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ABSTRACT

Background: Tuberculosis is a disease of poverty affecting lgoghtung adults in their most
productive years. In Ethiopia, TB is a disease adjan public health problem. Early
identification and isolation of TB cases is critita prevent further transmission, morbidity and
mortality caused by TB. Data mining has a potertbaindentify hidden knowledge from huge
datasets. It is possible to use data mining algmstfor analysis and predicting the TB status of

patients.

Objective: The goal of this research was to apply data miteatniques for predicting the TB
status of patients. Specifically, identify the dataant attributes of TB status of patients, build
best prediction model and finally develop a prapetgraphical user interface.

Methodology: A hybrid data mining process model that invohax steps is followed. This

study considers a total of 10,031 records from Mkrkand St. Peters TB specialized hospitals
patients’ data and 15 attributes for predicting fhB status. Descriptive data analysis,
visualization and statistical summary were impletadnto gain understanding of the data.
Handling of missing values and data transformaticere done to prepare the dataset for
experimentation. The mining algorithms used areisilat tree, naive bayes, support vector
machine and artificial neural network. To evaludite models performance 10-fold cross

validation and confusion matrix are used.

Results: The result of the experiments with all and sekk&tributes showed that performance
of J48, Sequential minimal optimization and Multga perceptron were better with all attributes
than best selected attributes, whereas naive ledgssfier performance increased with selected
attributes than all attributes. The results of #xperiments show the performance of mining
algorithms decreases as the amount of trainingases.

The best selected model to predict the TB statysatiénts in this study was generated by J48
decision tree with all attributes. The accuracyhi$ model is 95.24%. Graphical user interface

prototype was designed using the ten rules fromdét&ion tree.

Conclusion: The results achieved from this research indichtd tlata mining is useful in
bringing relevant information from large and compleatients’ dataset, and we can use this
information for predicting TB status and decisiomakimg. The most important attributes that
determine the TB status of the patients are shestoé breath, chest pain, cough, weight loss,
loss of appetite, night sweats and HIV test results



CHAPTER ONE
BACKGROUND

1.1. Introduction

Healthcare industry has experienced a productionnnbvations aimed at enhancing life

expectancy, quality of life, diagnostic and treattneptions, as well as the efficiency and cost
effectiveness of the healthcare system(1). Heakhdata is generated exponentially on daily
basis andhis data is a key source to be analyzed and pede® extract hidden information and

knowledge.lt is very important that we could perform explargt and predictive analysis on

these data and put them in valuable and useful lauge for health care staff.

Ethiopia experiences a heavy burden of diseaseslyratitributed to communicable infectious
diseases. Tuberculosis (TB) is one of these conrabte diseases caused by a bacterium called
Mycobacterium tuberculosis. The bacteria usualtgckt the lungs, but TB bacteria can attack
any part of the body. If not treated properly, TiBedise can be fatal. TB is spread through the air
from one person to another when a person with @di® disease of the lungs or throat coughs,

sneezes, speaks, or sings. People nearby may diedtiese bacteria and become infected. (2)

Tuberculosis is a disease of poverty affecting tggsiung adults in their most productive years.
The vast majority of TB deaths are in the develgpivorld. 1.7 million people died from TB
(600,000 women) in 2009, including 380,000 peoplth wlV, equal to 4,700 deaths a day.
Reductions in the burden of disease achieved te fdéibwed 15 years of intensive efforts to
improve TB care and control. Between 1995 and 2@0@tal of 41 million TB patients were
successfully treated by the direct observable mreats (DOTS) program, and up to 6 million
lives were saved including 2 million women and dieh (3). Ethiopia is now ranked seventh of
22 countries with the highest TB burden countrigbijch collectively contribute 80% of the
global TB burden (4).

Data mining (DM) techniques are very popular folvem various problems. As a brief
description, data mining is a mechanism for obtgjrpatterns from an existing dataset. Those
extracted patterns are used to interpret the neexigting data into useful information (5). DM

has a potential to indentify hidden knowledge frounge datasets. Many researchers apply data

l|Page



mining to explore hidden pattern from electronicdmal records. It is possible to use DM
algorithms for analysis and predicting the prevedemf positive TB case. Using a model
generated by data mining for early detection ofitpes TB case is economical and also
improves the prevention of this disease by progdiseful information for informed decision

making.

As we have seen in the above paragraphs TB ishelhigien disease in the developing countries
and the early detection of this disease improvestievention of TB cases. Therefore, the goal
of this research was to apply the data mining tegles for predicting the TB status of patients
from patients’ dataset. This study used data mitedhnique for developing best model for

predicting the TB status to improve the preventbiB in our country.

The research outcome contributes to identify theartant patterns of TB datasets, develop best
prediction model which can be used for TB diagnosisd build graphical user interface
prototype for the discovered model. The resulthig study used as a base for other researchers
to develop knowledge based system (KBS) for premticdf TB status of patients.

1.2. Statement of the Problem

In Ethiopia, TB is a disease of major public hegtbblem. Unfortunately, due to low health
service coverage and poorly developed health irdtion system, the actual magnitude of the
TB problem has not been accurately determinedH6)vever, in 2007, the estimated incidence
was 314 per 100,000 population; smear positivescasge 152 per 100,000 population; the
prevalence of all forms of TB was 546 per 100,00Qysation; and mortality rate was 73 per
100,000 population (7). Ethiopia is ranked sevaitthe 22 TB burden countries. According to
the US global health policy 2011 report, the numifepeople living with TB was 200,000 (8).
One of the main problems in TB prevention was th& tetection rate. According to world
health organization (WHO), there were 5.8 millioatified cases of TB in 2009, the case
detection rate of 63% (ranged 60-67%), up from 61%008. The most important measure to
prevent TB transmission is to maintain a high indésuspicion for TB. Early identification and
isolation of TB cases is critical to prevent furtii@ transmission, morbidity and mortality (4).
The existence of disease burden, low detection aai high death rate of TB at a national level
make this research important.



On the other hand, the amount of data stored inicakdatabases has increased exponentially
with time. The technological advancement resultedhie management of huge computerized
data acquisition and storage of databases whictaicohidden knowledge that can be used for
decision making. It is impossible and time consugnio unravel this knowledge without
incorporating data mining methods. Application d¥iDnethods to discover hidden knowledge

from medical record has been logical.

Different researches have been done on the prediofi TB abroad and in our country, such as
Tamer U. (5) with title “Prediction the ExistenceEMycobacterium Tuberculosis on Patients by
Data mining Approach” has tried to apply differanbdels on the data which are Bayesian
Network, Multilayer perceptron, JRip, PART, RSESdagh set algorithm implementation) and
ANFIS (adoptive network implementation). The fingliof the study indicate that ANFIS is an
accurate and reliable methods comparing to Baydsetwork, Multilayer Perceptron, PART,
JRip and RSES methods for classification of TBeyds.(5)

Another research conducted by Asia T, et al. (9hwa title “Estimating the Statistical
Significance of Classifiers used in Prediction @d"Thas shown thasupport vector machine
(SVM) is the best classifier. For their datasetrehss no much significant difference in the
accuracies of SVM and Decision trees. SVM provesheéowith 99.07% accuracy whereas
decision tree with 99% (9).

The third research done by Ali A.E, et &0) with a title “Predicting Active Pulmonary
Tuberculosis Using an Atrtificial Neural Network” si@ahown that artificial neural networks can
be used to predict active pulmonary TB using céhand radiographic information. The finding
of the study has indicated that General Regredsderal Network significantly performed with
94.76% +/- 2.8 (10). The above three researchesata$ the applicability of classification
mining algorithms in predicting the TB status arsihg many more mining algorithms help the

researchers to select best mining algorithm foigikien dataset.

The fourth research conducted in our country byaAsesredin (11) with a title “Mining Patients
Data for Effective Tuberculosis Diagnosis: In caseMenelik Il hospital” is used as a base to
build the proposed study. In her study, clustegnd classification data mining techniques were

used to develop the model. For the clustering djper&-means algorithm was used and for



classification operation J-48 decision tree and/end@ayes were used. Finally a model with
85.93% accuracy was developed using J48 Decisier T¥1). Even though, this research has
generated a model for predicting TB cases, stdtghare certain gaps which are not addressed

and need a thorough investigation. These gapdeadycpresented in the paragraphs below.

The first gap identified on the previous study wasted to the use of very small dataset size to
run the experiments. In data mining, the size aéskt used can have its own impacts on the

accuracy and representativeness of the generatddlmo

The second problem on the previous study is, orkitid of mining algorithms used to develop
the model. In that study only J48 decision tree ragigte bayes classification algorithm as well as
K-mean clustering algorithm were used to develop tiodel. The best selected model has
attained an accuracy of 85.93% entailing that thera possibility of making 14.07% wrong
decision. But if many more mining algorithms ancy&datasets were used, the resulting model

might have a better accuracy than the previous/stud

The third problem on the previous study is, setectf attributes used to develop the predict
model. In that study irrelevant attribute treatmstatrted year was used as one of best attribute
and two important clinical symptoms such as losapfetite and shortness of breath were not

included in the previous study.

The last identified gap is on the usability of tlesearch finding by the domain users to address
their problems. Even though, the study has devel@peredictive model, it does not address the

existing problems of domain users.

Therefore, this research attempted to filled thgeges by taking the following major actions:

» The previous study has used only 7069 records amelik Il hospital patient’s dataset.
So, the proposed study considered additional dafese St. Peter's TB specialized
hospital in addition to Menelik 1l hospital datasé&s a result more accurate and
representative model was developed.

* This study exclude treatment started year attritartd includes two new attributes
namely loss of appetite and shortness of breatedbas the suggestion from domain

experts.



* The study used Atrtificial Neural Network and Sugpdector Machines algorithms in

addition to J48 Decision Tree and Naive Bayes dlgos (which were also used in the

previous study) due to their usage on related proldomain.

» The study compared the performance of these fassiication algorithms as the dataset

size increases and selected the best performiogithligns.

* In this study a prototype graphical user interfaee built in order to motivate the model

usage by domain users.

Consequently, it has been attempted to answenbtlosving major research questions:

What are the most determinant attributes whichpradict TB status of patients?
Which mining technique produces the most accuregdigtive model while adding
the dataset size?

Which mining algorithm has produced best TB predictnodel?

What kind of prototype can best communicate theadisred model with the domain

users?

1.3. Objectives

1.3.1. General Objectives

The main objective of the study is applying dataing techniques to predict tuberculosis status

(positive or negative) of patients from Menelikhibspital and St. Peter TB specialized hospital

patients datasets.

1.3.2. Specific Objectives

The specific objectives are to:

Identify the determinant attributes affecting TBtas of a patient.

Apply classification algorithms to train, test abdild the classifier models using
small and large dataset size.

Compare the models based on their performanceeaack she best model.

Develop a prototype graphical user interface capalblcommunicating the model

found with the domain users to effectively utilibe model.



