ART data processing model [12].

Taking the above challenges into consideratioss, tésearch is principally intended to develop a
model which can predict when the optimal time tiiate ART for pre-ART patients. This will
save time and resource especially for resourcadantountries like Ethiopia by adding value
to the decision made by the physicians in followmupgthe pre —ART patients. Accordingly, the
research has attempted to answer the followingareBejuestions:

» Is it possible to use data mining technique todbpikedictive model for determining ART

initiation time?

» Which attributes are more important to predict ARifiation time of pre-ART patients?
» What are the interesting rules to mine associalietween the selected attributes to

determine the optimal ART initiation time?
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1.3. General Objective
The general objective of this research was to agpta mining techniques to construct predict

model that can be used for determining the ingratime for Antiretroviral Treatment (ART).

1.3.1. Specific Objectives
For the accomplishment of the stated general abgthe research work has considered the

following specific objectives;

» To generate quality dataset by applying differemttad mining pre-processing

techniques.

» To identify the attributes which have strong assten with determination of optimal

time for ART initiation

» To mine different association rules that show refeghip between the attributes that

have strong relationship with ART initiation time.

» To build classification models for predicting ARTitiation time for pre-ART
patients
» To evaluate the performance of models constructetyuest.

1.4. Scope and Limitations of the Study

This research scope limited to developing a pragianodels for the Initiation Time of ART
patients using Addama and Ambo hospital ART dasaddoreover, the study is limited to build
a prototype for ART Initiation Time prediction ande classification data mining technique. The
classification algorithms selected by the researththis study to develop prediction models are
Decision Tree, Naive Bayes and PART. Besides tbeging findings observed in this study,
the following major limitations are recorded:

» This study was conducted in two government hospitelmely, Addama and Ambo

hospitals due two shortages of time and finan@aktraint.
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» The quality of data is so poor and documentatioplagming about the dataset was so
minimal.
» Another limitation of this study was lack of litéuaes related to the application of data

mining techniques to prediction of ART Initiatiomiie of HIV patients.

1.5. Methodology

1.5.1. Research Design

To achieve the general as well as the specificatibgs of the study, the hybrid of two data
mining model has been used: Knowledge Discovergéd® (KDD) and Cross-Industry Standard
process (CRISP DM). This hybrid model has beenzetll because it is capable of providing:
more general, research-oriented description okstegnowledge discovery process.

It does emphasize the lterative features of thecqe® drawing experience from previous

models. It also supports academia and Industrial iséning projects.

In this case, this study applied only the Apriolgérithm for Association rule mining in order to

optimize the space required for searching itemsglevgenerating the intended rule.

1.5.2. Business/Problem Understanding

On this stage for the purpose of identifying therapriate tools of Data Mining, in order
to clearly specify the benefits of the researclerafiefining the problems and the
alternative solutions, review of related literatusand consulting domain experts has been

done.

1.5.3. Data understanding and data collection

Data used to address the objective of this study been collected from Adama and
Ambo Hospitals from database containing list oigygs who are on ART treatment. To
understand the nature of the data and to solveqietity problems, discussion has been
conducted with domain experts and other personte interact with the data. There
were a total of 18216 patients with 81 attributestioe data that has been used for this
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investigation and out of them identifying the imfamt attribute that have relation with

initiation time for starting ART treatment has besshected and used for this study.

1.5.4. Data preparation and Preprocessing

Preparation and preprocessing of data involvegtheess of identifying and handling
general data quality issues which includes confignfor completeness, redundancy,
noisy data value, missing value and outliers from dataset. After feature selection and
extraction algorithms process to acquire cleandd tlas been undertaken a qualified
data that can fulfill the specific input requireneifor the Data Mining tool has been

achieved.

1.5.5. Developing, Analyzing and Evaluating Data Mining Model

Development of the model has been done after gtimgugh different available
modeling techniques and selecting the one whichthie data that were used for this
research. Accordingly the developed model has lswalyzed and evaluated for its

efficacy based on different criteria’s.
1.6. Significance of the study

The findings of this research could be used toipteéde ART Initiation Time of HIV patients
attending Pre-ART groups to start therapy by takimg ten predicting variables suggested by
this study. This has a great deal of benefit tdepé&d, physicians, hospitals, policy makers,
researchers and local and international partnerkimg on supporting the implementation of
ART programs. Accordingly, the benefits offeredhiese parties are:
» Physicians can make use of the model to forecast WRiation Time of their patients
ahead which in turn eliminates complications whaight occur due to not knowing the
CD4 count during the right time. In addition toghin facilities with no CD4 counting

machine it can be used as a replacement.

» Patients receive the right regimen associated éo thD4 level so that their immunity

level develops to a level where no opportunistfegtion can occur.

» Policy makers can make use of the model to devalp guidelines or modify the

existing one in order to improve implementatiorA&T programs in the country.

20



» The result obtained in this study can be takea base to conduct clinical investigation
to validate the findings with the real situatiomglalso similar researches can be done in
some other part of the country to validate theifigd and then make it to serve at a

national level.

» Local and international partners can make useheffindings to identify the kind of

support expected from them.

1.5.6. Ethical Consideration

The study has been carried out after getting peionisfrom the ethical clearance
committee of Addis Ababa University, School of RabHealth and School of
Information. Written permission has been collechesn Adama and Ambo Hospitals

after Objective and purposes of the study has Hesnissed.

1.5.7. Organization of the Thesis

The organization of this thesis is as follows: Qkapl explains backgrounds of HIV/AIDS
impact in public health, its medication and WHO @uiilines, General over view of ART,
application of Data mining in ART, Current practiof ART in Ethiopia, statement of the
problem, the anticipated outcomes, objectives efstiady, and research methodology,

Chapter 2 illustrates Data mining over view, dataing and knowledge discovery in databases,
data mining methodology used in this study, dataimgi process models (focusing on the six
steps hybrid KDP data mining process model usea fismework for the current study), data

mining techniques, algorithms and data mining amdpplications to the Health care.

Chapter 3 explains specific activities performedutwlerstand the data and preprocessing the
dataset. Activities performed in the study inclutiscription of data source, selection of ART
attributes, exploratory Data Analysis of the seddctattributes, Data and Dimensionality
Reduction Data Preparation (For Weka) binning/ [iSeation, managing missing values,

errors and resolving inconsistencies.

Chapter 4 describes all the experiments carriedt@wdiscover association rules and how to

develop predictive models were explained. Multiplgeriments were done by modifying the
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parameters of each algorithm. All experiments hzagsed two stages of model development i.e.
training and then validation of the models. Accogly, results of the experiments are analyzed

and interpreted.

Chapter 5 provides conclusions and recommendafitrestudy.
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CHAPTER TWO
LITERATURE REVIEW

The abundance of data, coupled with the need faovepgol data analysis tools, has been
described as a “data rich but information pooriiaiton. The fast-growing, tremendous amount
of data, collected and stored in large and numendaiabases, has far exceeded our human
ability for comprehension without powerful tools3]1 As a result, data collected in large
databases become "data tombs” data archives thatetdom revisited. Consequently, important
decisions are often made based not on the infoomaith data stored in databases but rather on
a decision maker's intuition, simply because thasiten maker does not have the tools to extract
the valuable knowledge embedded in the vast amadrdata [13]. In addition, consider current
expert system technologies, which typically rely users or domain experts to manually input
knowledge into knowledge bases. Unfortunately, pincccedure is prone to biases and errors, and
is extremely time-consuming and costly. Data miniagls which perform data analysis may
uncover important data patterns, contributing dyett business strategies, knowledge bases,
and scientific and medical research [13]. The widgrmgap between data and information calls
for a systematic development of data mining toolsctv will turn data tombs into “golden

nuggets"” of knowledge [13].

2.1 Data Mining Over View

Data mining involves an integration of techniquestf multiple disciplines such as database
technology, statistics, machine learning, high @enance computing, pattern recognition, neural
networks, data visualization, information retrievialage and signal processing, and spatial data
analysis [14].

As Berry and Linoff [15] stated, data mining usyathiakes sense when there is huge amount of
data. On account of this reason most of #igorithms developed for data mining

purpose requires large volume of data sotoaduild and train models that are intended
to be used for different tasks of data ngnisuch as classification, clustering, and
association rule discovery. The rationale behthe need for bulky data is simple and

straightforward, small training data resultsunreliable generalizations based on chance
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patterns. As a result, most data mining tools dgdrithms demand large amount of training

data (data used for building a model) in orderdnagate unbiased models [15].

In healthcare, “data mining is becoming increasimipular, if not increasingly essential” [16].
Several factors have motivated the use of datanmiapplications in healthcare. The existence
of medical insurance fraud and abuse, for exanfjae,led many healthcare insurers to attempt
to reduce their losses by using data mining toolsielp them find and track offenders [17].
Fraud detection using data mining applications risvalent in the commercial world, in the
detection of fraudulent credit card transactionscehtly, there have been reports of successful
data mining applications in healthcare fraud angsaldetection [18]. Another factor is that the
huge amounts of data generated by healthcare ttzossare too complex and voluminous to be
processed and analyzed by traditional methods P&fa mining can improve decision-making
by discovering patterns and trends in large amooht®mplex data. Such analysis has become
increasingly essential as financial pressures haeghtened the need for healthcare
organizations to make decisions based on the asabysclinical and financial data. Insights
gained from data mining can influence cost, reveand operating efficiency while maintaining
a high level of care [16]. Benko and Wilson [19%@largue that healthcare organizations that

perform data mining are better positioned to mieeir fong-term needs.

2.2. Data Mining and Knowledge Discovery in a Datadse

Data mining techniques can highly be importantim health sector as this sector generates huge
and complex volume of data which makes umaated analysis impractical and

expensive [20].

In real world of healthcare exist insurance fraaioise and other related problems and data
mining techniques can be applied to deteathsbehaviors by generating information
which can be important for all stakeholdeZ8]] Data Mining techniques can serve the
health sector in a number of applications suchvakiating treatment effectiveness, health care
management, the analysis of relationships d&etwpatients and providers of care,

pharmacovigilance, fraud and abuse detectifi]. [

The aim of data mining is to discover hiddand interesting patterns in data. Those

patterns may not be easily recognized usingtteedl method [21]. Data mining techniques
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can also be applied in the health sector to boteeebody of knowledge that might be helpful in
identifying possible healthcare risks so as to uatte measures to mitigate probability of the

problems before they happen [22].

Across a wide variety of fields, data are beingemtéd and accumulated at a dramatic pace.
There is an urgent need for a new generation ofpotational theories and tools to assist
humans in extracting useful information (knowleddge)m the rapidly growing volumes of
digital data. These theories and tools are theestlpf the emerging field of knowledge
discovery in databases (KDD) [22].

With the emphasis on collected data increasingratabe world, there is an urgent need for a
new generation of different techniques, methods agdrithms to assist researchers, analysts,
decision makers and managers in extracting useftéqms from the rapidly growing volumes of
data [22]. These techniques and tools are the cubjethe emerging field of knowledge
discovery in databases (KDD). KDD has evolved fiateraction and cooperation among such
different fields as machine learning, pattern redtgn, database, statistics, Artificial
Intelligence, knowledge representation, and knogeéedcquisition for intelligent systems. The
main idea in KDD is to discover a high level knotge (abstract knowledge) from lower levels
of relatively raw data, or to discover a higherdkuf interpretation and abstraction than those

previously known [22].

The knowledge discovery process (KDP), also cadlieolwledge discovery in databases, seeks
new knowledge in some application domain. It iSrtef as the nontrivial process of identifying
valid, novel, potentially useful, and ultimatelyderstandable patterns in data [23]. The process
generalizes to non-database sources of data, ghlthituemphasizes databases as a primary
source of data. It consists of many steps (onénemtis DM), each attempting to complete a
particular discovery task and each accomplishedhey application of a discovery method.
Knowledge discovery concerns the entire knowleddeaetion process, including how data are
stored and accessed, how to use efficient andldeaddgorithms to analyze massive datasets,
how to interpret and visualize the results, and bmwmodel and support the interaction between
human and machine. It also concerns support fonileg and analyzing the application domain
[23].
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2.3 Data Mining Methodology

The ultimate goal of the KD Process (henceforth KBi®del is to achieve overall integration of
the entire process with industrial standards. Aeotimportant objective is to provide
interoperability and compatibility between the difnt software systems and platforms used
throughout the process. Integrated and interoperabbdels would serve the end user in
automating, or more realistically semi-automatimgyrk with KD systems. The efforts to

establish a KDP model were initiated in acadenvd.[2

Although, the models usually emphasize independ&ooe specific applications and tools, they
can be broadly divided into those that take intcoaat industrial issues and those that do not.
However, the academic models, which usually arecnaterned with industrial issues, can be
made applicable relatively easily in the industsatting and vice versa. The researcher restricts
our discussion to those models that have been poped in the literature and have been used in

real KD projects which is proper to the researchbdsiness domain.

2.3.1. Hybrid Model

As mentioned earlier under chapter one the researchs employed a hybrid Data mining
Model that is, Knowledge Discovery Process (KDPY dross-Industry Standard process
(CRISP DM) to achieve the general as well as trexifip objectives of the entire research.
Hybrid Data mining model provides more general, daesh-oriented description of steps in
knowledge discovery process. It also does emphdsbieeiterative features of the process,
drawing experience from previous models and it sugpacademia and Industrial data mining

projects.

The development of academic and industrial models led to the development of hybrid
models, i.e., models that combine aspects of botle such model is a six-step KDP model
developed by Cioset.et-a.[24] (see Figure 2.1)ual$ developed based on the CRISP-DM model
by adopting it to academic research [24- 26].

A hybrid of the above-mentioned approaches maydsidered in determining a suitable goal

for DM. All KDD model process models emphasiseiteeative nature of the process that a DM
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application is conducted. Typically, goals are sield, an experiment is conducted, based on
results at each stage, a step is revisited or ntovie next step [26].

The iterative nature of KDD model process modelsvalretracting and considering different
approaches/paths (goals, techniques and methodsholucting a DM experiment as a way to
address this uncertainty. This approach, howesgenpt optimal and results in a trial-and-error
process, which is resource-intensive and risky wiih guarantee of favourable results.
Approaches to minimise unsuccessful attempts aadige certain guarantees would be highly
beneficial [26, 27].

Understanding of
. the Problem

" " Input Data
Understanding of || g
' the Data < : (database. images, video, semi-
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Dalta

A v

— Data Mining
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Use of the Discovered . Extend knowledge to
Knowledge other domains

Knowledge

(patterns, rules. clusters.
classification. associations, etc.)

Figure 2.1: Hybrid Process Model
A description of tasks at each step in the sixsstéhybrid KDP model are given as follows:

» Understanding of the problem domain:This initial step involves working closely with
domain experts to define the problem and deterrthieeproject goals, identifying key

people, and learning about current solutions tgtioblem.

* Understanding of the data: This step includes collecting sample data and dilegi
which data, including format and size, will be neg@dBackground knowledge can be
used to guide these efforts.
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» Preparation of the data: This step concerns deciding which data will beduae input

for DM methods in the subsequent step.

» Data mining: Here the data miner uses various DM methods twvel&nowledge from

preprocessed data.

» Evaluation of the discovered knowledgeEvaluation includes understanding the results,
checking whether the discovered knowledge is namdlinteresting, interpretation of the
results by domain experts, and checking the impfitte discovered knowledge.

» Use of the discovered knowledgerhis final step consists of planning where and how
use the discovered knowledge. The application @methe current domain may be

extended to other domains.

2.4. Data mining technique

2.4.1 Descriptive Model

Description and visualization can contribute grestlvards understanding a data set, specially a
large one, and detecting hidden patterns in dafseaally complicated data containing complex

and non-linear interactions [15].

Descriptive model enable us to find natural grogpirof the data and patterns that are

interpretable and understandable by human beimgsther words, one can easily note that a
descriptive model presents the main features otfihta. It is essentially a summary of the data,
permitting us to study the most important aspetthe data without their being masked by the

sheer size of the data set. It is finding humaarpretable patterns, associations or correlations
describing the data [22,27 ].

Han and Kamber [13] also used another term “segplgrdttern mining” to refer to this type of

frequent pattern mining in which searches are ntaddiscover for frequent subsequences in a
sequence dataset where attribute values show ogdefievents. However, both clustering and
sequential pattern mining are among the many viariah descriptive methods that can be

applied when they are found fit for data miningemiijves.
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2.4.1.1. Association Rule Discovery

Association rules are a set of techniques, as #menimplies, that aim to find association
relationships in the data [28]. Association rulenimg falls under the descriptive category.
Association rules aim in extracting important ctatien among the data items in the databases.
Zhang et al. [29]. Have given association miningthmnds and the importance of rule
interestingness measures. Association rule, basieakracts the patterns from the database
based on the two measures such as minimum suppdrnaimum confidence. To select the
best measures for mining rules based on constrsurats as multiple criteria is discussed in [30].
The support and confidence measures are statechweiJand Micheline [31]. For mining
frequent item set mining and association rule getianr.
Support:
The rule® = ® holds in the transaction set D with support s, rehe is the percentage of
transactions in D containing AU D

Support (A-B) =P (AUB).
Confidence:
The rule (A- B) has confidence c in the transactienD, where c is the percentage of
transactions in D containing A that also contains B

Confidence (A-B) =P (B\A)
In general, association rule mining can be viewsed awo-step process. The first step is
generating all item sets having support factor tgrethan or equal to, the user specified
minimum support. This is followed by generatingrales having the confidence factor greater

than or equal to the user specified minimum comfoee

2.4.1.2. Association Rule Mining Algorithm

Association rule mining is performed using differatgorithms of which The Naive Algorithm

and Apriori Algorithm are most common.

Association algorithms used for the extraction ssagiation rules from a set of transactions in
TID-itemset format mine frequent itemset eitheeafjenerating candidate itemset or without
generating candidate itemset. Algorithms which gatee candidate itemset for mining

association rules usually have two successive ghimserder to result into association rules.

First, they find the frequent item sets. The aingeherating frequent itemsets is to extract all
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sets of items from the transaction whose percentdgeccurrence is greater than a certain

minimum support %n value. Since the data may consist of millions ahsgactions, and the

algorithm may have to count huge number of poténtiequent (candidate) item sets to
identify the frequent ones, this phase will be cataponally expensive and challenging. Next,
strong rules can be generated directly from thquieat item sets by taking those items whose
confidence is greater than a minimum thresholdev§?4, 44, and 56]. Confidence as a measure
of strength of a rule is the percentage of transastin which the consequent is true when the

antecedent is true.

The Apriori algorithm

The Apriori algorithm uses prior knowledge aboutimportant property of frequent itemsets—
hence its name. The Apriori algorithm takes adwgataf the Apriori property to shrink the
search space. The Apriori property states that itemset T is not frequent, then adding another
item A to the itemset T will not make T more frequeThat is, if T is not frequent, T U A will
not be frequent [56]. If a given itemset is notgiment i.e. if it does not satisfy the minimum
support threshold, any superset of this itemsdtalsb be infrequent [24]. The Apriori property
is an antimonotone property i.e. if a set cannbsfyaa property, all of its supersets will alsd fa
the same test. This helpful property is used tacedhe number of itemsets (the search space)
that must be searched in every subsequent seardmdofrequent itemsets. The Apriori
algorithm performs repeated search for frequentstds through the candidate itemsets, starting
with 1-itemsets, through 2-itemsets, 3-itemsets @tied [24, 44]. According to Cios et al. [24],

the Apriori algorithm will follow the steps listdaelow in order to generate frequent itemsets.

— First finds all 1-itemsets
— Next, finds among them a set of frequent 1-itdsdel

— Next extends L1 to generate 2-itemsetls (a@ndidate itemsets each with 2 items)

— Next finds among these 2-itemsets a set of freRtemsets, L2

— and repeats the process to obtain L3, L4, etc.
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2.4.2. Predictive Methods

Predictive data mining is the process of autombyicaeating a classification model from a set
of examples, called the training set, which beldioga set of classes. Once a model is created, it
can be used to automatically predict the classtbérounclassified examples [33].Predictive
mining tasks, on the other hand, perform inferencethe current data in order to make
predictions [31].Moreover, Predictive techniquesmathods focus on building a model that will
permit the value of one attribute to be predictednfthe known values of other attributes. It was
observed that these methods could make use ofypres tof techniques on the bases of the type
of values the designated attribute will assume. flilsé of these techniques used in predictive
methods is classification which is appropriate wheesignated attribute is categorical.
Numerical prediction (often called regression) m®ther method in which a model is built to

predict a numeric value [34].

2.4.2.1 Classification

As stated by Han & Kamber [35], classification isv@-step process: learning and classification.
During learning, a classifier is built describingpeedetermined set of classes. The classification
algorithm builds the classifier by analyzing aniag set and their associated class labels. The
learned model or classifier is represented in tmnfof classification rules. The accuracy of the
classification rules is estimated using test datie accuracy is considered acceptable, the rules

can be applied to the classification of new dapdets!

Classification and regression are two data analymmethods which determine important data
classes or may construct models which can prediciré data trends. The classification task
predicts categorical values. For instance, while ttassification model is constructed to
categorize whether the bank loan applications afe er risky, the regression model may be
constructed to predict the spending of clients bgycomputer products whose income and

occupation are given [36, 37].

In the classification and regression models thiowhg techniques are mainly used: Decision
Trees, Artificial Neural Networks, Genetics Algdwin, 4-K-Nearest Neighbor, Memory Based

Reasoning and Navie Bayes are the mainly useditpodss of in classification and regression
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models [38]. In this study only two classificatitechniques selected by the researcher based on

different benefits and advantages as stated helerun

2.4.2.1.1. Decision Trees technique

Decision trees provide a graphical representatioa wee with conditions associated to nodes

that permit to classify a new instance in a prewsfiset of classes [39].

Decision tree are like those used in decision aslyhere each non-terminal node represents a
test or decision on the data item considered. Daipgron the outcome of the test, one chooses a
certain branch. To classify a particular data iteme would start at the root node and follow the
assertions down until a terminal node (or leafydached; at that point, a decision is made.
Decision tree can also be interpreted as a spémial of a rule set, characterized by their

hierarchical organization of rules [40].

Decision tree consists of nodes and branches cbngethe nodes. The nodes located at the
bottom of the tree are called leaves and indidatgses (see Figure 2.2). The top node in the tree,
called the root, contains all training exampleg #ra to be divided into classes. All nodes except
the leaves are called decision nodes, since thegifgpdecision to be performed at this node
based on a single feature. Each decision node hagmder of children nodes, equal to the
number of values that a given feature assumesde¥ision tree algorithms are based on Hunt'’s
fundamental algorithm of concept learning. Thisoalpm embodies a method used by humans
when learning simple concepts, namely, finding ldigtinguishing features between two
Categories, represented by positive and negatinaénifig) examples. Hunt's algorithms are
based on a divide and conquer strategy. The taskds/ide the set S, consisting of n examples
belonging to c classes, into disjoint subsets thaate a partition of the data into subsets
containing examples from one class only. The follm\pseudo code summarizes the algorithm
[23].
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Leaf node Leaf node Leaf node Leaf node

Figure 2.2: A Simple decision tree

2.4.2.1.2. Naive Bayes algorithm

Naive Bayes classifier: Provides an adaptive diasghat can improve initial knowledge-based
predictions for the class of a new instance byniefj the model on the basis of the evidences

provided by the whole history of processed cas8 [3

Bayesian classifiers are statistical classifielseyl can predict class membership probabilities,
such as the probability that a given tuple beldiogs particular class [34]. Naive Bayes is a type
of supervised-learning module that contains exasmpie¢he input-target mapping the model tries
to learn. Such models make predictions about nea& blased on the examination of previous
data. The Naive Bayes algorithm uses the mathesatic Bayes' Theorem to make its

predictions [34].

Bayes' Theorem is about conditional probabilitiksstates that the probability of a particular
Predicted event, given the evidence in this ingareccomputed from three other numbers: the

Probability of that prediction in similar situat®im general, ignoring the specific evidence (this
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is called the prior probability); times the prodapiof seeing the evidence we have here, given
that the particular prediction is correct; dividedy the sum, for each possible
prediction(including the present one), of a simifaoduct for that prediction (that is, the
probability of that Prediction in general, times tprobability of seeing the current evidence

given that possible prediction) [34].

According to Han and Kamber [13], the naive Bayesiassifier works as follows:

 Let D be a training set of instances and their @ased class labels. As usual, each
instance is represented by an n-dimensional at&rimector, X = (x1, x2, ... ,xn),
depicting n measurements made on the instance rirattributes, respectively, Al, A2,
.., An.

» Suppose that there are m classes, C1, C2, ... , @Qren@n instance, X, the classifier
will predict that X belongs to the class having thighest posterior probability,
conditioned on X. That is, the naive Bayesian d@sspredicts those instances X
belongs to the class € and only if

P(Ci/x) = P(x/Ci)P(Ci)
P(X)

» As P(X) is constant for all classes, only P (X/@€i)XCi) needs to be maximized. If the
class prior probabilities are not known, then it@nmonly assumed that the classes are
equally likely, that is, P (C1) = P (C2) = ... = Pn({; and we would therefore maximize
P (X/Ci). Otherwise, we maximize P (X/Ci) P (Ci)ote that the class prior probabilities
may be estimated by P (Ci)=|Ci,D|/|D|, where |Gshe number of training instances of

class Ciin D.

» Given datasets with many attributes, it would biresrely computationally expensive to
compute P (X/Ci). In order to reduce computationewaluating P(X/Ci), the naive
assumption of class conditional independence isemalis presumes that the values of
the attributes are conditionally independent of anether, given the class label of the

instance (i.e., that there is no dependence rakttips among the attributes). Thus,
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P(X/ ) = TT, pCxIe/Ce)
= P(x/C) * P(x/C) * ... * P(x IC)

We can easily estimate the probabilities P(x1/E{2/Ci), ... , P(xn/Ci) from the training

instances. Recall that here xk refers to the vafwtribute Ak for instance X.