1.4. Scope and Limitations of the Study

The scope of this research is limited to constngcpiredicting models for the status of TB using

Menelik Il hospital and St. Peters TB specializedpital patients datasets. Moreover, the study
is limited to build a prototype graphical user nfasee for a TB prediction and use classification

data mining technique. The classification algorishselected by the researcher in this study to
develop prediction models are Decision Tree, NeéBages, Artificial Neural Network and

Support Vector Machine.

Besides the promising findings observed in thisdgtuhe following major limitations are
recorded:

» This study was conducted in two government hospitaimely, Menelik Il and St.
Peters TB specialized hospitals due two shortafjgsie and financial constraint.

* There is a need for the development of knowledggeth system. However, this study
limited to developed predictive model and prototgwaphical user interface due to
time constraints.

* This study is limited to developing predictive mbdesing classification mining
techniques. However, there are other mining teclesgwhich might show some
interesting patterns or relationships in the sekbctataset. This was happened due to
limitation of time encountered by the investigator.

* This study used data encoders to encode importanables from paper based
medical records to computer. However, the corresstrad the encoded data did not
check to ensure data quality. This was due to ditiaih of time.

1.5. Significance of the Study

Tuberculosis is a disease for which (in most cage®ffective treatment is available; the role of
the research on TB should be to provide tools wifaciiitate delivery of quality diagnosis and
treatment. Even though, there were effective treatmfor more than 30 years, there has been a
failure to control TB in most of the developing otiies (12). This study attempted to develop
useful predictive model for tuberculosis statugafients and developed a prototype graphical
user interface for effective utilization of the gretive model, and hence physician can make use
of this model in their day-to-day diagnosis of trdudosis. The diagnosis and treatment of TB

have been highly uncertain because of low casecti@terate, poor quality in diagnostic

6



procedures, and lack of knowledge by community theabrkers. Therefore, decisions support
system in diagnosis of tuberculosis disease woealtlibbdamental.

Physicians can make use of the results of thisystudrder to make optimal decisions about the
presence or absence of TB disease. Moreover, & gddlity to decision making process for

guality health care service provisions to the dga¢ large.

In addition, health institutions and intesgstresearchers use the result of the study as a
good guideline towards the application of data ngnon tuberculosis to create a model and to
construct KBS for TB prediction that can help figigt tuberculosis diseases and its

complication.

1.6. Organization of Thesis

This research report has seven chapters. Thechiegiter deals with introduction, statement of

the problem, objective, scope of the study, sigaiit of the study and thesis organization.

In the second chapter, review of literatures onmadaining was presented. Definition and
common tasks of data mining, data mining methodgldgta mining algorithms and application

of data mining in electronic medical record is disged.

In the third second chapter, literature review daliaberculosis has been given which includes
review of definition, risk factors, epidemiologydadiagnosis of active tuberculosis. The chapter
reviews current situation of tuberculosis in Ethég-inally, review of related works particularly
application of data mining in healthcare sectoreegly in tuberculosis prediction was
discussed.

The fourth chapter discusses research methodottagg, understanding and preprocessing tasks.
In the research methodology section detail disoassiabout project area, research deign,
evaluation credibility of the model is presentetthj@al consideration and tools used in this study.
Data source and collection, description of datal descriptive statistical summary of selected
attribute are discussed. In this chapter how thmnuata preprocessing tasks were applied to the
current data are shown. Data cleaning and transfitom was conducted for preparation of
dataset. In the evaluation of credibility secticetadls discussion presented about k-fold cross
validation and confusion matrix.
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The fifth chapter deals with experimentations anddet selection. Experimental setup and

attribute subset selection was presented. In trapter, building of model with J48, naive bayes,
SMO and MLP, the validation of model with 10-folcbss validation, performance evaluation of

algorithms with attribute subset selection andeasing dataset size, and interpretation of the
result of the experiments are the major concermalllf, a comparison of models, selection of

the best model, generated rules from best modedauadlopment of a prototype graphical user
interface was done.

The sixth chapter covers conclusions and recomntiemda



CHAPTER TWO

DATA MINING CONCEPTS
2.1. What is Data Mining?

Data mining derives its name from the similaritie$ween searching for valuable information in
a large database and mining a mountain for a iewalaable one. Both processes require either
sifting through an immense amount of material nbelligently probing it to find where the value
resides (13, 14). Data mining refers to extractingnining knowledge from large amounts of
data (15). Data mining, or knowledge discoveryths computer-assisted process of digging
through and analyzing enormous sets of data anddhktacting the meaning of the data. Data
mining tools predict behaviours and future trenddowing businesses to make proactive,
knowledge-driven decisions. Data mining tools carswaer business questions that were
traditionally too time consuming to resolve. Thepwr databases for hidden patterns, finding
predictive information that experts may miss beedtiBes outside their expectations (14).

Technological developments that aid to collect atate vast quantities of data have enabled
organizations to capture and cumulate huge amdudé@ta in their databases, within which,
large amount of valuable information is bdri€l6). It is estimated that the amount of data
stored in the world's database grows every twergths at a rate of 100% (17). As the volume
of data increases, the proportion of informationwihich people could understand decreases
substantially. This reveals that the level of ustirding of people about the data at hand could
not keep pace with the rate of generation of data various forms, which results with
increasing information gap. Consequently, pedyalgin to realize this bottleneck and to look
into possible remedies. With the aim to fix the getween the generation of data and rate of

understanding of people about it, data mingagm serve as a principal tool.

Data mining has been defined in almost as many \aaythere are authors who have written
about it. According to Berry and Linoff (18), dataining is the process of exploration and
analysis by automatic or semiautomatic means, rgelguantities of data in order to discover
meaningful patterns and rules. Data mining usualikes sense when there is large amount of
data. For this reason most of the algorithdeveloped for data mining purpose requires

large volume of data so as to build amaintrmodels that are responsible for different



tasks of data mining such as classification, chirgge prediction, and association. The need for
bulky data can be explained by a couple of readdnarily, in the case of small databases, it is
feasible to capture appealing trends and relatipashy introducing traditional tools such as
spreadsheets and database query. The second rsagbat most data mining tools and
algorithms demand large amount of training dattgdised for building a model) in order to
generate unbiased models. The rationale is simmulestraightforward, small training data results

in unreliable generalizations based on chancerpatte

According to Witten and Frank (17) data mining valuable to discover implicit,
potentially useful information from huge daséored in databases via building computer
programs that sift through databases autontigtica semi-automatically, seeking
meaningful patterns. The opportunity for the agtlon of data mining has increased
significantly as databases grew extremely amelv machine with searching capabilities

evolved.

2.2. Common Tasks of Data Mining

It is convenient to categorize data mining into etypof tasks corresponding to different

objectives for the person who is analyzing the .ddtiae bookPrinciples of Data Mining

categorizes data mining tasks as follows (19):
Exploratory Data Analysis (EDA) As the name suggests, the goal here is simply to
explore the data without any clear ideas of whatawe looking for. Typically, EDA
techniques are interactive and visual, and there arany effective graphical display
methods for relatively small, low-dimensional dagds.
Descriptive Modeling The goal of a descriptive model is to describeohlthe data (or
the process generating the data). Examples of slesiriptions include models for the
overall probability distribution of the data (denhsiestimation), partitioning of the p-
dimensional space into groups (cluster analysis asejmentation), and models
describing the relationship between variables (aelemcy modeling). In segmentation
analysis, for example, the aim is to group togetkamnilar records, as in market
segmentation of commercial databases. Here the godb split the records into
homogeneous groups so that similar people (if #eords refer to people) are put into
the same group. This enables advertisers and nmenketb efficiently direct their
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promotions to those most likely to respond. Thebmrmof groups here is chosen by the
researcher; there is no "right" number.
Predictive Modeling: Classification and Regression: The aim here is to build a model
that will permit the value of one variable to beegicted from the known values of other
variables. In classification, the variable beingepicted is categorical, while in
regression the variable is quantitative. The teqpnetliction” is used here in a general
sense, and no notion of a time continuum is impl&al for example, while we might
want to predict the value of the stock market atesduture date, or which horse will win
a race, we might also want to determine the diagno$ a patient, or the degree of
brittleness of a weld.
Discovering Patterns and Rules: The three types of tasks listed above are concerned
with model building. Other data mining applicatiorsse concerned with pattern
detection. One example is spotting fraudulent behdw detecting regions of the space
defining the different types of transactions whiire data points significantly different
from the rest. Another use is in astronomy, whetedation of unusual stars or galaxies
may lead to the discovery of previously unknowmpheena. Yet another is the task of
finding combinations of items that occur frequenitty transaction databases (e.g.,
grocery products that are often purchased togethEn)s problem has been the focus of
much attention in data mining and has been addresseng algorithmic techniques
based on association rules.
Retrieval by Content: Here the user has a pattern of interest and wighegnd similar
patterns in the data set. This task is most comynoséd for text and image data sets.
For text, the pattern may be a set of keywords, taeduser may wish to find relevant
documents within a large set of possibly relevamtutnents (e.g., Web pages). For
images, the user may have a sample image, a s&etuhimage, or a description of an
image, and wish to find similar images from a lagg of images. In both cases the
definition of similarity is critical, but so are ¢hdetails of the search strategy.

The following are the three most common data mimasds:

2.2.1. Classification and prediction
Classification is a process of finding a set of gledqor functions) that uncover and distinguish

data classes or concepts, for the purpose of tablgto use the model to predict the class of
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objects whose class label is unknown. The derivedehis based on the analysis of a set of
training data (i.e., data objects whose class labeknown). The derived model may be
represented in various forms, such as classificat{tF-THEN) rules, decision trees,
mathematical formula, and neural network. Clasaiiom can be used for predicting the class
label of objects. (15)

2.2.2. Association Rule Discovery

One of the tasks of DM is association rule miniAgsociation rule mining finds interesting
association or correlation relationships amongrgelalataset. With a massive amounts of data
continuously being collected and stored, many itrtessbecame interested in mining association
rules from their datasets. The discovery of intiemgsassociation among huge amount of
business transaction records can help in many éssidecision making processes. Association
rules are in the form of “If antecedent, then capmmt,” together with a measure of the support

and confidence associated with the rule. (15)

2.2.3. Clustering

Clustering refers to the grouping of records, obestons, or cases into classes of similar objects.
A cluster is a collection of records that are samio one another, and dissimilar to records in
other clusters. Clustering differs from classifioat in that there is no target variable for
clustering. The clustering task does not try tesifg, estimate, or predict the value of a target
variable. Instead, clustering algorithms seek tgnsnt the entire data set into relatively
homogeneous subgroups or clusters, where the sgiyilaf the records within the cluster is

maximized and the similarity to records outsidecdhuster is minimized. (20)

2.3. Data Mining Methodology

Data mining and knowledge discovery projects ineoly complex process of identifying,

understanding, and transforming data modeling araduation efforts. Naturally, any models

that are useful would need to be deployed befordmgaan impact in practice. There are several
data mining process frameworks that seek to orgatiiegse activities (16). Many data mining
process methodologies are available. However, #mows steps do not differ much from

methodology to methodology. The most common datangimethodology are the following:
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2.3.1. CRISP-DM

A widely cited industry framework is the Cross-Istly Standard Process for Data Mining
(CRISP-DM) model. CRISP-DM offers a general modelr fdata/text mining projects,
highlighting the key tasks involved. According teetCRISP-DM framework, the life cycle of a
knowledge discovery project consists of six phabasthe sequence of the phases is not strictly
applied. Moving back and forth between differentagds is always required. The process is
iterative because the choice of subsequent phdsas depends on the outcome of preceding
phases. The life cycle begins with business unaledstg to ground the overall aims of the
project, and then moves to data understanding ¢atify potential inputs and outputs, data
quality issues, and potential privacy or securibhaerns. The third phase, data preparation,
involves the extraction of relevant data for a ijgatar modeling effort, data quality assurance,
and any transformations required for specific miogeltechniques. Typically, the data

preparation tasks account for the majority of éffora data mining project. (13)

The fourth phase, data modeling, is the centraligoaf any knowledge discovery effort and
consists of the construction of models based omrgety of techniques, with evaluations (the
fifth phase) conducted for all modeling techniguBlse final step is deployment so that useful
models can be embedded in information systemsgpatidecision-making activities. (14)

The next figure show the CRISP-DM methodology krexige discovers steps:

Business, { > Data
Understanding { Understanding

N\

~/

Data
Preparation

i

Modeling

Deployment |
| =

Figure 2.1 CRISP-DM process model
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2.3.2. KDD Process

Knowledge Discovery in Databases (KDD) is the neial process of identifying valid, novel,

potentially useful, and ultimately understandatdéigrns from large and complex data $&6).