* In order to predict the class label of X, P (X/€i)Ci) is evaluated for each class Ci. The

classifier predicts that the class label of inséaXds the class Ci if and only if
P(X/Ci) P(Ci) > P(X/C)) P(Cj) for Kj<m, j#1i
In other words, the predicted class label is ths<ICi for which P(X/Ci) P(Ci) is the maximum.

The Naive Bayes algorithm gives us a way of conmigjrthe prior probability and conditional
probabilities in a single formula, which can bedise calculate the probability of each of the
possible classifications in turn. Having done tthe, class with the largest value will be selected

as the class of the new instance [41].

2.4.2.1.3. Rule Induction algorithm

As pointed by Larose Daniel [42] decision rule t@nconstructed from a decision tree simply by
following a given path from the root node to anwgfleThe complete set of decision rules

generated from a class labeled dataset serve the parpose as decision tree. Thus, decision
rules are also called as classification rules [Bddicating that the rules can be used to predict

the class of an unseen instance.

Rule induction algorithms generate a model as afsailes logically ANDed together to form
the rule antecedent (“IF” part) and the rule consed (“THEN” part). The antecedent consists
of the attribute values from the branches takermpéicular path through the tree, while the
consequent consists of the class value for thestatribute given by the particular leaf node
[42].

PART algorithm combines the divide-and-conquernsgy (the top-down approach) for decision
tree construction with the separate-and-conqueroagp for rule learning. The separate-and-

conquer strategy first builds a rule and then rezsahose instances that the rule covers. These
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consecutive activities continue recursively for teenaining instances until none are left which
generates sets of rules called ‘decision listsomlered set of rules. On the other hand, in the
partial decision tree, a pruned decision tree ik fmr part of the training instances, the leatiwi
the largest coverage is made into a rule, andrdeei$ discarded. Using partial decision trees in
conjunction with the separate-and-conquer methapolmdds flexibility and speed. A partial
decision tree is an ordinary decision tree thattaios branches to undefined sub trees. During
the generation of such a tree, construction andipguoperations are integrated in order to find a
“stable” sub tree that cannot be simplified furth@nce this sub tree has been found, tree

building ceases and a single rule is read off [2].

2.5. Model Evaluation Parameters

Evaluating the performance of a data mining teammidgs an essential feature of machine
learning. Evaluation method is the benchmark tarera the efficiency and performance of any

model. The evaluation is important for understagdime quality of the model or technique, foe

refining parameters in the iterative processesafring and for selecting the most acceptable
model or techniques. Therefore, Data mingngpblems involving classification, it is very commto

measure classifiers performance in terms of thar eate or misclassification rate [43].

The classifier predicts class label of each instarand if it is correct, it is counted as success,
else counted as error. Evaluating the accuracygusmining datasets derive a classifier or
predictor to be likely misleading due to overspkzagion of the learning algorithms to the data
[43, 44]. For this reason it is better to assessethor rate based on independent test dataset that
have no role in classifier datasets. Both, trairdata and the test data, needs to be representative
sample of the problem [43]. For measuring accuraty classifier, there are a number of
techniques such as the holdout, random sub-sampbogtstrap and k-fold cross-validation,
where the dataset is divided in to training andingsto train and test the classifier respectively
[44].

As stated byan Witten and Eib§43] the holdout method reserves a certain amount tdngees
for training and uses the remainder for testingd(aets part of that aside for validation, if
required). In real-world terms, it is common todolut one-third of the data for testing and use

the remaining two-thirds for training. Bootstrapbissed on the statistical procedure of sampling
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with replacement [43]. The bootstrap procedure bmayhe best way of estimating the error rate
for very small datasets.

In K-fold cross validation technique, one decide ttumber of fold (partitions of the data) and
then the data is split in to K approximately eqoaittitions; and thus K-1/K and 1/K partition in
turn used for training and testing the classifespectively [43]. 10 fold cross validation is the
most commonly used data partitioning techniquetfaning and testing a classifier. Extensive
tests on numerous different datasets, with diffefearning techniques, have shown that ten is
the right number of folds to get the best estinfterror, and there is also some theoretical
evidence that backs this up [43]. Although theggigrents are by no means conclusive, and 42
debate continues to rage in machine learning ana oh@ning circles about what is the best
scheme for evaluation, tenfold cross-validation basome the standard method in practical
terms [43]. Accordingly, ten-fold cross validatimnselected for this research to train and test the
classifier models.

2.5.1. Confusion Matrix

Confusion matrix is a tool for analyzing how wdiktclassifier can recognize tuples of different
classes [43]. Throughout this section the invettighad tacitly assumed that the goal of the
performance evaluation was to maximize the succats of the predictive model for ART
dataset.

As stated by Vinterbo, S. A. [45] Predictive modais evaluated in terms of correctness, often
referred to as performance, and applicability. Treeformance measures are almost always
geared towards the evaluation of an instance obdeirtype, and are almost always realization
method independent. Applicability measures alsdainrmeasures that apply to the model type
itself, pertaining to the need of models to be eatdd in terms of their context [45].

Once a predictive model is developed using the AlRfRset, the model should be checked as to
how it will perform for the future data which, iad not seen during the model building process.
The researcher used three different DM classifirshniques and tool to build the predictive
model and in order to evaluate the performancehef hodel, confusion matrix and ROC
analysis were used.
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Moreover, the confusion matrix is a useful tool &malyzing how well the researcher’s classifier
can recognize tuples of different classes. Thewahg procedures and rules were implemented
to confirm the model performance evaluation for theults of the predicted model of ART
Initiation Time. Given M classes; a confusion mats a table of at least size M by M. An entry,
CM;,; in the first M rows and M columns indicates themier of tuples of classthat were
labeled by the classifier as clgsg-or a classifier to have good accuracy, idealbstrof the
tuples would be represented along the diagonah@fcbnfusion matrix, from entry CM; to
entry CMn,m, With the rest of the entries being close to 46).

In building a classification model, the confusioatnx provides a quick understanding of model
accuracy and the types of errors the model makeswhoring records. It is the result of a test
task for classification models [47].

Table 2.1: Confusion Matrix

Predicted Class

Yes No
©
JCINY))
L &8 Yes P FN
T =
® 0O
a No FP P

A confusion matrix table as shown above of size byo two, the following measures can be
calculated to measure predicted pattern of the ARflation time model for ART dataset’'s
accuracy of the model, True Positive Rate, Falsetive Rate, Accuracy, Precision ,Recall, F-
measure and ROC Curve.

The True Positive Rateof a classifier is expected by dividing the corlectassified positives
by the total positive count.

TF
TP+FN

Truue Positive Rate =

The True Negative Rateof a classifier is estimated by dividing the inemtly classified

negatives by the total negatives count.

38



™
TN+FP

True Negative Rate=

The Accuracy of a classifier is projected by dividing the totalrrectly classified positives and

negatives instances by the total number of samples.

TP+TN
TP+TN+FP+FN

Accuracy =

Precisionis calculated by dividing correctly classified tausces by the total number of correctly

and incorrectly classified samples.

TP
TP+FP

Precision—

F-Measureis calculated as the harmonic mean of recall aadigion.

2
F-Measure= 1 1

Precision Recall

2.5.2. ROC Curve

Receiver Operating Characteristicsabbreviated as ROC curves are a useful visuaftool
comparing two classification models. a term usesignal detection to characterize the tradeoff
between hit rate and false-alarm rate over a nchayinel [44].

ROC curves depict the performance of a classifighout regard to class distribution or error
costs [44]. They plot the true positive rate on Ykeetical axis against the false positive rate on
the horizontal axis [44].. The former is the numbgpositives included in the sample, expressed
as a percentage of the total number of positifv€sRate = 100 x TP/ (TP + F; the latter is
the number of false positives included in the sanpkpressed as a percentage of the total
number of negatived=P Rate = 100 x FP/ (FP + TIN. A sample ROC curve representing the
percentage of true positives and false positivgsrésented in the figure below. The plot also
shows a diagonal line where for every true posittesuch a model, there is more likely to
encounter a false positive. Thus, the closer th€ R@rve of a model is to the diagonal line, the
less accurate the model. If the model is reallydgaaitially we are more likely to encounter true
positives as we move down the ranked list. Thus,clirve would move steeply up from zero.

Later, as we start to encounter fewer and fewer pasitives, and more and more false positives,
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the curve cases off and becomes more horizontaksBess the accuracy of a model, we can
measure the area under the curve. The closer the iar to 0.5, the less accurate the

corresponding model is. A model with perfect accynaill have an area of 1.0.
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Figure 2.3: A Sample ROC Curve
2.6. Related works

2.6.1. Data mining application in Health Care

Medical data mining has been applied for accurddéssdication and rapid prediction for
prognosis and diagnosis of patients in a spectalmedical area [48]. It has been also used for
training unspecialized doctors to solve a speatfiagnostic problem [49]. Among several
algorithms for classification and prediction tastsgecision tree is one of the most frequently
used techniques in medical data mining area. Whike easy to find many cases to prove the
decision tree to be useful in the business dontaedecision tree enables to predict prognoses
and diagnoses in the domain of medicine, usinggteetured models or in the form of ‘IF
condition-based-on attribute-values THEN outcomiet/a to identify useful features of

importance.

2.6.2 Mining HIV/AIDS database
Different studies have been conducted to assesapbiécability of data mining on HIV/AIDS

with various objectives [50, 51].
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In Thailand, Wipada Chanthaweethip and Sumanata@fjaconduct a research on Temporal
Data Mining and Visualization for Treatment Outcofediction in HIV Patients in order to
assist physicians monitoring HIV patients. Tempalaia mining in this study has been applied
to current patients being treated with ARV at HIWN ANN calculates the importance of a
variable in achieving predicted results [50]. Fypathe researchers have indicated that the aim
of their investigation has been achieved as vizaatin can provide overview monitoring by
predicting treatment outcome. They have conclutat ‘User can see their patients who follow
up at the clinic and can detect the event earieen for patients who do not visit at the clinic.
This allows physicians to perform actions to prévamevent that may affect treatment efficacy
[50].

The relationships of social, economic, and headite evorkforce and other factors on HIV/AIDS
prevalence rates among the 194 countries weretigaésd using data derived from WHO and
NGO sources. CART is used for prediction of theelsvof HIV/AIDS prevalence rates after
merging the data from the various data sourcesan&file at the country level for analysis. The
results of study of the countries show that phgsicdensity is the first key discriminator
between high and low HIV/AIDS prevalence ratesanfiird ordinary least squares regression is
performed using some of the same variables us#@i€ART approach, with the intent to build

the best explanatory model [51].

The final model of Madigan et al. [51] revealed ttiae main factors in understanding
HIV/AIDS prevalence rates are physician densityoleked by female literacy rates and nursing
density in the country. In addition they argue tttateduce the impact of HIV/AIDS on health
care systems globally require a multi-faceted apgmolt may not be sufficient to simply request
more financial support without revising current aggrhes to train and retain nurses and
physicians and to increase female literacy. Govemten may want to consider programs
specifically targeted to strengthen and alterndtidéstribute the nursing workforce given that

their finding showed nurse density having an asgmei with HIV/AIDS prevalence rates [51].

Data mining research that examined the applicatbrdata mining technology to identify
determinant factors of HIV infection and to findeth association was conducted on 2005 by
Abraham [52]. Out of the initial 82 attributes ab@646 records, case taken Center for Disease
Control and Prevention (CDC), he used 19 attribtdeslecision tree classifier using knowledge
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SEEKER algorithm of Knowledge STUDIO to identifgkifactors. To generate association rule
using Apriori Algorithms of Weka tool, 9 attributaad 5267 clients’ records are used.

The above researcher attempted to find risk faatensg only general association rule which it
can bring any attribute in the consequent of tHe which may not be useful to identify most
risk factors. This research has attempted to iflediéterminants of HIV status by analyzing
HCT data pattern using different and recent dathraare variables so as to support the scaling
up of knowledge of HIV status. The techniques useillentify determinants of HIV status are
classification and association rule mining takiegandary data from ZVCT and OSSA-BHVCT
centers. To the knowledge of the researcher temsareh problem has not been attempted before.
Hence, this research is expected to contributet anlohe scaling up of HIV counseling and
testing [52].

A total of 250,000 records from HIV/AIDS patientere used to study the application of data
mining techniques with the purpose of utilizing theta mining results for the management of
HIV/AIDS in Thailand. IBM’s Intelligent Miner is usd for clustering and association rule
discover and clustering is used in order to idgndifaracteristics of categories of people affected
by the disease whereas association rule mining igentify symptoms that may follow a set of
existing ones. The study is assumed to be conimidpdior the identification of patterns that can
be used to target resources and for the monitarsfndpe disease. The findings of Vararuk et
al.[53] (2008) showed that clustering revealed gsoof patients with common characteristics
and errors in the data. Association rules idemtiigsociations that were not expected in the data
and are different from traditional reporting medisars utilized by medical practitioners. It also

allowed the identification of symptoms that co-s#xogether [53].

CRISP-DM methodology and clustering and classificatiata mining techniques were used by
Biru(2009), and attempted to investigate the applidty of data mining on VCT taking the case
of CDC. He used 56,486 dataset from 2002 to 200® dataset contains unbalance HIV
positive and negative clients’ data and after thtasket was balanced only 14793 records was

considered for his experiment. [53].
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2.6.3. Application of data mining in Antiretroviral Therapy

A research conducted by Teklu [55], applied cfassgtion and association rules using, J48 and
Apriori algorithms respectively, on a total numluéri8740 ART patients’ datasets in a study
that attempted to investigate the application ofadmining techniques on Antiretroviral
Treatment (ART) service with the purpose of idemtifj the determinant factors affecting the
termination/continuation of the service. The metilody employed to perform the research
work is CRISP-DM. Finally, the investigator provéeé applicability of data mining on ART by
identifying those factors causing the continuatioermination of the service [55].

A research conducted by Teklu [55], applied cfasgion and association rules using, J48 and
Apriori algorithms respectively, on a total numluéri8740 ART patients’ datasets in a study
that attempted to investigate the application ofadmining techniques on Antiretroviral
Treatment (ART) service with the purpose of idemtij the determinant factors affecting the
termination/continuation of the service. The metilody employed to perform the research
work is CRISP-DM. Finally the investigator provdtetapplicability of data mining on ART by

identifying those factors causing the continuatiorermination of the service [55].

As it can be seen from the ART related studies gotedl so far, it is possible to understand that
there is no finding in relation to predicting ARiiitiation optimal time. Therefore, this study
focuses on generating the association rules andtrtmting ART Initiation Time predictive
model that help physicians to decide which attebot patients should be associate with ART
Initiation Time which can help physicians to man&ye-ART patients’ follow up more quickly
and accurately.
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CHAPTER THREE
UNDERSTANDING AND PREPROCESSING ART
DATASET

3.1. Data Understanding

3.1.1. Description of the ART Data source

In order to achieve the objective of this reseaccitiecting representative subset of ART data is
a prerequisite. Therefore, Data involved in thisdgt were based on the electronic medical
records of HIV patients who were in follow up tmaant in the ART department of Adama and
Ambo Hospital ART Data bases. In both cases, tha Dase is in SQL server and has the same
format and interfaces through which the data clegs enter patient data and generate different
reports. A full backup of the database of the ARdswaken from both Hospitals’. Raw data of
18216 records and 81 attributes. As part of thesecwf dimensionality, there were lots of
missing values under some of the columns and tlere also data items such as different IDs,
Data values in date/time format which don’t serue purpose of mining. Moreover, there have
been attributes which are not clear for what thapd for and which the person who gave us the
data couldn’'t explain what they are for. Moreovitiere were attributes containing redundant
values such as birth date, birth date in Ethioatendar, Age in Months, Age in Years, etc.
Therefore describing each of them at this pointhiigpt be necessary as there were many of
them excluded as part of the tedious process w@nfell to filter out the more relevant attributes
that are important for analysis with the help ofm@an experts in the area and literatures done on

related areas.

3.1.2. Selection of ART Attribute

As stated by Deshpande and Thakare [48], decidmnip® data that will be used for the analysis
is based on several criteria, including its releeato the data mining goals, as well as quality
and technical constraints such as limits on dakarwe or data types. Therefore, in this thesis the
attribute are selected with the help of domain expad extensive literature review. Because

taking all the variables in the data base we himeg] them to the data mining tool and find those
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which are the best predictors may be does not werk well. Due to the time it takes to build a
model increases with the number of variables amdllyl including extraneous columns can lead

to incorrect models [49].

Generally, the ART dataset in both Hospitals ol#dioontains many attributes. To decide on the
relevant attributes for this study, it is necesgarigave out those attributes that are not impbrta

for analysis with the help of domain experts inasrthb simplify the task of modeling.

As described above, the following attributes wezkected from the entire data base: Age, Sex,
Marital Status, Education Level, Religion, Familkafhing, Occupation, OA Weight, OACD4,
OAWHO Stage and Initiation Time are the final stdecattributes which were prepared and
preprocessed as stated in the following sectionstsvn in table 3.1 below the description of
selected attributes, data types they take, listatiies or range of values of these attribute, are
given together with statistical summaries of thagbutes in data description and exploratory
data analysis section. The main objective of amadystatistical summaries of these selected
attributes is to see the distribution of each vadfiattributes in the dataset to identify errors
(noises) and discern whether there exist missitgegeor not before training and developing the

models.

Table 3.1 Selected attributes with their descriptia

s/no| Attributes | Meaning Values Data
Name type
1 Sex Sex of the Female, Male Nomina|
patient
2 Age Age of the Numeric Age Value Numeric
patient
3 Marital Marital Status of v" Never Married Nominal
Status the patient v' Married
v’ Living together
v" Divorced
v' Separated
v" Widower
v' Other
4 Educational | Educational v" No Education Nominal
Level Level of the v' Primary
patient v' Secondary
v' Tertiary
v' Other
5 Religion Religion of the v' Orthodox Nominal
patient v' Muslim
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v" Protestant
v Catholic
v' Other
6 Family Family Planning v' True Nominal
Planning Status of the v' False
patient
7 Occupation | Occupation of v" Employed Nominal
the patient v' Self Employed
v" Un Employed
v' Student
v' Other

8 | OA Weight | The weight of | Numeric values ranged as <24Numeric
the patient on | 122749, 50-73,74-98, 99-122,
P 123-146, >147

ART

9 OACDA4 The CD4 count Numeric
of the patient <200, 200-349,350-499,>=500
currently on the

ART
Stage 1 Nominal
10 | OAWHO WHO stage at Stage 2
Stage which the patient Stage 3
is on ART Stage 4
11 | Initiation Patients who Numeric values ranging from | Nominal
Time initiated ART at | <28 days (Immediate), 29-56
different days | days(Early),>=57 days(Delay).
range.

3.1.3. Selection of ART Instances

In order to build a predictive model for ART Iniian time requires selection of instances as
well. Thus, in addition to the removal of irrelevaattributes which were done based on the
attributes irrelevance to the prediction of ARTtiltion time, instances that have undergone all
HIV patients that are IN ART follow up alone werdexted from the databagaut of the 18216

follow up victims, 11615 cases were registered for ON ARTowlup. Even from this number

building a predictive model requires to give tharter algorithm with a training set that have all
instance whose outcome or dependent attributes(té®l) is not missing. Instance with missing
values for outcome class are not useful for predicinodel building in data mining because
classification algorithms of data mining learn howtance were classified under the different
classes. The classes are not existing means thetlig learns nothing from these instance. As

stated by Han and Kamber [44], records withoutsclabels (missing or not entered) should be
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ignored, provided that the data mining task invelvelassification. As this study uses
classification algorithms for the purpose of présiee model building, thel75 records without
class information were removed from subsequentyaaal The remaining dataset were then
havell1440records whose outcomes are distributed in oneeoftitee outcome categories. Thus,
the statistical summaries of attributes also releva the data mining objectives are on those
11440records.

3.1.4. Exploratory Data Analysis

Descriptive data summarization techniques can bkd ts identify the typical properties of your
data and highlight which data values should bedrttas noise or outliers [44].The exploratory
data analysis is performed to detect bad dataitebutes with the missing values and wrong
entries or noises and inconsistency in valuestabates. In addition, through this technique it

enables to facilitate the next phases of data pa¢ipa.

In this study, the attributes description, dataetymnit of measurement and list of values or range
of values are depicted with the use of frequentetafor (3) Numeric and (8) categorical
variables as follows. The frequency tables for #dedected attributes show the original
distribution of values of attributes in instancésh® dataset before any preprocessing is done on

the dataset.

Sex Attribute: The sex attributes describes the sex of the gatigs a nominal valued attribute
the values to this attribute are Female and Madbld&l 3.2.shows the statistical summary of these

values the attribute has assumed in the dataset.

Table 3.2: Statistical summary for the Sex Attribue in the Dataset

Sex Frequency Percent
Valid Female 6593 57.6
Male 4779 41.8
Missing values 68 0.6
Errors/noises 0 0
Total 11440 100

Age Attribute: is an attribute used to show the age of indivighadients that registered for ART
follow up treatment in the hospital ART care seevitata base. Its IQR is 12. The most frequent
age value is 30 years. The number of missing vialuéhe attribute is 1364.The missing values
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can be replaced by mean age which is 35 yearsniitmber of values which were found outliers
is 226. The researcher decision on the outlier to remowe raplaced by the mean value (35
years).

Table 3.3: Statistical summary for the Age Attributein the Dataset

Age Attribute: Numeric

Attributes Frequency Percent
Valid 10685 93.4
Missing 1364 11.9
Mean 35.05 0.3
Median 33.00 0.28
Mode 30 0.26
Std. Deviation 14.839 0.12
Variance 220.204 1.92
Range 892 7.79
Minimum 18 0.15
Maximum 910 7.95
Percent 25 28.00 0.24
ilos 50 33.00 0.28

75 40.00 0.34

Box plot graph is also plotted to visually depice toutliers. The third quartile (Q3) is 40; the
first quartile (Q1) is 28. The Inter Quartile Ran@@R) is 12 as presented in the above table.
1.5*IQR is 18 years. Therefore, 40+18 is 58 yearshe upper limit for outliers so that age
values beyond 58 years are treated as outliersthedower limit is Q1-(1.5*IQR) which is 28-
18=10. So Age values bellow 10 years can be coresidautliers in this dataset.

Marital Status Attribute : is an attribute used to show the Marital Statugdividual patient
that registered for ART follow up in the hospitaRA care service data base. It is nominal
valued attribute and includes values Mever Married, Married, Living together, Divorced,
Widower and OtherTable 3.4 shows the statistical summary of thedeegathe attribute has

assumed in the dataset.
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Table 3.4: Statistical summary for the Marital Status attribute in the Dataset

Marital Status Frequency Percent
Never Married 1449 12.6
Married 5532 48.4
Living together 1023 8.9
Valid Divorce 1025 9.0
Separate 1459 12.8
Widower 6 0.1
Other 903 7.9
Missing values 43 0.4
Errors/noises 0 0
Total 11440 100

Educational Level Attribute: The educational level attribute used to show linel of

education the patient has acquired. It assumesobribe five nominal values such as No

education, Primary, Secondary, Tertiary and Other.

Table 3.5: Statistical summary for the Educationalevel Attribute in the Dataset

Educational Level Frequency Percent

No Education 3396 2.0
Primary 3727 32.6
Secondary 2147 18.8

Valid Tertiary 1115 9.7
Other 822 7.2

Missing values 233 2.0

Errors/noises 0 0

Total 11440 100

Religion Attribute: It indicates the religion of the patient. The \dalialues of this attribute are

nominal as follows: Orthodox, Muslim, Protestanatiidlic and Other.

Table 3.6: Statistical summary for the Religion Attibute in the Dataset

Religion Frequency Percent
Orthodox 7241 63.3
Muslim 1281 11.2
Protestant 2263 19.8
Valid Catholic 27 0.2
Other 402 3.5
Missing values 226 2.0
Errors/noises 0 0
Total 11440 100
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Family Planning Attribute: This attribute indicates the Family Planning staitishe patient.
Like the other attributes it assumes valid nomisdibes such as True and False. Table 3.7 shows

the statistical summary of these values the atgibas assumed in the dataset.

Table 3.7: Statistical summary for the Family Planing Attribute in the Dataset

Family Planning Frequency Percent
True 3321 29
Valid False 7995 69.9
Missing values 124 1.1
Errors/noises 0 0
Total 11440 100

Occupation Attribute: This attribute mainly indicates the occupationtlodé patient. Like the
other attributes it assumes valid nominal valueshsas Employed, Self-Employed, Un
Employed, Student and Other. Table 3.8 shows thgsttal summary of these values the

attribute has assumed in the dataset.

Table 3.8 Statistical summary for the Occupation Atribute in the Dataset

Occupation Frequency Percent
Employed 1913 16.7
Self Employed 3899 34.1
Un Employed 3905 34.1
Valid Student 238 2.1
Other 1110 9.7
Missing values 375 3.3
Errors/noises 0 0
Total 11440 100

OA Weight Attribute : The OA weight attribute indicates the weight loé fpatient on the ART
service registered data base. It is Numeric dade &ttribute and Its Inter Quartile Range (IQR)
is 53 as shown in the table below 1.5*IQR is 7%8&rg. Therefore, 53+79.5 is 132.5 is the upper
limit for outliers i.e OAWeight value beyond 13X§. are treated as outliers. For the lower limit
is Q1-(1.5*IQR) which is 0-79.5 = -79.5. So OAWeiglalues bellow -79.5 years can be
considered outliers in this dataset. Table 3.9 shthe statistically summary of the OAweight

attribute.
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Table 3.9: Statistical summary for the OA Weight Atribute in the Dataset

OAWeight Attribute: Numeric
Valid 10149
Missing 1291
Mean 37.91
Median 46.50
Mode 0.0
Std. Deviation 26.66
Variance 821.43
Range 1260
Minimum -450
Maximum 810

25 0..0
Percentiles 50 46.50

75 53.00

OACD4 Attribute : OACD4 is an attribute which refers to the CD4 mioof the patient who are

in the care. It has 932 distinct values. The masjdent value for OACD4 is 0 to mean the CD4

count is not done for those patients. The reseamhesidered these values as missing values
based on the discussion with domain experts. Thenmalue is 155 as calculated non 0 (non

valid value). The zero value decided to be repldogdhe mean value. The attribute needs

discretization as its distinct values are too musle can see table 3.10 below for important

statistical summary. The frequency table is togyleimce we have 932 distinct values.to detect
records with outlier values, five number summaryg\dane on the none zero values i.e. only for
those patients CD4 count was made accordingly;@ asd Q3 is 126.the number of records

detected as outlier w&56.