KDD is an automatic, exploratory analysis and miogdebf large data repositories (21). The

KDD process is the process of using DM methods xwaet what is deemed knowledge

according to the specification of measures andstiulels, using a database along with any

required preprocessing, sub sampling, and transfitom of the database (16). There are

considered five stages, presented in figure 2.2:

1. Selection — This stage consists on creating a ttadgt& set, or focusing on a subset of
variables or data samples, on which discovery lsetperformed.

2. Pre processing — This stage consists on the tdegatcleaning and pre processing in order to
obtain consistent data.

3. Transformation — This stage consists on the transftion of the data using dimensionality
reduction or transformation methods.

4. Data Mining — This stage consists on the searcfongatterns of interest in a particular
representational form, depending on the data miobjgctive (usually, prediction)

5. Interpretation/Evaluation — This stage consiststtma interpretation and evaluation of the

mined patterns.

interpretation
data mining
\ \
. Y \
transformation \
\\ '\,\ I\".‘
preprocessing \ 3\ AN - knowledge
'\.\ N 7484 Y i
selection \ \\ sus | (5 E
\ \ \ 4859 ) !
\\ 873 762 012 =7 ;2:2 n detected
\,‘ 1y 638 678 923 A : |
N 773 887 638 I : patterns !
tfj Efﬂ = : i i
y B - ) 'transformed! :
) - : '
Tij Pt f—j I preprocessed data | !
ata | R ! ! i
e A : data !

Figure 2.2 KDD process model
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2.3.3. SEMMA

Statistical Analysis Software (SAS) developed aadatining analysis cycle known by the
acronym SEMMA. This acronym stands for sample, el modify, model, assess. Beginning
with a statistically representative sample of ydata, SEMMA intends to make it easy to apply
exploratory statistical and visualization technigjuselect and transform the most significant
predictive variables, model the variables to predtcomes, and finally confirm a model’s
accuracy. A graphic representation of SEMMA is give Figure 2.3. By assessing the outcome
of each stage in the SEMMA process, one can detertmw to model new questions raised by
the previous results, and thus proceed back texptoration phase for additional refinement of
the data. (22)

The followings are steps in SEMMA process:

1. Sample:ithe first step in is to create one or more datéetaby sampling data from the data
warehouse. Mining a representative sample instédleoentire volume drastically reduces
the processing time required to obtain businessnmation.

2. Explore:after sampling the data, the next step is to erplbe data visually or numerically
for trends or groupings. Exploration helps to refthe discovery process. Techniques such

as factor analysis, correlation analysis and ctigjeare often used in the discovery process.

Step 18 SAMPLE Sampling
| 1
Step 2: EXPLORE ... S-lasteriTgg,
Wisualieation Facior
Varighlc Pat
Step 3: MODIFY Selection, ik
= ; Imansformation
Creatiom
Sien 4: MODE] MEsociation Tree-Based
Rusle Wiolels

I )

Mol

Sep 5; ARSESS
Assessment

Figure 2.3: SEMMA process model
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3. Modify: modifying the data refers to creating, selectingg @aransforming one or more
variables to focus the model selection processparticular direction, or to modify the data
for clarity or consistence.

4. Model: creating a data model involves using the data rgisoftware to search automatically
for a combination of data that predicts the destattome reliably.

5. Assessthe last step is to assess the model to deternanewell it performs. A common
means of assessing a model is to set aside amaittite data during the sampling stage. If
the model is valid, it should work for both theersed sample and for the sample that was

used to develop the model. (22)

The SEMMA approach is completely compatible witke t&RISP approach. Both aid the
knowledge discovery process. Once models are @utand tested, they can then be deployed to

gain value with respect to business or researchcagipn.

2.3.4. Hybrid Data mining

The development of both academic particularly tHeDKand industrial oriented (CRISP-DM

and other) data mining models has led to the gra#thybrid models, i.e., models that combine
the features and job of both. Hybrid model was tgexl mainly based on the CRISP-DM
model by adopting it to academic research. The naliiferences and extensions include
introducing several new explicit feedback mechasisand in last steps the knowledge
discovered for a particular domain may be appliredther domains. The Hybrid DM (see figure

2.4) consists of six-step Knowledge Discovery Pssq@3).

According to Cios et al. (23) the description af 8ix steps follows:

1. Understanding of the problem domain: - This initsip involves working closely with
domain experts to define the problem and deterntinee project goals, identifying key
people, and learning about current solutions tgtieblem. It also involves learning domain-
specific terminology.

2. Understanding of the data This step includes collecting sample data andditegiwhich
data, including format and size, will be neededckgmound knowledge can be used to guide

these efforts. Data are checked for completenedsindancy, missing values, plausibility of
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attribute values, etc. Finally, the step includesfication of the usefulness of the data with

respect to the DM goals.

. Understaanding of

the Problem
- - Input Data
Understanding ot || __a
. the TData ‘ ) (database. images. video. sermi-
structured data, etc.)
Preparation of the
IData
—— Drata Mininge
- - Knowledose
Evaluation of the e
Discovered Knowledge 7777 b {patterns, rules. clusters.
classification. associations. etc.)
Use of the Discovered _’_ Extend knowledge to
Know led oo other domains

Figure 2.4 Hybrid Process Model
Preparation of the data: - This step concerns degighich data will be used as input for
DM methods in the subsequent step. It involves $agp running correlation and
significance tests, and data cleaning, which inetudhecking the completeness of data
records, removing or correcting for noise and migsialues, etc. The end results are data
that meet the specific input requirements for tiv t0ols selected in Step 1.
Data mining: - Here the data miner uses various Dbthods to derive knowledge from
preprocessed data.
Evaluation of the discovered knowledge: - Evaluatiocludes understanding the results,
checking whether the discovered knowledge is newel interesting, interpretation of the
results by domain experts, and checking the impfitte discovered knowledge.
Use of the discovered knowledge: - This final stepsists of planning where and how to use
the discovered knowledge. The application aredhéndurrent domain may be extended to
other domains. A plan to monitor the implementatdthe discovered knowledge is created

and the entire project documented. Finally, thealisred knowledge is deployed.



2.4. Mining Algorithms

According to Berry and Linoff (19), learning and demstanding of different data mining
technigues is essential for the following reasons:

* To take the advantage of a specific technique,

* To determine the best applicable technique foptioblem at hand.

» To know the advantages and disadvantages of aitpehn

It is apparent that no technique is applicablelitalaa mining problems. To determine the best
technique suitable to the specific data mining gt familiarity with the available techniques

is necessary. There are many data mining classdicalgorithms available and commonly used
in various applications. The researcher used decisee, naive bayes, artificial neural network

and support vector machine mining algorithms is tiesearch.

2.4.1. Decision Trees

A Decision tree is a classifier expressed as arse@ipartition of the instance space. A decision
tree is "a flow-chart-like tree structure." (24)eddsion tree divide the records in the database
into subsets based on the values of one or madsfidhis process will be repeated for each
subset recursively until all the instances at eaothe fall in to a single class. The outcome of
decision tree is a tree shaped structure that tepiseries of decision made at each step. Then

these decisions are considered as rules for tkeotadassification (18).

Decision tree are powerful and widely used dataimgimethod for classification and prediction

(18). The strength and popularity of decision ti®elue to the fact that in contrast to neural
networks, it expresses the 'if-then' rules expicitn applications where the accuracy of a
classification or prediction of unknown instanceghe only thing that matters, that is, in cases
where how or why the model works is not importéath neural networks and decision tree can

perform a good job (17).

Decision tree methods are equally well suited atdhag continuous and categorical variables.
Categorical variables (take values in a pre-spatififinite set of possibilities), which pose
problems for neural networks and statistical teghes, come ready-made with their own
splitting criteria: one branch for each categorg.t®e other hand, continuous variables (that take
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numbers either real or integer values) are eqeaby to split by picking a number somewhere in

their range of values.

Decision tree induction is closely related to nmléuction. Each path from the root of a decision
tree to one of its leaves can be transformed ima@lesimply by conjoining the tests along the
path to form the antecedent part, and taking théslelass prediction as the class value. The
resulting rule set can then be simplified to imgrats comprehensibility to a human user, and

possibly its accuracy (25).

Decisions tree algorithm have three parameterss@tae: data partition (a complete set of
training tuples and their associated class labatjpute list (a list of attributes describingeth
tuples), and attribute selection method which gebsst discriminant attribute given tuples
according to class. This method employs an atilsetection measure, such as information gain
or gini index (15). The typical difference betweaaformation gain and gini index is that of gini
index enforces the resulting tree to be binary whaer information gain allows a multiway splits

or it allows two or more branches to be grown framode.

2.4.1.1. )48 Decision Tree Induction

The basic algorithms for decision tree inductioa igreedy algorithm which constructs decision
trees in a top down approach dividing each nodersaeely until a leaf node is encountered. The
following algorithm shows how decision tree algomis generate a decision tree from the given

training data (15).

Input: The training samples, samples, represented byetsaralue attributes; the set of
candidate attributes, attribute-list.

Output: A decision tree.

Method:

1) Create a node N;

2) If samples in D are all the same class, C then

3) Return N as a leaf labeled with the class

4) If attribute list is empty then

5) Return N as a leaf node labeled with tlesthacommon class in samples;
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6) Select test-attribute, the attribute among attréslist with the highest information
gain;
7) Label node N with test-attribute;

8) For each known value ai of test-attribute // paotit the samples

9) Grow a branch from node N for the condiittest-sample = ai;

10) let si be the set of samples in samplewliiach test-attribute = ai;

11) if si is empty then

12) Attached a leaf labeled with the mashmon class in samples;

13) else attach the node retured by Generatasibn tree (si, attribute-list-test-
attribute);

2.4.2. Naive Bayesian

Bayesian classifiers are statistical classifielseyl can predict class membership probabilities,
such as the probability that a given sample beldags particular class. Bayesian classifier is
based on Bayes’ theorem. Naive Bayesian classidigsame that the effect of an attribute value
on a given class is independent of the values efother attributes. This assumption is called
class conditional independence. It is made to sfynphe computation involved and, in this

sense, is considered “naive” (15).