Table 3.10: Statistical summary for the OACD4 Attribute in the Dataset

OACDA4Attribute: Numeric
Valid 11440
Missing 0
Mean 155.11
Median 0.0
Mode 0
Std. Deviation 441.65
Variance 195062.83
Range 8000
Minimum 0
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Maximum 8000
25 0
Percentiles 50 0
75 126
IQR 126
1.5*IQR 189
Upper limit 315

The Box plot graph is also drawn for OACD4 attribirt effort to find the outlier values for the
attribute. The values we have above Q3 + (1.5*IQ&) be consider as outlier values as many
literature recommends. In this case 126+189 =3Ierdfore, values for the attribute will be

removed and replaced by the mean value (155).

OAWHO Stage Attribute: Is an attribute used to show the OAWHO Stagendividual patient
that registered for ART follow up in the hospitaRA care service data base. It is categorical
valued attribute and includes values Stage |, Stiagitage 11l and Stage IV. Table 3.11 shows

the statistical summary of these values the atgibas assumed in the dataset.

Table 3.11: Statistical summary for theOAWHO Stage Attribute in the Dataset

OAWHO Stage Frequency Percent

Stage | 1096 9.6

Stage |l 3198 28.0

_ Stage I 3561 31.1

Valid Stage IV 3585 31.3
Missing values 0 0
Errors/noises 0 0

Total 11440 100

Initiation Time Attribute: Initiation Time attribute is a derived attributerih ART Registration
date and ART Start date of the patient. It is daled as (ART Registration date of a patient-
ART Start date of a patient) and named as Duraitiodays of a patient and have values
“Immediate ART”, “Early ART”, and “Delayed ART” sthat more general information will be

obtained related to the Initiation time of the pats.
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Table 3.12: Statistical summary for the Initiation Time Attribute in the Dataset

Initiation Time Frequency Percent
<=28 8828 77.2

Valid 29-56 1186 10.4
>=57 1426 15

Missing values 0 0

Errors/noises 0 0

Total 11440 100

3.2. Data Preparation and Preprocessing

The outcome of data mining and knowledge discovesgvily depends on the quality and
guantity of available data [24].Today's real woddtabases are highly susceptible to noisy,
missing and inconsistent data due to the varioasoms such as attribute of interest may not
always be available, relevant data may not be decbdue to misunderstanding of the subject
under consideration, instrument used may be faetty, .

There are numbers of data preprocessing technidDatg cleaning, data integration, data
transformation and data reduction are the most comyrused techniques that help to improve

the overall quality of the data.

Data cleaning helps to remove the noisy data amgconconsistencies in the data. Noisy data

can be smoothed by the binary method, clusteringregression methods. Some data
inconsistencies can be corrected manually by ctinguthe domain experts. Data integration
usually applied to data from multiple sources imlesrto match up entities having similar
properties. The other task in the preprocessing stehe data transformation technique. It is

used to transform the data into a form appropf@tanalysis.

3.2.1. Data and Dimensionality Reduction

Here this section dimensionality reduction, dateogimg or transformations are applied so as to
obtain a reduced or “compressed” representaticdhebriginal data [56]. Though, 81 attributes
in the dataset might take too much processing &apecially with the algorithm Apriori, which
consumes exponential processing time. Moreovehadiltelihood of missing items increases

with the increase in dimension, scarcity was theeoproblem observed. The other problem is
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that, explained eatrlier, there are attributes dointg values which can be seen as redundant,
which also cause a waste of space and time. Threrefolumns containing redundant values and
columns with lots of missing values which cannotfiiled by comparing against other data

values were removed from the dataset.

The pre KDD step of KDD process implies understagdihe business before starting the
process of data mining. These too have made catitibin reducing the attributes. Therefore,
in addition to removing columns which have lotsmofssing and corrupted values, we also
reduced attributes that are not so clear for us whth couldn’t also be explained by the
personnel who gave us the data. As the interestatd mining techniques goes usually with
categorical data rather than data items identifyamgindividual, all attributes such as ID,
telephone number, etc. that would single out aividdal were excluded from the dataset. In the

other way, this can also be taken as a move tegrotdividual privacy.

In addition, the investigator has used data engpdm transform the data represented in
characters to digits, so that the original dateefgesented with a reduced form without losing
any detail of the original data. Therefore, thddwing attributes were left for the purpose of
association rule mining and for patients followBT Treatment at Adama and Ambo Hospital.

The data encoding done on the study variablespge®e in the table below.

54



Table 3.13 Data Encoding of Continuous Numeric Attibutes

s/no | Attribute’s Name Old-Values New —Value
1 Sex {Female, Male} {1,2}

2 Age {18-24, 25-29, 30-34, 35-39, 40-44, 45-43] above 50} {1,2,3,4,5,6,7}
3 Marital Status {Never Married , Married, Livinggether, Divorced, {1,2,3,4,5,6,7}

Separated, Widower and Other}

4 Educational Level {No Education, Primary, Secayd@ertiary and Other} {1,2,3,4,5}

5 Religion {Orthodox, Muslim, Protestant, Cathaddied Other} {1,2,3,4,5}

6 Family Planning {True, False}Family Planning usagatus of patient {1,2}

7 Occupation {Employed, Self Employed, Un Employ8tjdent and {1,2,3,4,5}
Other}

8 OA Weight Numeric values ranged as: <24 ,25-8975,74-98, 99-122, {1,2,3,4,5,6,7}
123-146, >147}

9 OACDA4 {<200, 200-349,350-499,>=500} {1,2,3,4}

10 OAWHO Stage {Stage 1, Stage 2, Stage 3, Stage 4} {1,2,3,4}

11 | Initiation Time {<=28, days (Immediate29-56, days (Early}=57, {1,2,3}

days (Delayed}Numeric values ranging from
<=28 days(Immediate)

3.2.2 Data Cleaning

3.2.2.1. Managing Missing Values

After limiting the dataset attributes in the manaéove, the next task was dealing with rows
(records) that contain missing values. The termsMig values refers to one or more fields of an
attribute which have no value in it. The existermfemany such cases makes the dataset
incomplete and building models of any type whethssing values come in the process of
knowledge discovery not by human mistakes and oomssof data but also when data for
certain variables is hard, costly or even imprattabtain [22]. Descriptive or predictive with
incomplete data makes the resulting model noneesepitative of the reality [22]. We would end
up with little records if we keep deleting rows taining missing values. As it was learnt from
section 3.1.4.above Exploratory Data Analysis stwepih the use of descriptive statistical
summaries, all the attribute are having missingueslordinate under each attribute in the
attributes selected for this study are replacedraatically by a feature called “Replace Missing
Values” in weka. “Replace Missing Values” replabe tmode of nominal valued attribute for

missing values and the mean of continuous valugtbate for missing values. Replacing the
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mode or the mean is preferred method to removinigstance only because of a single missing
value in on particular cell [12].The following T&bB.14. depicts the attributes, percentage of

missing values and the handling mechanism thatld&epMissingValues” implements.

Table 3.14:The percentage of missing values and théandling mechanism for the selected
Attribute.

No Attributes Name Missing values (%) | Handling mechanism
1 Sex 1.0 Replaced by the most frequent value.
2 Age 8.0 Replaced by the most frequent valpe.
3 Marital Status 0 Has no missing value
4 Educational Level 2.0 Replaced by the most feagualue.
5 Religion 2.0 Replaced by the most frequent value
6 Family Planning 1.0 Replaced by the most fragualue.
7 Occupation 3.0 Replaced by the most frequeevy
8 OA Weight 11.0 Replaced by the most frequeniea
9 OACD4 0.75 Replaced by the most frequent value.
10 OAWHO Stage 0.73 Replaced by the most frequeoe.
11 Initiation Time 0 Because all (175) instancethwi
missing class information are
ignored.

3.2.2.2. Noisy Correction

3.2.2.1. Resolving Inconsistencies

The two possible causes for the discrepancies teeten the fields of selected attributes are
human error in data entry and the design of theeglof attributes of the database with no
predefined values. The problem associated witht@xie of inconsistencies is that they reduce
the quality of the final model and makes learniif§ailt for the algorithms [12].

Discrepancies were detected while extracting stedissummaries of attribute values. There are
invalid values entered in the database. For instamcler the field ‘Occupation’, the terms “no
work”, “job less”, “Jobless”, “No worker” etc wenesed to describe people who have no jobs.
Therefore for the sake of consistency, we corretitech be under one category “Unemployed”.
There are also other examples of expressing anpatiom by different words or spellings
(correct and erroneous). Therefore we had to chaasegle term that can serve instead of them.
According to Han and Kamber [12], knowledge abdt properties of the data can be used in
detecting discrepancies that may exist in databas&th the help of the knowledge of the
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possible values that each attribute can take, #meesmeasure had been taken for the other
attribute values and summarized as follows in et

3.2.2.4.Handling Outliers

A Database may contain data objects that do nopbowith the general behavior or model of

the data. These objects are considered as ouflekgation - based methods identify outliers by
examining differences in in the main charactersst€ objects in a group. The degree to which
numeric data tend to spread is called the dispgrsipvariance of the data. The most common
measures of data dispersion are range, the fivenber summary (based on quartiles), the inter
guartile range and the standard deviation. Boxspt@ain be plotted based on the five number

summary and are a useful tool for identifying emiiHan and kamber [12].

Accordingly, the outlier values within the attrieudf the dataset used for the research especially
for numeric type attributes were explored and apghhed based on recommendations from
different data mining literatures to handle thdieut/alues.

As stated in Han and kamber [12] a common ruléhofrb for identifying suspected outliers is
to single out values falling at least 1.5* IQR abdke third quartiles or below the first quartile.
In other words it is to mean that the values oetsied limits:

Q3+(1.5*IQR) and Q1-(1.5

will be considered outliers values. Based on tltememendations Age, OA Weight and OACD4
which are numeric in data type, have a kind ofieutls stated under section 3.1.4. Exploratory
Data Analysis. The outlier limits for the Age, OA&fght and OACD4 attribute lies between.

3.2.2.4. Binning/Discretization

Since discretization is a process of dividing th@ge of continuous attributes into disjoint
regions (intervals) which labels can then be usegkplace actual data values. Both in machine
learning (ML) and data mining (DM) the discretizatitechniques are mainly used as a data
preprocessing step, however they aim at differevatlsy In ML such techniques are usually

applied in a classification context where the gedab maximize the predictive accuracy.
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As association rules work for categorical data ptitgre was the need to discretize all values
and binning of the data under the field ‘Age’, ‘OiXeight’ and ‘OACD4’ We used Weka for
this process. We also changed all numeric valuemmoinal so as to make the dataset ready for
processing with Weka.3.6.version.

3.2.2.5. Description of preprocessed and preparedafa for Weka Tool.

So far different corrective measures were takemhenremaining attributed. After finishing the
data cleaning process, we saved the file into csmdt and lodging it to weka. The final
summary of the dataset constructed ready for exygeris with the use of algorithms is depicted
as follows in table 3.15.

Table 3.15: Summary of the selected dataset Categes

Categories Description
Number of attribute 11
Number of instances 11440
Number of classes 3

Size of the Data 1.39MB
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CHAPTER FOUR
EXPERIMENTATION, ANALYSIS AND
EVALUATION OF DISCOVERED KNOWLEDGE

Experimentation, in this study, represents the datang step in the six step hybrid KDP model
where four data mining algorithms (including thes@sation algorithm) are applied on the
dataset to achieve the objective of extracting@ason rules from attribute values of ART data
base and to build a model for predicting ART irita time. Evaluation, on the other hand, is
concerned with evaluating the result of each expent with its own measuring criterion. This
section of the study presents all the experimesdsther with objective measures and based on

knowledge of the domain area, and expert evaluation

In this study both Associations rule mining anddicgve model building experiments conducted
in two sessions. Association rule mining experiraeate carried out with the use of Apriori
algorithm, specifically changing its parameters hs@s minimum confidence and minimum
support in order to discover the relationship & selected attributes with ART Initiation Time.
Likewise, experiments which make use of differelatssification algorithms are intended to
build ART initiation time predictive model of relagly better sensitivity and specificity as

compared to others.
4.1. Experimental Design

In this study, all experiments are done based enfital processed dataset which contains
11,440 instances and 11 attributes. In all expearigjeeleven selected attributes (Sex, Age,
Marital Status, Educational Level, Religion, FarRilgnning, Occupation, OAWeight, OACD4,
OAWHOStage, and InitiationTime) are used. Out dafsth attributes, the class or dependent
attribute is the Initiation Time) for both assomat rule mining and predictive model building
the same processed dataset also used. The algeutted during both predictive model building
and association rule mining experimentations asedon Weka 3.6.version. This version works
on many file formats than its antecedents and doimpatible with CSV file format. Thus, no
additional effort was exerted to change the dathsen excel to “.arff’ file format which is
necessary in the previous versions. The preparéabelais saved using CSV file extension

format.
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Figure 4.1: Weka Explorer window showing the numideaittributes and instances.

1.1.1. Experimentation and Analysis of Association Rules

Association rules were the first data mining tegameito be used for this research. After making
the dataset with 11440 records ready for processithloading it to Weka, we experimented
association rule models were built at minimum suppb0.3 to 0.1 and with different minimum

confidence varying from 50% to 100% thresholds. Mapecifically Table 4.1.shows the

number of experiments to be carried out with tpamrameters.

Table 4.1.Experiments made for Association Rule Ming

Minimum Thresh holds

#rules generated

Experiments #. Support Confidence (by default
required=100)
1. 0.3 50% 14
2. 0.25 60% 24
3. 0.25 70% 17
4. 0.25 80% 12
5. 0.2 80% 26
6. 0.2 85% 13
7. 0.2 90% 11
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8. 0.15 85% 28
9. 0.15 90% 21
10. 0.15 95% 19
11. 0.1 90% 40
12. 0.1 95% 34
13. 0.1 100% 24

283

So there will be 13 scenarios/Experiments at tlieafrihe association rule mining using Apriori
algorithm in weka. The number of rules generatadtliose experiments are also going to be

analyzed, interesting rule will be obtained aftettiag them with their confidence.

The association rule mining as it is well knowngaroes many redundant rules. All the best rules
found are sorted by their antecedents in ordedeatify redundant rules. Out of 283 best rules,
257 rules are either generated twice or more, tgsruelated with attributes which have
insignificant strength with the dependent varialbimally by removing the duplication and the
unnecessary rules associated with insignificantbates, 26 rules are taken. These rules are

organized in the following for the purpose of assédyof the rules.
4.1.1.1.Association Rules Grouped by Education Lelve

Table 4.2: Association Rules by Education level

Rule# | Antecedents Consequents Confidence Suppurt

1 EducationalLevel=No Education initiationtime=Immediate 0.8 0.2

2 EducationallLevel=Primary initiationtime=Immediate 0.8 0.2

3 EducationallLevel=Primary initiationtime=Immediate 0.95 0.1
OAWHOStage=Stage IV

As shown in the above table, Rule 1 and rule 2adépose HIV patients who have no education
and those having primary education level have #meesprobability of starting ART immediately

with 80% probability covering 20% of the total HpAtients. On the other hand rule 3 shows
that HIV patients with primary education level andStage IV of WHO stage has the highest
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probability of starting ART immediately with 95% mitdence covering 10% of the all HIV

patients.

4.1.1.2.Association Rules Grouped by AOCD4
Table 4.3: Association Rules by AOCD4

Rule# Antecedents Consequents Confidence Support
1 OACD4='(-inf-31.5]' initiationtime=Immediate 0.95 1
2 OACD4='(189-220.5)"' Sex=F initiationtime=Immediate 0.5 0.3

From the table above, Rule 1 depict that an HIVepatwith CD4 count less than 31.5 has to
start ART with high confidence (95%) covering 10%te patients. On the other hand a Female
HIV patient with CD4 between 189 and 220.5 hastéot ART with 50% confidence and 30%

support.

4.1.1.3. Association Rules Grouped by OAWeight
Table 4.4: Association Rules by OAWeight

Rule# Antecedents Consequents Confidence Support

1 OAWeight='(40.6-57.4]' initiationtime=Immediate 0.5 0.3

2 OAWeight='(40.6-57.4]' initiationtime=Immediate 0.9 0.1
OAWHOStage=Stage IV

As indicated in the above table Rule 1 indicated #n HIV patient weight between 40.6 and
57.4 has to start ART immediately with 50% confidemnd 30% support. But if an HIV patient

with the same weight range is in Stage IV he/slsthatart ART with 90% confidence covering
10% of HIV patients.

4.1.1.4. Association Rules Grouped by OAWHO Stage

Table 4.5: Association Rules by OAWHO Stage

Rule# Antecedent: Consequent Confidence Support

1 OAWHOStage=Stage IV initiationtime=Immediate 0.85 0.2

2 OAWHOStage=Stage IV '(189- initiationtime=Immediate 0.8 0.25
220.5)'
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As shown in the above table, if a HIV patient isStage IV he/she has to start ART immediately
with 85% confidence and 20% support. Similarly H¥tient in WHO stage IV and with CD4
between 189 and 220.5 has to start ART immediatély 80% confidence and 25% support.

4.1.1.5. Association Rules Grouped by Occupation

Table 4.6: Association Rules by Occupation

Rule# Antecedents Consequents Confidence Support

1 Occupation=Self Employeed initiationtime=Immediate 0.7 0.25

2 Occupation=Self Employeed initiationtime=Immediate 0.95 0.1
OAWHOStage=Stage IV

3 Occupation=Unemployed initiationtime=Immediate 0.7 0.25

As shown in above table, Rule 1 and rule 3 inditladé¢ self employed and unemployed patients

have to start ART with the same confidence (70%) 25% support. But self-employed HIV

patient who is in Stage IV more recommended ta #RT immediately with 95% confidence

and 10% support.

4.1.1.6.Association Rules Grouped by Sex

Table 4.7: Association Rules by Sex

Rule# Antecedents Consequents Confidence support

1 Sex=F initiationtime=Immediate 0.8 0.2
2 Sex=F EducationallLevel=No initiationtime=Immediate 0.9 0.1

Education

3 Sex=F EducationalLevel=Primary initiationtime=Immediate 0.85 0.15
4 Sex=F OAWeight='(23.8-40.6]' initiationtime=Immediate 0.9 0.1
5 Sex=F OAWeight='(40.6-57.4] initiationtime=Immediate 0.8 0.2
6 Sex=F OAWHOStage=Stage IV initiationtime=Immediate 0.85 0.15
7 Sex=F Occupation=Self Employeed | initiationtime=Immediate 0.85 0.15
8 Sex=F Occupation=Unemployed initiationtime=Immediate 0.85 0.15
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9 Sex=M initiationtime=Immediate 0.6 0.25

10 Sex=M OAWHOStage=Stage IV initiationtime=Immediate 0.9 0.1

As shown in the above table compared to male HiNepts, female HIV patients have to start
ART immediately with better assurance which is 8@¥d 60% confidence respectively.
Similarly female HIV patients with no education shb take ART immediately with 90%
confidence and 10% support compared to female Hifiept with primary education level (85%
confidence and 15% support). Concerning the welifierence between female HIV patients,
those with less weight are expected to take ART @adiately. That is Rule 4 and rule 5 depict
Female HIV patient with weight in the range of 23840.6 are expected to start at 90%
confidence which is greater than the weight of fiemtdlV patient with weight in the range of
40.6 to 57.4 with confidence 80%. From rule 6 a0dhale HIV patients in stage IV are more
expected to start ART immediately compared to femtdlV patients in the same stage with
confidence of 90% and 85% respectively. Finallyerdl and 8 has depicted that both self
employed and unemployed female HIV patients arakgexpected to start ART immediately
with 85% confidence and 15% support.

1.2. Experimentation for predictive Model Building

In case of developing a predictive model in datasdgth high class imbalance and multiple
classes requires some kind of countering the inmlcalaOtherwise, simple comparison of models
with accuracy alone may result in high predicticewmacy but low sensitivity and specificity In
addition, Performance of DM algorithms is typicajvaluated using predictive accuracy.
However, this is not appropriate when the datamisalanced and/or the cost difference of error
is large. In the case of ART dataset, the thressclaariable status has a higher imbalance.
Therefore, the researcher used Synthetic Minorityer€ampling Technique (henceforth
SMOTE) automatic operation by filter where minordjasses are over sampled by generating
synthetic examples of minority class and addingnth® the dataset. This way, the class
distribution in the dataset changes and probabiitycorrectly classifying minority class
increases [34] As follows Figure 4.2 shows sidesiole the imbalance among the class attribute
review of the class attribute status after SMOTErafion applied to the minority class.
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Originally there were 8,808 records in the majodlgss (Immediate) and 1,186 and 1,426 only
records in the minority class “Early” and “Delaye@spectively. But after applying SMOTE the
difference between the three were reduced onlB282372 and 1426 records.
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(a) Original data "Before “ (b) “After” Balancegthta using SMOTE.
Figure 4 .2 shows the imbalance(Before) and Baldriafter” among the classes attribute.

4.2.1. Experimentation with J48 Algorithm

The J48 decision tree C4.5 algorithm builds denidi@es from a set of predefined training
dataset using the concept of information entropy atitribute ordering. In addition to using the
default parameter settings of the algorithm to dpitedictive model with J48, an attempt was
made to find better classifier by varying its imamt parameters.

Two experiments are conducted using J48 by switctiie parameter with pruning to TRUE and
FALSE to form two separate experimental settinge Weta classifier algorithm (AdaBoostM1)
is used in both scenarios to evaluate the perfoceajained in those minority classes. This
indicates that a total of four experiments weredtmted in this category. The confidence factor
in all scenarios is made to be 0.5, which is fotmble a better value after attempting successive
experiments at different confidence levels. It [soaconfirmed by different researchers for its
better accuracy than taking the default confideradee 0.25 [58, 59].
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Setting #1:J48 Experiment with All Attributes and with pruning
Setting #2:J48 Experiment with All Attributes and without piog
Setting #3: AdaBoostM1 Experiment with its default parameterd taking J48 with pruning gs
a base classifier
Setting #4:AdaBoostM1 Experiment with its default parameterd taking J48 without pruning

as a base classifier

In the first scenario of this experiment, theat@ibutes and 1,440 instancesire used by taking
the default parameter value with pruning. The teslubwed that, the experiment has generated a

model with a tree size @28and269leaves.

In the second scenario, the same number of atdésband records are used to run the experiment.

But relatively larger tree having a sizelpf43and886leaves is generated.

In the third and fourth experimental setups a di@sswvith relatively better predictive accuracy
is generated due to the addition of the boostiggréghm. The tree and leaf size of the third and
fourth scenarios increased 183 and593, and1121 and 953 respectively. The performance of

the four experiments is shown in the table below.

Table 4.8: J48 Experiments Performance Evaluatiofior the ART Initiation Time

Q @
> |8 |g |lg |g |8 |5 |8
Experiment © n N T o 3 o S
g g |w |2 |a & |E S
) = O
J48 pruned 96.19 328 269 0.962| 0.02 0.963 | 0.962 0.989

J48 Unpruned 95.53 1043 886 0.955 0.029 0.956 0.956.975

AdaBoostM1with| 95.49 733 593 0.955| 0.033 0.955 0.95} 0.993
+ pruned J48

AdaBoostM1with| 95.62 1121 | 953 0.956| 0.029 | 0.956| 0.956 0.992
+ Unpruned J48
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As showed in the table above, theuracy and WTPR all models indicate the performance of the
model in accurately classifying new instances in classes of ART Initiation Time and it is calculated

to be: 96.19% with misclassification of 3.81% an@a2 for the first scenario; 95.53% of correct
classification with misclassification of 4.47% afd®55 for the second scenario; 95.49% of
correct classification with error rate of 4.51% ah@55 for the third scenario and the final
scenario has exposed 95.62% correct classificaioherror rate of 4.38% and 0.956 WTP Rate

accordingly..

The false positive rate indicated in each modewshthe percentage of records which are
wrongly classified in to any of the three class@scordingly, the first model has wrongly

classified 2% of the records and hence it is thstlen this category.

The ROC area also indicates the tradeoff or tha areler the axis of true positive and false
positive rates. Therefore, as the area under th€ R@ve gets larger, it indicates that the
classifier is putting more true positives than datmsitives in the given class. However the first
and the fourth experiments has resulted in predicccuracy of 96.19% with 0.989 WROC and
95.62% with 0.992 shows that this experiment hag l@v sensitivity and specificity. Greater
sensitivity and specificity among these experimemds observed in experiment three
(AdaBoostM1with + pruned J48) relatively low acawyaof 95.49 with 0.993 great WROC.
AdaBoostM1with + pruned J48 decision tree has staebetter performance taking the
performance parameters indicated above. TherdatweeddaBoostM1with + pruned J4icision
tree has been selected to be compared with othssifiers generated under this category. In a
table presented undéppendix E, the TPR, F-measure and area under the ROC curve of the
minority classeslelayedandEarly) has dramatically increased whereas the FPR ey éal

to a smaller value which indicates that less nundfeinstances are wrongly classified under

those minority and majority classes.

4.2.2. Experimentation with Naive Bayes Algorithm

Bayesian methods are based on assumptions of piigbakhe naive bayes algorithm assumes
the attributes are independent. The probabilitc@occurrence of an attribute value together
with a particular outcome value is computed. Thka,class of a new instance will be computed
by multiplying the probabilities of values the iaste has assumed under each attribute. Section

2.4.1.1 of chapter two discusses the general ptyedtiat the naive Bayes algorithm follows in
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identifying the probabilities of the attribute vakitogether with how the probability of a class is

computed in order to predict the class of a newaircs.