2.4.2.1. Bayes’ Theorem

Let X be a data sample whose class label is unkndwrBayesian terms, X is considered
“evidence”. Let H be some hypothesis, such thatdat belongs to a specific class C. For
classification problems, our goal is to determin€HpX), the probability that the hypothesis H
holds given the observed data sample X). In othedg; we are looking for the probability that
sample X belongs to class C, given that we knovathréute description of X. (15)

P (H|X) is the a posteriori probability of X coridited on H. P(X) is the prior probability of X.
Bayes theorem is useful in that it provides a whgabculating the posterior probability, P(H/X),
from P(H), P(X), and P(X/H) (15). Bayes theorem is

P(X/H) P(H)

P(H/X) =
P(X)
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2.4.2.2. Naive Bayesian Classifier

The naive Bayesian classifier works as follows (15)

21

1.

Each data sample is represented by an n-dimensieadlire vector, X = (x1, x2, ...,
xn), depicting n measurements made on the sammbe fir attributes, respectively,
Al, A2, ..., An.

Suppose that there are m classes, C1, C2, ... , Gran@n unknown data sample, X
(i.e., having no class lable), the classifier willedict that X belongs to the class
having the highest a posteriori probability, comgited on X. That is, the naive
Bayesian classifier assigns an unknown sample etalass Ci if and only if

P (Ci/X) > P (Cj/X) fori< j<m, j#i.
Thus we maximize P(Ci|X). The class Ci for whicBifX) is maximized is called the

maximum posteriori hypothesis. By Bayes’ theorem

P(X/Ci) P(Ci)

P(X)
As P(X) is constant for all classes, only P(X|C{CP need to be maximized. If the

P(Ci|X) =

class a priori probabilities, P(Ci) are not knowthen it is commonly assumed that
the classes are equally likely, that is, P(C1) €R) = . . . = P(Cm), and we would
therefore maximize P(X|Ci). Otherwise we maximid®) P(Ci).

Given data sets with many attributes, it would lmmputationally expensive to
compute P(X|Ci). In order to reduce computationewraluating P(X|Ci), the naive
assumption of class conditional independence isemalis presumes that the values
of the attributes are conditionally independenbné another, given the class label of

the sample. Mathematically this means that
n
P(X|Ci) = [T P(xk/Ci).
K=1

The probabilities P (x1|Ci), P(x2|Ci), ... , P(xn/@an easily be estimated from the

training samples, where



A. If Ak is categorical, then P(xk|Ci)= is the numhErsamples of class Ciin T
having the value xk for attribute Ak, divided bgqr(Ci, T), the number of
sample of class Ciin T.

B. If Ak is continuous-valued, then the attribute ypitally assume that the
values have a Gaussian distribution with a mgaand standard deviation _
defined by

P(xk/Ci) = gk, uCi, oCi) = 1p2__ exp—-(x )2 2_2,
where g(xkuCi , 0Ci) is the gaussian (normal) density function fatribute

Ak, whilexCi and 0Ci are the mean and standard deviation, respelgtive

given the values for attribute Ak for training sdegpof class Ci.
5. In order to classify an unknown sample X, P(X|Qi¢i? is evaluated for each class
Ci. Sample X is then assigned to the class Cidfamly if
P(XI/Ci)P(Ci) > P(XICi)P(Ci) for 1< j<m, | #i.
In other words, it is assigned to the class Civitnich P(X|Ci) P(Ci) is the maximum.

2.4.3. Artificial Neural Network

The study of neural networks commonly referredgmeural networks has been motivated from
recognition of the fact that biological learningppesses are entirely different from the way the
traditional digital computers process informati@4); The biological brain is made up of very
complex and massive webs of inter-networked neurditiough the brain is “very complex,
nonlinear and parallel information processing,’isitpowerful enough to manage and control
neurons in order to successfully undertake very piem classification such as pattern
recognition, image recognition, perception and meotmtrol several times faster than the latest

digital computer, which is prevalent today (17,.25)

Although the human brain contains inter-networketiworks of about 18 neurons and each
neuron connected approximately to® X@eurons, is quick enough to make complex decisions
(24). According to Haykin (25), intellectuals thitkat the information processing abilities of
biological neural systems must emanate from higplrallel processes operating on

representations that are dispersed across a nwhbeurons. Therefore, one motivation for the
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study of neural network is to simulate highly pkalaihformation processing based on distributed
representations.

Neural networks are considered to be black boxeause of their non-linear behaviors and are
usually more complicated than other techniques. (IB¢y added that training a neural network
is a further challenge requiring setting with nuower parameters and the output of a neural
network is not as easily understood by the uséne@sutput seen by a decision tree tool. In spite
of this, neural networks are proving their worthegv day in a wide variety of practical
application. Moreover, several algorithms have médgebeen developed for the extraction of

rules from trained neural networks (15).

2.4.3.1. Structure of Neural Networks

The structure of neural network is very similathe structure of the neurons in the human brain.
All of the processing of a neural network is catrut by this set of neurons or units. Each

neuron is a separate communication device, dogngwh relatively simple job. A unit’s function

is simply to receive input from other units andadsinction of the inputs it receives, to compute

an output value, which it sends to other unitsutagayer is a processing element that receives
the input to the neural network and hidden layees @ocessing elements between a neural
network’s input layer and its output layer. On thier hand, output layer is the processing

element that produces neural network’s output. &learuld be a number of input, hidden and

output neurons in each corresponding layer. (15238

2.4.3.2. Classification of Neural Networks

Depending on the pattern of connectivity, two tymésnetworks can be distinguished: feed

forward and recurrent networks (25):

» Feed forward networks: are employed in situations when we can bring athefinformation
to bear on a problem at once, and we can preseattite neural network. In this type of
network, the data flows through the network in direction, and the answer is based solely
on the current set of inputs. In other words, thaye no feedback connection i.e. they have
no connections through weights extending from thgowts of a layer to the inputs of the
same or previous layer. Feed forward networks hawememory; their output is solely

determined by the current inputs and the valugbefveight.
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* Recurrent networks: are networks with feedback connections. In somefigarations,
recurrent networks re-circulate previous outputgkb#o inputs; hence, their output is
determined both by their current input and the@vpyus outputs.

Neural networks could also be discussed in termthef learning mechanisms. The learning

rule is the very heart of a neural network. It deiees how the weights are adjusted as the

neural network gains experience. Many networkssaosee variation of the Delta rule (to search
the hypothesis space of possible weight vectorBntb the weights that best fit the training
examples) for training. One type of the rule mostely used is back propagation.

Training algorithms can be classified as supervastiunsupervised training (24):

* Supervised training: is the process of learning in which the networkrsarom examples,
i.e. a pair of input vector with target vector aintng the desired output. The network is
provided with instances whose class are known abhdelarn from these instances. The
learning algorithm takes the difference betweendbreect output and the prediction of the
neural networks so that the prediction next timailde closer to the correct answer. The
neural network has to be given examples many timesrder to learn and make correct
prediction. The back propagation algorithm emplibwssupervised learning paradigm.

* Unsupervised training: is the process of learning in which the training@msists solely of
input vectors. In this approach of training there ao target outputs and it is impossible to
determine what the result of the learning procesk laok like. The network is simply
provided with a number of inputs and the networiamizes itself in such a way as to come
up with its own classification of inputs.

The back propagation algorithm is the algorithm stdered in this study since it is the most
widely used algorithm in the study of neural netkgorOften, back propagation algorithm
comprises the following three steps (24).

» The input pattern is presented to the network whetlee input pattern is propagated through
the network until they reach the output units. Tisvard pass would produce the actual or
predicted output.

» Then the desired output would be given as parhefttaining set, so that the actual output
can be subtracted from the desired output in dalgive the error signal.
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* In the last step the errors are passed back thrthemeural network by computing the
contribution of each hidden processing unit andividey the corresponding adjustment
needed to produce the correct output. The conneetieights are then adjusted and the
neural network is said to have learned from an eepee.

The above steps are repeatedly carried out foexamples in the data until the termination

condition of the iteration is satisfied.

2.4.3.3. Multilayer Perceptron

A Multilayer Perceptron is the most known and miosuently used type of neural network.
The signals are transmitted within the network ire alirection: from input to output. That is,
there is no loop; the output of each neuron doesfiect the neuron itself. This architecture is
called feed forward neural network. In the MLP stawe, the neurons are grouped into layers.
The first and last layers are called input and outpyers respectively because they represent

inputs and outputs of the overall network. The naing layers are known as hidden layers (26).

Typically, a multilayer Perceptron consists of & eé sensory units or source nodes that
constitute the input layer, one or more hiddenigyd computational nodes and an output layer
of computational nodes. The input signal propagttesugh the network in a forward direction
on a layer-by-layer basis. Multilayer Perceptroresseh been applied successfully to solve
difficult and diverse problems by training themaisupervized manner (26).

2.4.4. Support Vector Machine

Support Vector Machines (SVMs) are a set of relateethods for supervised learning,
applicable to both classification and regressioobf@ms. Since the introduction of the SVM
classifier a decade ago, SVM gained popularity tluets solid theoretical foundation. The
development of efficient implementations led to mwous applications (23)SVM is a
promising new method for the classification of blitiear and nonlinear data; it uses a nonlinear
mapping to transform the original training dataiathigher dimension (15).

To explain SVM; if it is a two-class problem whetiee classes are linearly separable, an
algorithm is implemented to find a special kindlioear models. Let xE Rn, (i= 1, 2, 3... m)
represents the vectors andsyi{1,-1}. The term fki) can be represented by a linear functions of
the form by yi=f(xi):
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f(xi) = (W.X)+b

L
small margin L]
gt — ] ——t

Figure 2.5: The 2-D training data are linearly sapke.

Where W is a weight vector namely, W= {W1, W2, W3 Wn} and b is a scalar, often referred
to as bias (15). There is infinite number of hypemp/ separating lines that could be drawn for
classifying the two-classes (15). To find the opilitimear model or Hyperplane (n dimensions)
that will have the minimum classification error previously unseen tuples, SVM search for
maximum marginal hyperplane (17).

Maximum marginal hyperplane is the one that givesdreatest separation between the classes
(17). Figure 4.1 depict that hyperplanes that aamectly classify all of the given data samples.
But larger margin are likely to be more accurateclassifying future data tuples than the
hyperplane with the smaller margin.

During learning phases, SVM searches for the hyaeepwith largest margin, which is the
maximum marginal hyperplane (MMH) (15). When deglmith the MMH, this distance is the
shortest distance from the MMH to the closest tragrtuple of either class (15). A hyperplane
separating the two classes’ decision boundary reayriiten as:

X=b+Xaiy:a(i).a
Here, yi is the class value of training instandg a¢hile b andoi are numeric parameters that
have to be determined by the learning algorithr(i$.aad a represent the vectors. The vector a
represent the test instances and a(i) are thertgaimstances.
2.4.4.1. Sequential Minimal Optimization
Sequential minimal optimization (SMO) implementge tBMO algorithm for training a support
vector classifier, using polynomial or Gaussiannkds. Missing values are replaced globally,

nominal attributes are transformed into binary oaesl attributes are normalized by default-note
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that the coefficients in the output are based ennitrmalized data. Normalization can be turned
off, or the input can be standardized to zero maah unit variance. Pairwise classification is
used for multiclass problems. Logistic regressioodets can be fitted to the support vector
machine output to obtain probability estimatesthi@a multiclass case the predicted probabilities
will be coupled pair wise. When working with spamsstances, turn normalization off for faster
operation. SMOreg implements the sequential minio@imization algorithm for regression

problems (17).

2.5. Data Mining in Electronic Health Records
The Healthcare Information and Management Systeatsey defines an Electronic medical
records (EHR) system as a clinical information eyst owned and operated by a healthcare

delivery organization, that serves as the legaineof a patient encounter. (27)

Data mining can be described as the inductive @gbrdo uncovering patterns in data. In the
particular case of data mining on EHR, the procegsires the application of machine learning
techniques, or more precisely, knowledge discovarydatabases. The use of data mining
techniques could allow the classification of patéeby risk category, or could help predict the
length of hospitalization for a specific patienteafa surgical procedurélhe knowledge
discovery process is as a multistep life cycle thegins with problem and data understanding,
explicitly highlights the large effort necessaryr fdata preparation, and then proceeds to
modeling and evaluation. The final phase is theay@pent of predictive models into existing
systems. (13)

Machine learning uses an inductive approach to weraog patterns in EMR’s in order to search
for mapping functions that relate a set of inputdaements to corresponding output variables.
Machine learning algorithms provide inductive, ddteven approaches to a wide variety of
tasks, such as classification and prediction. @Fleason tasks try to group individual data
entries into a known set of categories. Predidiagks look into the future, applying a model to

new data and making a qualitative classificatioe\@n a quantitative estimation. (13)
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CHAPTER THREE
TUBERCULOSIS

3.1. What Is Tuberculosis?

In 1882, the German scientist Robert Koch idertifee species of bacteridycobacterium
tuberculosis M.TB or tubercle bacilli) as the cause of tuberculo8is Tuberculosis (TB) is
bacterial disease caused by mycobacterium tubeaisu(@nd occasionally by mycobacterium
bovis and mycobacterium africanum). These organamslso known as tubercle bacilli or acid
fast bacilli (AFB). Most commonly TB transmitted by born spread of infectious droplets (12).

The bacteria usually infects the lungs, but caolver any other organ (28).

There are two general stages of the disease: tbsig infection (or latent TB) and active
tuberculosis. Individuals with tuberculosis infecti are asymptomatic and not contagious,
whereas individuals with active TB can be symptooand contagious (8). Usually the bacteria
enter a dormant state (latent tuberculosis infectiorBl), in which it remains for a period
lasting from weeks to many years (28uberculoses infection is necessary to developbiB,
overall only 10 percent of those with the infectiever develop active TB. Risk is higher for
children and for people with human immunodeficienegus (HIV) and other disorders that

impair immunity (8).

The principal source of infection is the patienthwI'B of the lung, or pulmonary TB (PTB) who
is coughing. This person is usually sputum smeaitipe. Coughing produces tiny infections
droplet nuclei. Droplet nuclei can be spread intlie air by talking, sneezing, spitting and

singing, and can remain suspended in the air fog fweriods. (29)

Pulmonary TB is the most common and leads to tlsruigtion of lung tissue and frequently
death if untreated. Symptoms include weakness,r fesfeest pain, cough, and when a small
blood vessel is eroded, bloody sputum. Active TB aso occur in other parts of the body, with
the brain (TB meningitis) being the most seriouB. dutside the lungs is more likely to occur

among children and people with HIV. (8)

28



3.2. Tuberculosis Infection

Tuberculosis infection occurs when a person cathegubercle bacilli inside the body, but the

bacteria are in small numbers and are dormant.eTesnant bacteria kept under control by the
body’s defense system and do not cause diseasestHge is known as latent TB. Many people
have TB infection and are well. When our body dséesystem get weak because of various
causes, the tubercle bacilli in the body will startmultiply and become numerous enough to

overcome the body’s defense and cause active wibsrs. (28, 29)

3.3. Risk of TB Infection

An individual risk of infection depends on the extef exposure to droplet nuclei and his/her
susceptibility of infection. The risk of infectioof a susceptible individual is high with close,
prolonged, indoor exposure to a person with spusmear positive PTB. The risk of
transmission of infection from a person with sputsirmear negative PTB is low, and even lower
from someone with extra-pulmonary TB. Infectiontwihycobacterium tuberculosis can occurs
at any age. Once infected with TB, a person canisfacted for many years, probably for life.

Infected persons can develop TB at any time. (29)

3.4. Epidemiology of TB

Tuberculosis has long been recognized as majorecafismorbidity and mortality (1).
Tuberculosis infects nine million people and kélmost two million people each year, primarily
in resource limited settings (30). TB has infectex® third of the world population. In 2000
there were an estimated 8.5 million new cases ofwbBdwide, 95% of TB cases and 98% of
TB deaths are in the developing countries. 75% Bfcéses in developing countries are in the
economically productive age group (15-50 yearspdf0, sub-Saharan African had the high TB

incidence of cases (6%) (29).

In Ethiopia, TB is a disease of major public hegltbblem. Unfortunately due to low health
service coverage and poorly developed health irdtion system, the actual magnitude of the
TB problem has not been accurately determined T6¢ National Tuberculosis and Leprosy
Control Program(NTLCP) estimates that the annual number of new cases d@ntousbout
90,000 of which about 45% are open pulmonary tubesis cases. Some of the main reasons

suggested for the widespread of pulmonary tubeswlare HIV infection, neglect of
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tuberculosis program, rapidly growing slums witlowded living conditions, lack of access to
modern health care and deficient medical servi¢gsAccording to the Global Report 2009 by
WHO, Ethiopia ranked as 7th among the TB high bardeuntries in the world, with an
estimated incidence of all forms of TB of 378 neas&s/100,000 population/year and 163 new
smear positive cases/100,000 population/year; stienated prevalence of all forms of TB is
579/100,000 population and 286/100,000 populat®riaa as smear positive TB is concerned
(31). According to Federal Ministry of Health (FM®Hhhanual, in 2007 the estimated incidence
was 314 per 100,000 population, smear positivescases 152 per 100,000 population, the
prevalence of all form of TB was 546 per 100,00@uation, and mortality rate was 73 per
100,000 population (7).

3.5. Diagnosis of Active TB

Current practice for diagnosis of active TB inclsideview medical history, clinical symptoms,
laboratory tests, chest x-ray, and tuberculin $&8t findings. Although these technologies have
been generally adequate, their deficiencies havemin the face of rising drug resistance and
the need to prevent the rapid spread of TB amongma who have HIV or who live in

congregate settings. (8)

The initial diagnostic laboratory test is the spatsmear in which a sample of the patient sputum
is stained with a dye for AFB and is examined uradeght microscope. However, only 50 to 80
percent of patients with active TB have positivatam smears, and the rate may be even lower
for people with HIV. Hence, negative smears carp®used to rule out TB. Chest x-rays are
also used to detect signs of the presence of TtBerungs or the damage caused by the disease
(8). Inthe case where diagnosis doubt persigtgum culture may be useful if suitable facilities
are available. In populations with a high prevagribe tuberculin skin test also used to identify
patients infected with M.TB. (11, 29)

Newer diagnostic technologies under study includeretic technique called polymerase chain
reaction (PCR) to amplify the amount of deoxyribcieic acid (DNA) material specific to
tubercle bacilli. PCR-based diagnosis has repeatediduced results in research conditions
within 48 hours. (8)
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3.6. Tuberculosis Control Program

WHO has declared that TB is global emergency, sxdiB is out of control in many parts of

the world. TB control program in the world has deped between 1948 and 1963. The new
realistic TB control program had been launched 9641 However TB did not decrease as
expected. The goals of TB control program are ttuced mortality, morbidity, and disease

transmission until TB no longer poses a threatuiolip health. The targets of the program are to
cure 85% of the sputum smear positive case deteotddo detect 70 % of existing cases of

sputum smear positive PTB. (29)

The successful TB control depends on health car&es® treating TB patient with national TB

program framework and full implementation of the T®strategies. This means ensuring the
accurate diagnosis and effective treatment of Bllp&tients. DOTS is way to ensure patients
adherence to treatment. This means that someormsipghe patient during the course of

treatment and watches the patient swallow the tsl(29)

DOTS strategy expanded and strengthen TB contdrpm. DOTS increase the global new
smear positive cases from 11% in 1995 to 45% ir328%d could reached 60% by 2005. The
WHO has developed new strategy, which builds onstieeess of DOTS and addresses unmet
needs, the global plan to stop TB (2006-20TBEe goal of stop TB strategy was to dramatically
reduce the global burden of TB by 2015 in line witie millennium development goals and the

stop TB partnership targets. (30, 32)

3.7. TB Situation in Ethiopia

Ethiopia is located in the North Eastern part ofi¢d, also known as the Horn of Africa. The
total population of Ethiopia is 85 million, accandito the national census conducted in 2007 by
Central Statistical Authority. Administratively treuntry is divided in 9 Regional States and
two City Administrative Councils (Addis Ababa and®Dawa).

Tuberculosis have been recognized as major pubhttinproblems in Ethiopia more than half a
century ago. The effort to control tuberculosisdre@ the early 1960s with the establishment of
TB centers and sanatorium in three major urbarnsarethe country. In 1976, in order to address
effectively the TB challenge, the Central Officetloé National Tuberculosis Control Programme

(NTCP) was established. The challenge to controiiTBthiopia is the emergence of multi-drug
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resistant TB (MDR-TB). The data from drug sensijitesting survey conducted in the country
between 2003 and 2006 shows that levels of MDR-i@8 &.6% and 11.8% in new cases and
retreatment cases of TB patients, respectively. ¢él@n these figures translate into large
absolute number of MDR-TB cases, who can transmiy desistant strains to others, especially
in overcrowding condition, high prevalence of HiVidamalnutrition. For these reasons, this

emerging problem calls for serious consideraticth @gent action. (33)

According to the WHO global TB report 2011, therergv an estimated 220,000 (261 per
100,000) incident cases of TB in Ethiopia in 20A6cording to the same report the prevalence
of TB was estimated to be 330,000 (394 per 100,0Di0¢re were an estimated 29,000 deaths
(35 per 100,000) due to TB, excluding HIV relateghtts, in Ethiopia during the same period
(34).