The most important parameter in relation to thigdgtis displayModellnOldFormat. However,
there are also other parameters which can be adjastording to needs of data used in different
research areas. Table 4.9 shows the descriptitmegiarameter and type of values it takes. The
default value to this parameter is “False”. Theeagsher has changed this value to “True” as
displaying the model in old format is recommendedtitput the classifier’'s result for multi-

valued class classification.

Table 4.9: Naive Bayes classifier Experimentation ith modifying its parameter

o ©
c >S5 9
Experiment 2 % % 2 3 <
® 04 14 O Q O
> o o o £ o
S - LL o LL @
< = = = = =
NaiveBayes 92.96% | 0.93 0.021, 0.932 | 0.93 0.991
NaiveBayes-0 92.96% | 0.93 0.021 0.932 0.93 0.991

The above Table shows some of the performance me=afur Naive Bayes with default values for
its Parameters.The first Experiment using Naive eBaynd effect of altering the value of
displayModellnOldFormat to “True” on the modelsfpemance of using NaiveBayes-o. Irrespective
of the schemes applied, Naive Bayes resulted inracg of 92.96%, and WROC area of 0.991 for

both experiments.

4.2.3. Experimentation with PART Algorithm

PART algorithm extracts rules. Due to this reastwe ftalgorithm is categorized under

classification by rule induction. The detailed prdare of this algorithm in extracting rules is

explained in chapter two. The algorithm builds drecision trees and reads a path from the
root of the tree to the leaf to read of a rule. Tiles are ANDed together to give a complete set
of rules. PART has almost a similar set of paramsetgth J48 algorithm that can be adjusted to
build better model from datasets. Like the J48 arpents done above, PART experiments are
also done in four experimental settings based @ phrameter pruning and the boosting

algorithm. The experimental settings are indicditased on the next scenario.
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Setting #1:PART Experiment with pruning.

Setting #2:PART Experiment without pruning.

Setting #3: AdaBoostM1 Experiment with its default parameterd taking PART with pruning
as a base classifier.

Setting #4:AdaBoostM1 Experiment with its default parameterd taking PART without

pruning as a base classifier.

In this setting, the value assumed to all the petémce measure is partially difference observed
among the model. So it makes comparison neceseasgléct the one with relatively better
measures of performance. Performance measureasiWROC and the WTPR are better in the
third experiment than the other algorithms. Thawrsfehe model from the third experiment i.e.
AdaBoostM1with pruned PART has an accuracy of 9% 6#hich is a little bit lower than the
first experiment and WROC of 0.994, WTPR of 0.9%68ich is better than all the others.

In the first setting of PART experiment a classifigth an accuracy d85.73%, weighted TPR
of 0.957 and weighted FPR of 0.957 is generatedaking the default value of pruning. In
addition to these performance parameters, the mbdgl generated a total @72 rules to

represent the patterns found within the dataset.

In the second setting, the same number of attrsbamel records are used by switching the default
parameter value of unprunned to “TRUE”. This expemt has produced a classifier with an
accuracy 005% and also it has relatively lower, TPR and highBRRhan the first and third

experiment.

In the third experiment, a boosting algorithm iplagd on the base classifier with the pruning
state turned on. Accordingly, a classifier withtbetaccuracy 95.62% from the first and third
experiment. This experiment is by far better tHaosé three experiments having higher WROC
Rate.
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The last experiment is again a similar boostingeexpent done by using PART rule induction
algorithm. But here, the changed parameter is tbhaipg state, which is made to be “TRUE”,
i.e. pruning do not happen during model developm&his experiment has performed 95%
accuracy and also it has TPR and FPR 0.9 and 0e3p@ctively.

Therefore, the model from the third experiment AdaBoostMiwith pruned PART has an
accuracy of 95.62%, and higher WROC of 0.994 whishbetter than the others three

experiments.

Therefore, from the above four experiments we cadetstand that One AdaBoostMl1with
pruned PART experiments have good predictive WRIRXD those done using the classifier. The

overall performance of each experiment is preseintéue table below.

Table 4.10:PART Experiments Performance Evaluation for the ART Initiation Time

o ©

Experiment - 9 o Q S ? j?’

O > @ @© n @®

@ - @ 04 [s Q (®)

= S o o o £ @)

3 o = L o L @

< Z = = = = =
PART Pruned 95.73%| 172 0.957 0.026 0.957 0.957 20.97
PART unpruned | 95% 462 0.95 0.033 0.95 0.95 0.972
AdaBoostM1with| 95.62 272 0.956 0.027 0.957 0.956 0.994
pruned PART
AdaBoostM1with| 95% 462 0.95 0.033 0.95 0.95 0.972
unpruned PART

4.2.4. Model Evaluation

In this research project work, several experiméais been carried out with three classification
algorithms, i.e. J48 decision tree algorithm, NaBagyes classifier and the PART algorithm to
build a predictive model that predicts the optirmiade of ART Initiation time in ART Dataset.

From the experiments all attributes were identifiedhake sound rule and better accuracy.
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The model selection is done based on the stalistitamary obtained from the WEKA machine
learning environment. The following parameters sekected to compare classifiers done using
the three mining algorithmsnean absolute error accuracy of the model sensitivity (TPR),
False Positive RateF-measureandarea under the ROC curve The overall performance of

each of the best three classifier models is presantthe following table.

Table 4.11: The selected Models Comparison for th&RT Initiation Time

No. Model Accurac | Precision | F-Measure Mean TPR FPR AUC
y Absolute
Error
1. | AdaBoostM1wi | 95.49% | 0.955 0.955 0.0306 0.955.033 0.993
th + pruned J48
2. NaiveBayes 92.96% | 0.932 0.93 0.0664 0.98 0.021 0.991
3. | AdaBoostM1wi | 95.62% | 0.957 0.956 0.0301 0.958).027 0.994

thpruned PART

Considering the above numerical values labeled uedeh of the evaluation parameters, the
boosted and prunned PART model has revealed ar lpgtéormance. Hence, accuracy only
can’'t be a valid qualification criteria for imbalsed datasets, the mean absolute error which is
the average error calculated on those tests dtgimgerations is a very good criteria both from
data mining and statistical perspective [25]. Inliidn to mean absolute error, AUC is also a

recommended parameter to evaluate model performaribe case of such imbalanced dataset.

The ROC area is the area indicating the proportibirue positives versus false positives by
putting the TPR on the Y-axis and FPR on the x-ai® higher the TPR and the lower the FPR

indicates maximum ROC area which is again an itigicaof good classifier. Therefore, the
prunned and boosted PART model has revealed lpstésrmance in the above two parameters
(Mean Absolute Error and AUC).

Therefore, for the given data under study takirggrttean absolute error, FPR and ROC area, the
boosted and prunned PART has shown better perfa@nand has been selected as a best
classifier model for the ART Initiation Time. Theles generated by this model are also used for

interpretation and the Weka output of the modeligended iippendix E.
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4.2.5. Rule generated from the selected Model

Boosted and prunned PART rule learner with the iipdcscheme has resulted total of 272
rules. Out of these the rules which are highly mtace are selected and discussed as the finding
of this study based on relevant to the domain. fbtlewing are selected best rules generated

from the identified model.

Rule #1:1f Sex = Male and OACD4 = 157.5-189 and Occupati®elf Employed and Age= 34-
38and OAWHO Stage = Stage lll, then the class of ARtiation Time of the patient is likely
expected to be Immediate for ART (203.44/85.97).

» The level of assurance of the independent attrifartéhe status or the predicted class in

the bracket can be calculated as follow:
=> 203.44/ (203.48+B= 203.44/289.34= 0.70= 70%

Rule #2:If Sex = Male and Occupation = Self Employed ane A84-38 and Family planning
YN=False and Educational Level=Primary and OAWHQ@gst = Stage lll, then the class of
ART Initiation Time of the patient is likely expect to be Immediate for ART (147.58/58.73).

Rule #3: If OAWHO Stage=Stage Ill and Marital Status=Marriadd OA Weight=40.6-57.4,
then the class of ART Initiation Time of the patignlikely expected to be Immediate for ART
(406.82/20.21).

Rule #4: If Educational Level=tertiary and Occupation Em@dyand Marital Status=Married
OACD4 =126.157.5 and Age=26-30, then the class BT Anitiation Time of the patient is
likely expected to be Immediate for ART (169.65#4).9

Rule #5: If Marital Status=Married and Occupation = Self Hoyed and Age=26-30, then the
class of ART Initiation Time of the patient is llgeexpected to be Immediate for ART
(512.34/312.58).

Rule #6: If Sex = Female and OAWHO Stage = Stage IV and FaRlanning YN=False and
Marital Status=Married, then the class of ART kiibn Time of the patient is likely expected to
be Immediate for ART (33.0/8.0).
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Rule #7: If Sex=Male and Educational Level = Primary and A$30 and OAWHO Stage=
Stage Il and OACD4 = 126-157.5 and OA Weight= 489764 and Marital Status=Married, then
the class of ART Initiation Time of the patient igely expected to be Early for ART
(3821.64/1862.72).

Rule # 8:1f Sex=Male and OAWHO Stage = Stage Il and OACD#8-187.5 and Marital Status
=Married and Age=34-38 and Educational Level=teytithen the class of ART Initiation Time
of the patient is likely expected to be Early fdRA (279.39/123.74).

Rule # 9:If Sex=Male and OACD4 189-220.5 and Age=34-38 aratitdl Status =Married and
Educational Level=No Education and Occupation=3g&iiployed, then the class of ART
Initiation Time of the patient is likely expecteallte Early for ART (182.14/73.05).

Rule # 10:1f Sex=Female and OACD4 126-157.5 and OAWHO StatggeSIV and
Educational Level=No Education and Occupation=Urleggd, then the class of ART Initiation
Time of the patient is likely expected to be EddyART (108.75/5.12).

Rule # 11:If Sex=Female and OAWHO Stage =Il and OACD4= 189-8Zhen the class of
ART Initiation Time of the patient is likely expect to be Early for ART (17.0/1.0).

Rule #12:If Sex = Male and OACD4 = 126-157.5 and OAWHO Stadgtage | and Occupation
= Employed, then the class of ART Initiation Tinfelwe patient is likely expected to be Delayed
for ART (71.0/2.0).

Rule #13:If Sex = Male and OACD4 = 126-157.5 and OAWHO Stag&tage Il and OA
Weight = 23.8-40.6, and Marital Status=Marriednthie class of ART Initiation Time of the
patient is likely expected to be Delayed for AR2.(81.0).

Rule #14: OACD4 = 220.5-252 and Educational Level=tertiangl A Weight 40.6-57.4 and
Marital Status=Separated, then the class of ARfalion Time of the patient is likely expected
to be Delayed for ART (44.52/1.54).

Rule #15:If OACD4= 220.5-252 and OAWHO Stage=I and Age=268@n the class of ART
Initiation Time of the patient is likely expectenllte Delayed for ART (44.52/0.51).

Rule #16:I1f OACD4= 220.5-252 and Marital Status = Separated Age=34-38 and OAWHO
Stage=l, then the class of ART Initiation Time lo& tpatient is likely expected to be Delayed for
ART (22.77/1.02).
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4.2.6. Discussion on Major Findings

As the purpose of this research is to identify Hpdtient attributes which have strong
relationship with ART initiation time and to devpl@RT initiation time predictive model, the

findings are discussed in this section.

The attributes that have strong relation with ARitiation time are determined using Apriori
algorithm that identifies association of thoseilatties with highest probability accuracy of
association rule mining. From the eleven HIV pdtiattributes (Sex, Age, Marital Status,
Educational Level, Religion, Family Planning, Ocatipn, OA Weight, OACD4, OAWHO

Stage, and Initiation Time), six attributes are Mfduto have strong association with ART
initiation time which are OACD4, WOAHO Stage, Sd&gucational level, OA weight, and
Occupation.

The association rule depicts that HIV patients waitimary education level who are in Stage IV
of WHO Stage has the highest probability of starthRT immediately. Rules generated have
indicated that irrespective of any other attribufe®ACD4 is below 31.5 or WHO Stage is

Stage 1V, the patients have to start ART immedyatel

Concerning the Sex as a factor to determine ARTiation time the association rules have
indicated that Female patients are more likely testSART immediately than Male patients.
Especially Female patients with No Education havstart ART immediately than those with
Primary Education, which is an indication that Emlimn level is also another factor in

determining ART initiation time.

Accordingly the weight differences between Femal¥ Idatients, those with less weight are

expected to take ART Immediately. Female HIV pdtigith weight in the range of 23.8 to 40.6

are expected to start ART immediately comparetidse Female HIV patient with weight in the

range of 40.6 to 57.4. Finally concerning Occupgtithe association rule mined also has
depicted that both Self Employed and UnemployeddterdIV patients are equally expected to
start ART immediately.
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The researcher has also made efforts to experithesg classification algorithms namely J48,
Naive Bayes and PART. The entire model has gerkecidss predictions for all the predefined
classes of the Immediate, Early and Delayed grawiis different performance. Out of the
selected algorithm, the model selection for thiglgtis done based on the statistical summary
obtained from the WEKA machine learning environmamid a promising output is also
generated usinddaBoostM1with pruned PART algorithm. Classification performance has
been compared in order to determine optimal skzdistlgorithms and to extract significant rules
for predicting ART Initiation Time of HIV patients.