As far as the TB control program is concerned, dbentry achieved 100% geographical and
above 92% health facility DOTS coverage. Despitedhktensive expansion of DOTS service in
the country, the program performance indicatorsaianunsatisfactory, especially the case
detection rate. In 2007/2008 the country achievedse detection rate of smear positive TB of
34.5%, beside a treatment success rate of 84%38533,

Addis Ababa is the capital city of Ethiopia. Bagedthe 2007 census conducted by the Central
Statistical Agency of Ethiopia (CSA), Addis Ababasta population of about 3 million (36).
Addis Ababa is composed by 10 sub-cities; eachcongposed by a certain number of Kebeles.
Addis Ababa has 35 government health facilities 4@drivate health facilities that offer anti-
TB treatment. However, case detection for TB in i&délbaba is 63 percent, lower than the
WHO target of 70 percent. When patients are disagdpabout 80 percent are successfully
treated, mainly through the directly observed treatt short course (DOTS) (3).

3.8. Related Works

Tamer U. (5) conducted a research with title “FRedn the Existence of Mycobacterium
Tuberculosis on Patients by Data Mining Approadfiie objective of the study was to develop a
data mining solution which makes diagnosis of tabksis as accurate as possible and helps
deciding if it is reasonable to start tuberculdsgmtment on suspected patients without waiting

the exact medical test results or not. The study feaused on classification of tuberculosis
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patients. To make a correct diagnosis of tubercsil@smedical test must be applied to patient’s
phlegm. The study has tried to applied differentdeis on the data which are Bayesian
Networks, Multilayer Perceptron, JRip (a RIPPERoalym implementation), PART (a Partial

Decision Trees algorithm implementation), RSES @udgh Set algorithm implementation) and
ANFIS (Adoptive Network based Fuzzy Inference sygteThe study was mostly focused on
ANFIS method. The other methods that are useddomparison of ANFIS results. Based on the
finding of their study, the researcher concludest thNFIS is an accurate and reliable method
comparing to Bayesian Network, Multilayer Percepir®@ ART, JRip and RSES methods for

classification of tuberculosis patients. (5)

Asha T., et al. (9) conducted a research withla tEstimating the Statistical Significance of
Classifiers used in the Prediction of Tuberculasi#ie study was focused on classification of
Tuberculosis with statistical significance is reall at two stages. First stage is the comparison
of accuracies by classifying TB data into two catégs Pulmonary Tuberculosis (PTB) and
retroviral PTB (RPTB) i.e. TB along with AIDS usirgasic learning classifiers such as C4.5
Decision Tree, Support Vector Machines (SVM), Kimsa neighbor, Bagging and Naive
Bayesian algorithms. Second stage is evaluatingenfermance of these classifiers using paired
test to select the optimum model. The results efstudy showed that SVM is the best classifier,
for their data set there is no much significanfedénce in the accuracies of SVM and Decision
trees. SVM proves to be with 99.07 % accuracy agalacision tree with 99%. Bagging proves
to be better than K-nearest neighbor and lastlw®&&ayes. The researchers conclude that the
performance of a classifier in the classificatioh taberculosis is dealt with statistical
significance tests. It was found that SVM and Dedistrees are not statistically significant

whereas SVM and Naive Bayes have statistical s@gmt differences between them. (9)

Asia Nesredin (11) conducted a research with & tiMining Patients Data for Effective

Tuberculosis Diagnosis” is used as a base to lbédproposed study. The objective of study
was to apply data mining techniques to patients da establish meaningful relationships or
pattern for effective TB diagnosis. The researctcgzally looked at the use of clustering and
classification data mining techniques. The study thiad to apply k-means clustering with some
enhancements to aid in the process of segmentenddtaset into TB-positive and TB-negative.

The resulting cluster is then used for developimg tlassification model. Classification was
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employed in the study to identify patterns and fmtetthe occurrence of TB. The classification
task was made using J48 decision tree and NaivesBagssification algorithm and different
experimentation was done. The model developed fedipting purpose has an accuracy of
85.93%. The discovered knowledge from the J48 tetisee is presented by traversing the tree

for the easy of understand. (11)

Ali A. El-Solh, et al (10) with a title*“Predicting Active Pulmonary Tuberculosis Using an
Artificial Neural Network”. The objective of the study was to develop modehvait artificial
neural network using clinical and radiographic mfation to predict active pulmonary TB at the
time of presentation at a health-care facility isauperior to physicians’ opinion. The algorithm
used by the study was a general regression neatalork (GRNN) to develop the predictive
model. Predictive accuracy was assessed by théessinvhich is equivalent to the area under the
receiver operating characteristic curve. As a taselliral network achieved a sensitivity of 100%
(95% ClI, 91 to 100%) and a specificity of 72% (98% 65 to 77%). The physicians correctly
diagnosed active pulmonary TB in 22 of 47 patidontsa sensitivity of 47% (95% CI, 32 to
62%) and a specificity of 75% (95% CI, 71 to 79%he corresponding c-indices (6 SEM) for
the artificial neural network and the physiciansrev8.947 6+/- 0.028 and 0.61 6/- 0.045,
respectively (p, 0.001). Finally the researchemschale that an artificial neural network can
identify patients with active pulmonary TB more aately than physicians’ clinical assessment.
(10)



CHAPTER FOUR
RESEARCH METHODOLOGY,
DATA UNDERSTANDING AND PREPROCESSING

This chapter deals about research methodology,uhatarstanding and preprocessing. The detail
discussions about the project area, research desigrits six steps, evaluating the creditability
of the model, understanding of the data used fisr gtudy, descriptive statistical summary of
selected attributes and finally discussion abowpmcessing of the data employed through

cleaning dataset and transforming continuous atggto nominal.

4.1. Research Methodology

A research methodology is an arrangement of carditr collocation and analysis of data in a

manner that aims to address the research probleenréBearch methodology used by this study
was hybrid process model. This section deals with groject area, detailed discussion about

research design with its six steps.

4.1.1. Project Area

The study area was in Addis Ababa city administrgtwhich is the capital city of Ethiopia. With
average elevation of 2500 meter above sea level,city administration has a geographic and
territorial possession with an area of 540 sq. kish @ total population of about 3 million (36). Taer
are 79 government owned health facilities in th @dministration: 13 hospitals, 23 health cent@rs,
clinics and 34 health post3his study was conducted in two government hospiteimely,
Menelik Il hospital and St. Peter TB specializegpital.

4.1.2. Research Design

This study is designed to predict the occurrencéBbased on the data collected from Menelik
Il and St. Peter hospitals. A hybrid data mininggass model was applied. This process model
was developed by adopting Knowledge Discovery italiases (KDD) process and Cross-

industry Standard Process (CRISP-DM) models. Hybath mining model is selected for the

present study, because:

* It provides more general, research-oriented desonipf the steps,
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» It does emphasize the iterative aspects of theeggyarawing experience from previous
models, and

* It supports academia and industrial data miningegte.

Hybrid data mining process model has six stepserstdnding of the problem, understanding
the data, preparation of the data, data miningluatian and use of the discovered knowledge.

The activities performed in each of the thus stepsesented below.

4.1.2.1. Understanding of the Problem

The researcher communicated with the subject ex@ert also read related literature on the
problem domain to get familiar with the business, get familiar with domain specific
terminology, to determine the research objectives,define problems and corresponding

solutions, and to select the data mining tools @ppate to the problem domain.

4.1.2.2. Understanding of the Data

Understanding the data itself is a prerequisiteafoy data mining technique because, the result
of a knowledge discovery process highly dependghenquality of data. In this phase, the
original data collected for this research shoulddescribed briefly. This description includes
listing attributes; identifying missing values awdtliers, and evaluating the importance of

attributes to the research goal.

To understand patient medical record, discussicgr® wnade with domain experts. In addition,
to get familiar with the data and discover iniilagights of the dataset exploratory data analysis

was conducted using SPSS (statistical PackageofmalSScience) 16.0.

4.1.2.3. Preparation of the Data

In this phase data were undergone through dataagaepn to confirm the completeness of the
data, to avoid redundancy, missing values, outhersto verify the importance of attributes. The
major tasks include: description of data sourcesryclg out statistical summary measure,
finding out distinct value, filling missing valuegutlier and noisy data and data transformation /
reduction activities were also undertaken in thage so that the results meet the specific input

requirements for DM tools.

36



4.1.2.4. Data Mining Techniques

In this phase different mining techniques were etk to attain the proposed research
objectives. Predictive data mining techniques wesed to develop the model capable of
answering the stated problems. According to theputarity for the prediction of TB status,

among the available algorithms in WEKA machine h@ag software, the researcher selected
decision tree, naive bayes, artificial neural nekwvand support vector machine to build the

models. Detailed discussion of the four mining alms is presented in section 2.4.

4.1.2.5. Evaluation of the Discovered Knowledge

The result of Knowledge discovery process was eatlito reach at a certain conclusion which
is relevant to the problem at han#valuating the discovered knowledge also comprises
understanding the results, checking whether theodered knowledge is novel and interesting.
The investigator used confusion matrix; accuraeynsgivity, specificity and precision to evaluate

the performance of each of the models.

4.1.2.6. Use of the Discovered Knowledge

This final phase consists of planning where and tmwse the discovered knowledge. This last
step determines the success of the entire knowldidgevery process. To facilitatiee usability
of the knowledge discovered, this study integradedraphical user interface to support the
prediction of TB status of patients. The resultdho$ thesis work will be disseminated to the
following stakeholders and to any interested partior this reason, interested domain experts
and researchers can get access to the researdts r@slwas to support the decision making
process, or use it for further research in the ardar any other applicable reasons.

* The result of the study will be presented to theost of information science and to the

school of public health.

* A hardcopy of this thesis will be available at thibliographic library of the school of

information science.

« A softcopy of this thesis will be uploaded to Addibaba University electronic resource
official website.
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4.1.3. Evaluation of Credibility

The generated prediction model is evaluated tohraha@ certain conclusion which is relevant to
the problem at hand. It also comprises understandie results, checking whether the
discovered knowledge is novel and interesting. étassification, it is common to measure a
classifiers performance in terms of the error @tanisclassification rat¢€l7). The classifier
predicts class label of each instances and ifabrsect, counted as success, and if not counted as
error (15).

There are a number of techniques used to measutgaay such as the holdout (reserves a
certain amount of data for testing and uses thairgers for training), random sub-sampling, k-
fold cross-validation, and bootstrap method, wiselect datasets with replacement for training
and testing purpose (15, 17).

This study used k-fold cross validation to partitibe dataset in to training and test set, and then
to measure the accuracy of the developed modetrdss-validation, you decide on a fixed
number of foldsor partitions of the data. Then the data is spiib iK approximately equal
partitions and each in turn is used for testing Hredremainder is used for training. Once the
number of folds is decided (partitions of the datayl the data is split in to K approximately
equal partitions; each partitions in turn usedtfaming and testing (17). This is called K-fold

cross-validation.

This study used confusion matrix to evaluate theditability of algorithms performance.
Confusion matrix tells the correctly classified piee and negative records and incorrectly
classified records are used as well. It is a toobhalyzing how well the classifier can recognize
tuples of different classes (15). Given m clasaesynfusion matrix is a table of at least m by m.
For instance, in two class case with classes ydsnan reactive or non reactive, positive or
negative, or lend or not lend, a single predictias four different possible outcomes. The four
possible outcomes of a two-class prediction are pasitive (TP), true negative (TN), false
positive (FP) and false negative (FN) as shownahld 4.1.

True positive (TP) and true negative (TN) are tloerect classification. False positive (FP)
occurs when the outcome is incorrectly predictegeswhen it is actually no. False negative

(FN) are the positive tuples that were incorreptigdicted as no when it is actually yes (15, 17).
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Table 4.1 The outcomes of two-class prediction

Prediction Class
_ i Total
Positive Negative
Actual Positive TP FN TP + FN
Class Negative FP TN FP + TN
Total TP+ FP FN + TN TP+ FP+FN+ TN

Confusion matrix enable to assess how well thesiflas can recognize “yes” tuples and how

well it can recognize “no” tuples, the sensitivitiie true positive rate) and specificity (the true

negative rate) measure can be used respectivély (15

4.1.4. Ethical Consideration

Since the study employed secondary data, the sadid not have personal contact to the

patients’ and did not need to ask consents. Thearel is governed by the following ethical

considerations:

The researcher did nothing with personal idensfier

The research is purely dedicated to academic parpos

Ethical clearance was obtained from ethical conmaitf St. Peters TB specialized
hospital.

The necessary verbal permission was obtained fremelik |1 hospital director.

The research is purely for public benefits.

The research does not have harm on anybody in agg.w

4.1.5. Tools

The following tools have been used in the reseammtk:
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Ms-Excel: - used for data preparation and pre-Bsiog.

WEKA 3.6: - used for building models, evaluatiordamnalysis.

SPSS 16.0: - used for data pre-processing and rexpity data analysis.
Ms-Visual studio 2008: used for developing graphiszr interface prototype.



4.2. Data Understanding

In order to meet the general objective of this aede collecting representative data is a
prerequisite. Data understanding begins with ctibacof initial data. One of the main tasks in
data mining process is analyzing and understantiagcontent and structure of the collected
data.

4.2.1. Data Source and Data Collection

The data sources for this research are patierdlsdega (patient’'s medical records) taken from
Menelik 1l and St. Peters TB specialized hospitalss study used a total of 10,031 paper based
patients’ records, 5008 and 5023 from Menelik 1daBt. Peters TB specialized hospitals,
respectively.

The patient’'s medical record contains all the nemgsdata for the research. The researcher and
the data encoders hired by the researcher encdtidieadata from medical records into
Microsoft Excel workbook. This record consists db attributes, considered as the most
important and relevant information for the TB stapuediction.

4.2.2. Description and Quality of Data

Series discussions were conducted with domain ex@erd review of related research on the
domain area was made before selecting the targéiuses from medical records. Because of
these discussions and literature review, the rekeaselected 15 attributes. Table 4.2 shows the
attributes list along with their data descriptioldalata types. These attributes were selected due

to their relevance or significance in diagnosesibérculosis.

Quality data is a prerequisite for any data miniagks. To ensure data quality of this datasets;
selection of data encoder was done by considehneig €xperience in the research environment,
orientation was given for data encoder about da#dity and patient’s privacy, and supervision

were conducted during data collection by the primavestigator.
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Table 4.2 Attributes description

11

Al

No | Attributes Meaning Value Data typ
1 Sex Sex of the patient Male / Female Nomin
2 Age Age of the patient Numeric age values| Ntimeric
patient
3 Weight Weight of the patient Numeric weight valole| Numeric
patient
4 HIV Test result Patient test result for HIV Reaet Non Reactive Nominal
and Not Tested
HIV Performed Client tested for HIV Yes/No Nomina
6 Headache Whether the patient have | Yes/No Nominal
headache
7 Cough Whether the patient have | Yes/No Nominal
cough for about 2 weeks
8 Chest pain Whether the patient have patfes/No Nominal
around the chest
9 Bloody sputum Sputum mixed with a blood Yes/No oniihal
10 | Fever An expected increase in Yes/No Nominal
temperature
11 | Weight loss Whether the patient reducedYes/No Nominal
in weight
12 | Night sweating Whether the patient have | Yes/No Nominal
sweats
13 | Loss of Appetite| Whether the patient have [0&&s/No
of appetite.
14 | Shortness of Whether the patient have Yes/No Nominal
Breath problem in breathing
15 | TB Status Tuberculosis test result of thBositive / Negative Nominal

patient
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4.3. Descriptive Statistical Summary of Selected attributes

The dataset has been described and visualized Msangsoft Excel and SPSS 16.0 to examine
the properties of the dataset relative to the whetmrds. Simple statistical analysis has been
performed to verify the quality of the dataset sashmissing values, outliers and to obtain high
level information regarding the data mining questioHence, the selected attributes are

statistically described in details below. This ielgiul for understanding of the dataset for

experimentation.

4.3.1. Sex
The sex attribute describes the sex of the patisrfemale and Male. Out of the total of 10031
patients, 5458 are females and 4573 are malesplagied in Figure 4.1.

Sex

6,000

5,000

4,000

545¢ 457z

3,000

Frequency

2,000

1,000

0 T T
Female Male

Sex

Figure 4.1 Sex distribution of patients diagnossdIiB

Table 4.3 shows the distribution of tuberculosisedse between male and female. The dataset
shows that males are more likely to have the tubleses disease than females who took the test.
Out of 5458 females who were diagnosed for TB, 488te negative and the remaining (51%)
were TB positive. Whereas, out of 4573 males whrevdiagnosed for TB, 45.9% were negative

and the majority (54.1%) were positive
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Table 4.3 TB status Cross tabulation by Sex

TB status
Negative Positive Total
Sex Female 2674 (49% 2784 (51% 5458
Male 2099 (45.9% 2474(54.1 4573
Total 4773 5258 10031

4.3.2. Age

The age attribute contains the ages of the patranging from 0 year to 95 years. This attribute
has been grouped into ranges of different yearega{ue. 0-14, 15-24, 25-49, 50-64, and above
64). Out of the total data, there are 3 missingi@sl Figure 4.2 shows that most of the patients

diagnosed for TB are at the age range of 25-49.

8000+
6478
64.5%
6000
Age Binned
40001
1563
1193
50004 15.6% e
331 : 466
3.3% L 4-6%
ok — — -
0-14 15-24 25-49 50 - 64 Above 64

Figure 4.2 Age distribution of patients’ diagno$edTB

The distribution of TB disease within different agr@ups is displayed in Table 4.4. As shown in
the Table, 64% of the TB patients are in the aggeaf 25 — 49, 17.4% of TB patients are in 15
— 24 age range, 11.7% of the patients are in 5@ ag® range and the remaining 7.01% are
patients in the age range of 0 — 14 and Above &eB on the above discussion, the researcher

concludes that tuberculosis disease is more pretvateyoung and productive age group.
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Table 4.4 TB status cross tabulation by Age

TB status

Negative Positive Total
Age 1-14 239 (5%| 92 (1.75% 331
(Binned) | 15_ o4 650 (14%| 913 (17.4% 1563
25 _ 49 3102 (65%| 3376 (64.2% 6478
50 — 64 579 (12.1% 614 (11.7% 1193
Above 64 204 (4.3% 262 (5% 464
Total 4773 5254 10024

4.3.3. HIV Test Result
This attribute indicates whether the patient ha¥ ldi not. The attribute of HIV test result

contains three different values such as reactioe,reactive and not tested. Figure 4.3 shows the
HIV test results of patients.

HIV Test result

5,000

5,000

4500 5331
27T%

3,000

Frequeney

] 2712
1988 ey

19.8%

1,000

T T
Mon Reactive Mot Tested Reactive

HIV Test result

Figure 4.3 HIV test result of patients

4.3.4. Weight

This attribute indicates the weight of the patiéftte weight of the patient in the data ranges
from 6k.g to 108k.g. This attribute has not group®d ranges of different values originally in
the database. Weight attribute in this dataset$aom) 345 missing value because in some of
patients medical records weight field are blanka order to group the data in to different
intervals, the researcher decided first to reptaeemissing values manually by average weight

of each age and then grouped into different interlag using visual binning method. Details of
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binning process discussed in section 4.4.2. Thiestital summary of the weight attribute is
displayed in Figure 4.4.

Weight (Binned)

5,000 5700
56.€ %
£ 2000 3545
. 35.3%
429 357
1,000 4.3 % 3.€%
o T T T_ T

Weight (Binned)

Figure 4.4 Distribution of patients’ weight
The distribution of tuberculosis disease with iffedent weight group is shown in Table 4.5.
Based on this dataset, most TB positive patiergggesuped between the body weight of 31 and

50.
Table 4.5 TB status Cross tabulation by Weight

TB status
Negative Positive Total
Weight [Below 30 247 (57.5% 182 (42.4% 429
(Binned) |31 -50 1282 (36.2% 2263 (63.8% 3545
51— 70 3020 (53% 2680 (47% 570(
Above 70 224 (62.7% 133(37.3% 357
Total 4773 5254 10031

4.3.5. TB Status
This attribute indicates whether the patients hBEBedisease or not. It has two possible values,
namely positive or negative. Table 4.6 shows, dul@0)31 records, 4773 patients were TB

negative and the remaining 5258 patients were Tdige.
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Table 4.6 Summary of Patients’ TB status

TB Status Cumulative

Frequency Percent| Percent
Negative 4773 47.6 47.6
Positive 5254 52.4 100.0
Total 10,031  100.

4.3.6. HIV Performed
This attribute indicates whether the patient tesdedHIV or not. The attribute of HIV performed
contains two different values such as yes and mguré& 4.5 shows the statistical summary of

HIV performed attribute.

HIV Performed

8,000

6,000

7319
73%

4,000

Frequency

2,000 2712
27%

Ma Yes

HIV Performed
Figure 4.5 HIV performed of patients’

4.3.7. Clinical Symptoms of Patients’
The clinical symptom of patients’ such as headacbegh, chest pain, bloody sputum, fever,

weight loss, night sweating, loss of appetite amorthess of breath were contains two possible
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values such as yes and no. The statistical descabgatients’ clinical symptom presented in

Table 4.7.

Table 4.7 Summary of patients’ clinical symptoms

Clinical Symptom

Frequency and Percent

Yes

No

Headache

3297 (32.99

6734 (67.1%

Cough

8858 (88.3%

1173 (11.7%

Chest Pain

5831 (58.1%

4200 (41.9%

Bloody Sputum

640 (6.4%

9391 (93.6%4

Fever

5314 (53%

4717 (47%

Weight Loss

3635 (36.294

6396 (63.8%

Night Sweating

6084 (60%

3947 (39.3%

Loss of Appetite

4229 (42.2%

5802 (57.8%

Shortness of Breath

3357 (33.5%

6674 (66.5%

4.4. Data Pre-processing

This step consists of the core of data mining akeg much of the research time and effort of
the entire knowledge discovery process but, isibst necessary activity in data mining process
(15). Data preprocessing involves all the actidremabefore the actual data analysis process
starts. There are a number of data preprocesssig t@mvolved in this study such as data

cleaning, data transformation and data reductiamrigues. Each of these techniques are

discussed in detail as follows.