Since there are many rules, all the obtained fude® not been thoroughly assessed here. Some
of the rules that have been discussed hereunderoasedered important. However, there may
still be other relevant findings in the rules whieguire time and effort. Therefore these selected
rules are again used in prototyping the model asthe applicability of data mining for the
identified domain.

4.2.7. Evaluation of the Discovered Knowledge

Rules generated from the classification algoriten@esented in the form of if-then statements
so that domain area experts enalde of it taking the values of the independentaldeis to
predict ART initiation time of HIV patients easilyn order to reach the final goal, two data
mining goals were set to guide the overall flovited study Accordingly, the first mining goal to
be attained wasGiven the socio-demographic data, OAWHO clinical stge and OACD4
cells count, predict the ART Initiation Time of a patient at high risk i.e. ART Immediate,
ART Early and ART Delayed. For instance, take a patient record with theofelhg details;
Sex = Male,Age = 34-38, Marital Status = Married, EducationalLevel = No Education,
Religion = Orthodox, Family Planning = False, Basele OAWHO Stage = III,
Occupation=Unemployed, OA Weight = 40 and OACD4 =38Taking the first rule obtained
from the classification algorithm, the patient ARfitiation Time is expected to be below 28
days (ART Immediate). This indicates that a patieeginning with such socio-demographic,

clinical and biological parameters needs a duatdie to reverse the poor disease prognosis.

The second data mining goal w&om the identified predicting variables, determinethose

having a better prediction performance In this study, all the variables are selectecetamn
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the comments collected from the domain area experdsa review made on related literatures
done in the area. Accordingly, all of the nine peedg variables except one “religion” are
selected to enroll in the study. But during knowjedextraction some of the variables
predominantly appeared in each of the rules whilers occurred less frequently. Therefore,
those which occurred frequently are taken as thst piedicting variables than the others. Six
variables are observed to be much more importatitandentified if-then rules. These are; Sex,
Age,0OACD4 counts, OAWHO Stage, Family Planning, &tional Level, and Occupation, But
the rest, Marital Status, religion, and OA Weighe aised very less number of times, so that

these variables have less predicting capability tha previous seven ones.

1.3. Prototype development

The final objective of this study was developingratotype interface that assists physician easy
access to the identified knowledgebase. The fielgicsed if-then rules are used to implement the
selected best models. The programming tool uséuabs$o the identified rules is Microsoft visual
basic 2008. Therefore, only those rules which aggssted to be important by domain experts
are placed in to this prototype which means allrthhes for predicting ART Initiation Time of a
patient can’t be answered by this prototype. THeWong picture is the main graphical user
interface used to run the commands to predict ARlffation Time of HIV patients at Optimal
Time of ART Immediate, ART Early and ART Delayedtbérapy.
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CHAPTER FIVE
CONCLUSION AND RECOMMENDATION

5.1. Conclusion

Data mining techniques can be applied to ART dathAssociation Rules help to discover links
or patterns in a store of data. It can help toalisc interesting associations between data items
of patients’ records and enable to predict misinginknown values based on rules mined
through the process of association and classificatiles mining. The result of ART Initiation
Time Prediction in this study is paramount impocefor HIV patients, practitioners and policy-

makers in determining the most favorable pointégib ART therapy particularly for pre-ART

group.

In order to achieve the objective of the study tésearcher has been used association rules
mining using Apriori algorithm and three commonlsed and popular classification algorithms
(J48, Naive Bayes and PART) and long process ai detansing, data and dimensionality
reduction and transformation used it to build tksagiation and prediction models on 11,440

instances and 10 attribute of ART dataset from Ada@land Ambo hospital.

The results from association rules using Apriogoaithm showed that attribute values that
frequently co-occur together with specific classésSART Immediate”. Majority of the rule
depicted those HIV patients who have no educatmhthose having primary education level,
less OACD4 count; OA Weight and Higher OAWHO Sthgee the same probability of starting
ART immediately. On the other hand HIV patiewith higher educational level and in lower
WHO stage and higher OACD4 count has the highesbahility of starting ART therapy

“Early” and “Delayed” in increasing the values dirdgoute accordingly.

As we have seen the study has shown the necessigxgeriment as many classification
algorithms as possible before selecting and usingingle algorithm for prediction. From
classifier models generated for ART Initiation Tim#he AdaBoostMlwithpruned PART

classifier has been selected as a best model lmsé#te accuracy d95.62%, mean absolute
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error 0of 0.0301 FPR and ROC area 6£027 and 0.994 respectively which is better than the

other.

The results of classification rules revealed th&0D4, OAWHO Stage, Sex, age, family
planning, are the most determining attributes tedmt ART Initiation Time of HIV patients

specifically for this study.

5.2. Recommendation

Event thought this research was conducted mainlgnaacademic Research; its findings have
implication far beyond this. It can be used as component of a decision support system for
ART clinic of Ethiopia. The study can contributdod for the further studies conducted in the

area at Health care where there are huge data @mnoun

Particularly on the finding of the research anddases encountered while conducting the study,
the researcher would like to recommend on somet progih could benefit the future researcher in
the area and the ART clinic that provide therapy.

Trying different algorithms might help to get difémt results as we tried with Apriori and
different classification algorithm. However, theatjty of dataset determines the productivity of
the data mining process. In the case of Adama andoAHospital ART Clinic, we were able to
find some interesting rules between a person’s &ital level, OACD4, OA Weight,
OAWHO Stage, Occupation and Sex. But we couldnttagemuch interesting rules as possible
as we have expected which probably emanates frenpdior quality of the dataset. The poor
guality of the dataset and also inconsistenciegrvls on the database shows there was poor
planning /design for the entry of the data. Thamfthe ART clinic has to evaluate the quality of
the ART data, make a thought-through plan to imprgwality of data.

Organization working on the provision of ART progr&should use the findings of the study to
identify the most disadvantaged group of the sgcwho needs serious attention during the
follow-up times. This further can help these orgations to identify the support areas for those
identified focus groups and thereby address thed fgvasuccessful implementation of ART

programs.
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Further works can be done with the excluded atted@and other techniques Genetic algorithms
and Bayesian approach could be encapsulated withaNEetwork predictive capability so as to

offer more and advantageous results.

Further studies need to be conducted in this tieldather more information on optimal timing
of initiation time of HIV patients following TB thrapy and factors associated with increased

mortality and survival.
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Appendix A: Attribute Ranking for the ART initiation Time Prediction

=== Run information ===
Evaluator: weka.attributeSelection.GainRatioAttteEval
Search: weka.attributeSelection.Ranker -T916931348623157E308 -N -1

Relation:000_afterprocessed-weka.filters.unsupedvattribute.ReplaceMissingValues-
weka.filters.unsupervised.attribute.Discretize-BA€L-.

Instances: 11440
Attributes: 11
Sex, Age, MaritalStatus, Edumadilevel, religion, FamilyPlanningYN
Occupation, OAWeight, OAWHOStageACD4, initiationtime
Evaluation mode: evaluate on all training data
=== Attribute Selection on all input data ===
Search Method:
Attribute ranking.
Attribute Evaluator (supervised, Class (nominal)iditiationtime):
Gain Ratio feature evaluator
Ranked attributes:
0.358991 10 OACDA4
0.115544 1 Sex
0.065414 9 OAWHOStage
0.030865 4 EducationallLevel
0.021747 8 OAWeight
0.015954 7 Occupation
0.007501 6 FamilyPlanningYN
0.001146 3 MaritalStatus
0.000888 5 relegion
0.000489 2 Age
Selected attributes: 10,1,9,4,8,7,6,3,5,2 : 10
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Appendix B: Sample Output of pruned J48 Selected Scheme

=== Run information ==
Scheme: weka.classifiers.trees.J48 -C 0.2 -M

Relation:  000_after processed-weka.filters.pasuised.attribute.ReplaceMissingValues-
weka.filters.unsupervised.attribute.Discretize-Baa-.0-Rfirst-last-

Instances: 11440

Attributes: 11

=== Summary ===

Correctly Classified Instances 10929 95.5332 %
Incorrectly Classified Instances 511 4.4668 %
Kappa statistic 0.8824

Mean absolute error 0.0348

Root mean squared error 0.1629

Relative absolute error 13.7851 %

Root relative squared error 45.8844 %

Total Number of Instances 11440

=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure ROC Area Class
0.893 0.026 0.832 0.893 0.861 0.95 Delayed
0.793 0.017 0.846 0.793 0.818 0.931 Early
0.987 0.031 0.991 0.987 0.989 0.985 Immediate

Weighted Avg. 0.955 0.029 0.956 0.955 0.955 0.975

=== Confusion Matrix ===

a b c¢ <--classified as

1274 117 35| a=Delayed

199 940 47| b=Early

59 548715 | c=Immediate
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Appendix C: Sample Output of Unpruned J48 Selected Scheme

=== Run information ===

Scheme: weka.classifiers.trees.J48 -U -M 2

Relation: 000_after processed-weka.filters.unsupervised.attribute.ReplaceMissingValues-

weka.filters.unsupervised.attribute.Discretize-B10-M-1.0-Rfirst-last- Instances:

Attributes: 11

=== Summary ===

Correctly Classified Instances 10929 95.5332 %
Incorrectly Classified Instances 511 4.4668 %
Kappa statistic 0.8824

Mean absolute error 0.0348

Root mean squared error 0.1629

Relative absolute error 13.7851 %

Root relative squared error 45.8844 %

Total Number of Instances 11440

=== Detailed Accuracy By Class ===

TP Rate FP Rate

0.893 0.026
0.793 0.017
0.987 0.031

Precision Recall F-Measure ROC Area Class

0.832 0.893 0.861

0.846 0.793 0.818

0.991 0.987 0.989

0.95 Delayed
0.931 Early

0.985 Immediate

Weighted Avg. 0.955 0.029 0.956 0.955 0.955 0.975
=== Confusion Matrix ===

a b c¢ <--classified as

1274 117 35| a=Delayed

199 940 47| b=Early

59 548715 | c=Immediate

11440
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Appendix D: Sample Output of AdaBoostM1with + pruned J48 AdaBoostM1with + pruned J48

=== Run information ===
Scheme: weka.classifiers.meta.AdaBoostM1 -P 100 -S 1 -l 10 -W weka.classifiers.trees.J48 -- -C 0.5 -M 2

Relation: 000_after processed-weka.filters.unsupervised.attribute.ReplaceMissingValues-
weka.filters.unsupervised.attribute.Discretize-B10-M-1.0-Rfirst-last

Instances: 11440

Attributes: 11

=== Summary ===

Correctly Classified Instances 10925 95.4983 %
Incorrectly Classified Instances 515 4.5017 %
Kappa statistic 0.8812

Mean absolute error 0.0306

Root mean squared error 0.1655

Relative absolute error 12.1335%

Root relative squared error 46.6066 %

Total Number of Instances 11440

=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure ROC Area Class
0.874 0.023 0.846 0.874 0.86 0.984 Delayed
0.81 0.019 0.834 0.81 0.822 0.977 Early
0.988 0.037 0.989 0.988 0.988 0.996 Immediate

Weighted Avg. 0.955 0.033 0.955 0.955 0.955 0.993

=== Confusion Matrix ===

a b c <--classified as

1246 135 45| a=Delayed

173 961 52| b=Early

54 568718 | c=Immediate
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Appendix E: Sample Weka Output of the selected Model

=== Run information ===
Scheme: weka.classifiers.meta.AdaBoostM10®-8 1 -1 10 -W weka.classifiers.rules.PART --2MC 0.5-Q 1

Relation:  000_after processed-weka.filters.pesuised.attribute.ReplaceMissingValues-
weka.filters.unsupervised.attribute.Discretize-BA€t.0-Rfirst-last-

Instances: 11440

Attributes: 11

Sex g Marital St
EducationalLevel Religion FamilyPlanningYN
Occupation OAWeight OAWHOStage
OACD4 initiatitime

Test mode: 10-fold cross-validation

=== Classifier model (full training set) ===
AdaBoostM1: Base classifiers and their weights:
=== Summary ===

Correctly Classified Instances 10939 95.6206 %

Incorrectly Classified Instances 501 4.3794 %
Kappa statistic 0.884

Mean absolute error 0.0301

Root mean squared error 0.1645

Relative absolute error 11.9231 %

Root relative squared error 46.33 %

Total Number of Instances 11440

=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-MeasR@C Area Class
0.877 0.0240.841 0.877 0.859 0.987 Delayed
0.814 0.018 0.836.81@ 0.825 0.979 Early
0.988 0.029 0.991.988 0.99 0.997 Immediate

Weighted Avg. 0.956 0.027 0.957.956 0.956 0.994

=== Confusion Matrix ===

a b c <--classified as

1250 140 36| a = Delayed

181 965 40| b=Early

55 498724 | c=Immediate
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