4.4.1. Data Cleaning

Data cleaning is a time-consuming and labor-intengirocedure but it is absolutely necessary
for successful data mining (17). Many of the erigtdata are not clean; they need the effort of
the researcher in the area to get clear of unadegen Data cleaning is a process which involves
filling in missing values, smooth noisy data, idBntand remove outliers, and resolving

inconsistencies.
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4.4.1.1. Handling Missing Values

Missing values are frequently indicated by outarige entries, perhaps a negative number in a
numeric field that is normally only positive or arDa numeric field that can never normally be
0. For nominal attributes, missing values may leiceted by blanks or dashes. Most datasets
encountered in practice contain missing values. (téntifying and solving those missed values
is needed to prepare the dataset for experimentdiecause of their popularity and familiarity
of the researcher with these software, the reseafes used Microsoft Excel and SPSS 16.0 for
exploratory analysis, identified missing values @andk necessary measure to handle missing

values.

In this dataset, two attributes namely age and eignsist 3 and 345 missing values, respectively.
For handling those missing values, the recommenelgthique is replacing the missing value with
the attribute mean for numeric variable; this mdthas been used to replace missed value for Age
attribute. But replacing missing value of patiemight with mean value for all age group patients is
not convenient because people with different age liifferent weight in average, so the researcher
decided using manual technique to replace missithgevof weight attribute with average weight of

each age.

4.4.2. Data Transformation

Data transformation is about transforming or coidsbing the data to make it appropriate for
mining. The process of data transformation carughelsmoothing (includes binning, regression,
and clustering which works to remove noise fromdh&), generalization (where low-level raw
data are replaced by higher-level concepts. Fompla numeric attribute of age may be
generalized to youth, middle age, and so on) amchalization (It is an operation performed on

attribute to scale the value that fall within a #repecified range) (15).

Among those techniques of transformation, datareigation / binning is selected by the

researcher. Binning is used to reduce data sizdiviging the range of a continuous attribute in

to interval. Interval labels can then be used aee the actual data values (17). Divide the
range of continuous values into N intervals of équze and give label for each interval. The
transformation of weight attribute was done throwdpservation of the dataset and discussion
with domain expert. Table 4.8 shows the resultiohéd weight attribute and their label.
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Table 4.8 Discretized result of patients’ weight

Weight (Binned) Cumulative
Label Frequency | Percent Percent
Below 30 429 4.3 4.3
31-50 3545 35.3 39.6
51-70 5700 56.8 96.4
Above 70 357 3.6 100.4
Total 10031 100.0

The other transformation done in this researchaissforming the numeric value of age attribute
to nominal. In order to transform the value of adjeibute, the researcher decided to categorize
patients’ age in to 5 width age ranges. Table Bdvs the binned age of patient.
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Table 4.9 Discretized result of Patients’ age

Age (Binned) Cumulative
Frequency | Percent Percent

1-14 331 3.3 3.3
15-24 1563 15.6 18.9
25-49 6478 64.5 83.5
50 - 64 1193 11.9 95.4
Above 64 466 4.6 100.C
Total 10031 100.d




CHAPTER FIVE
DATA MINING AND MODEL SELECTION

In this chapter, the researcher describes the igobs that have been used in developing models
to predict TB status of patients. Data mining dfasgtion methods were chosen to develop
predictive models. Different experiments were daoseg four algorithms: Decision Tree, Naive
Bayes, Support Vector Machine and Artificial NeuNgtwork in WEKA 3.6.8. This chapter

gives details of the experiments and performant¢eefmodels.

5.1. Experimental Setup

Datasets for this research were first encoded torddoft excel worksheet in XLS file format
and then converted to comma-separated value (QBMpfmat (as it can be seen in appendix 1)
because dataset with CSV file formats can be loaded/EKA software. XLS is default file
format for spread sheet program. But WEKA data ngrsoftware by default store data as an
attribute-relation file format (ARFF), which meath® datasets are needed to be converted from
a spreadsheet to ARFF. There are two ways of reptieg) datasets (that consist of independent,
unordered instances and not involved relationshipeng instances) in an ARFF file format
@a.

Mostly, spreadsheet and database programs allowrtexgp data into a file in CSV file format as
a list of records with commas in between. Then galy load the file into text editor or word
processor and add the dataset’s name using theai@retag, the attribute information using
@attribute tag, and data information with @dataaad save the file as raw text with ARFF file
format (17). Another method used to create ARFE ilto simply load the dataset in CSV file
format to WEKA software, and click on the save bnt{(in the preprocess tab) and save the
dataset with ARFF file format. Figure 5.1 shows shenple of machine understandable format of
the dataset in WEKA employed for this study. Data#seARFF file format was converted from
CSV by WEKA 3.6.8 software during data preprocessin

In this study 10,031 instances are ready for expantation after data preprocessing. In the first

chapter of this document the researcher plannedotopare the performance of the four
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classification algorithms as dataset size increabese datasets were created by partitioning the
whole dataset:

» Dataset 1: consists of 5008 records from MenellioBpital.

= Dataset 2: consists of 7508 records (5008 from Nlertehospital and 2500 from St.
Peters TB specialized hospital).

» Dataset 3: consists of 10,031 records (5005 fromelie Il hospital and 5023 from St.
Peters TB specialized hospital).

Note: Model comparison and best model selection d@®e using only dataset 3 (the main
dataset). Dataset 1 and 2 were created only foptipose of comparing the performance of
mining algorithms as the dataset size increases.

L= = ———— i =
| Full datazet pr?eptocesse;_ I.#E'“? E

Filte Edit Format WView Help
@relation 'Binned datasets’ A

@attribute AgeBinned {15 - 24''25 - 49' '50 - 64' 'Above 65''0 - 14"}
@attribute Sex {Male Female}

@attribute Weightbinned {'Below 30''51 - 70'.'31 -50"' "Above 70}
@attribute HWTestresult {Reactive,'Non Reactive','Not Tested'}
@attribute HWPerformed {Yes MNo}

@attribute Headache {Mo Yes}

@attribute Cough {Yes Mo}

@atiribute ChestPain {Mo,Yes}

@attribute BloodySputum {Mo Yes}

@attribute Fever {No Yes}

@attribute WeightLoss {MNo Yes}

@atribute NMightSweats {Yes, No}

@atiribute LossofAppetite {Mo Yes}

@attribute Shortnessofbreath {Mo, Yes}

@attribute TBstatus {Megative Positive}

@data

15 - 24' Male,'51 - 70" Reactive Yes Mo Yes Mo Mo Mo Mo Yes Mo Mo Megative
'25 - 49" Male,'51 - 7O' Reactive Yes Yes Yes No,No, ,No Yes No Mo No, Negative
15 - 24" Female,'51 - 70" Reactive Yes Mo Mo No Mo Mo Mo Mo No Mo Megative
25 - 49' Male,'51 - 70',Reactive Yes Mo, Yes Yes Mo, Yes Mo, Yes Yes Mo, Positive
‘25 - 49' Male,'51 - 70' Reactive Yes Mo Yes Mo Mo Mo Yes Yes Mo Mo Megative
'25 - 49" Male,'51 - 70" Reactive Yes Yes Mo Yes No Yes Mo Mo Mo Mo MNMegative
'25 - 49' Male,'51 - 70", Reactive Yes Mo Yes Yes Mo Mo, Yes Yes Mo Yes, Paositive
15 - 24' Female,'31 -50" Reactive Yes Yes Mo Yes No Mo Mo Yes Mo Yes Negative
'50 - 64' Male,'51 - 70' Reactive Yes Mo, Mo Mo Mo Mo Mo Mo Mo, Mo MNegative

| '25 - 49' Female,'51 - 70' Reactive Yes MNo Yes Yes Mo Yes Mo Yes Mo Mo Positive

-

< | 111 | e

Figure 5.1 ARFF file of the dataset generated byKWE
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The modeling phase in the data mining process isfittvestigation was carried out in three
phases and two sub-phases. The three phases oinesipi@tion were conducted using the three

datasets. The two sub phases were carried ouisisttdy by:
= Using all the 15 attributes of the datasets

» Using 7 best attributes of the datasets selectethéydata mining attribute selection

algorithm.

In this research, eight experiments were condueiddthe following experiment design of four
data mining algorithms and attribute selection.lrEatthe experiments is repeated three times

using the three datasets (once for each dataset).

Experiment I: using J48 decisions tree with defpaltameters and applying 15 attributes.
Experiment II: using J48 decision tree with defgatameters and 8 best selected attributes.

Experiment lll: using naive bayes with default paeters and applying 15 attributes.

R

Experiment IV: using naive bayes with default pagtars and applying 8 best selected

attributes.

5. Experiment V: using Sequential Minimal Optimizati@gorithm of SVM with default

parameters and applying 15 attributes.

6. Experiment VI: using Sequential Minimal Optimizati@algorithm of SVM with default

parameters and applying 8 best selected attribotée three datasets.

7. Experiment V: using Multilayer perceptron of ANNtWvidefault parameters and applying 15
attributes.

8. Experiment VI: using Multilayer perceptron of ANNtlv default parameters and applying 8

best selected attributes.

The test option used by this study was 10 fold £radidation for partition of the datasets into

training and test set. Data was divided into 1@ddpbhnd each in turn is used for testing and the
remainder is used for training. Each part is heltlio turn and the learning scheme trained on
the remaining nine-tenths; then its error ratealswated on the holdout set. Thus the learning

procedure is executed a total of 10 times on diffetraining sets (17). The researcher decided to
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use 10 folds because extensive tests on numerdasetis with different learning techniques,
have shown that 10 is about the right number afSdb get the best estimate of error, and there
is also some theoretical evidence that backs thi€lé). Before presenting the details of each of

the experiments conducted in this study, it is @aable to describe first how the best attributes

are selected.

5.2. Effect of Replacing Missing Values

In this datasets, two attributes namely age andghteconsist 3 and 345 missing values,
respectively. Records with missing values are al3ot®% of the total records. These missing
values were replaced by average mean for age ardges weight of each age for weight. The
researcher decides to conduct experiments to fgethie effect of replacing missing values.

These experiments conducted using J48 decisiorckassifier applied to dataset with replacing
missing values and dataset with removed records mitsing values. As shown in the Table
5.1, the performance of J48 decision tree was tbetieag dataset with replacing missing values

than dataset with removing records.

Table 5.1 Effect of replacing missing values

was applied to dataset

with removing records.

Model e gl .95 G ®
SE|S% 0wo |9Qw o o ol| 3
n S o O N O O O png|zac|o ©| O
£z Z - 0+ a X o|lhFFC|FFC|Wweoe|<

J48 with all attributes 9683 82 150 | 0.951 0.969 0.937 0.964 0.049 95.01%

was applied to dataset

with replaced missing

values.

J48 with all attributes | 10,031| 98 177 0.953 0.972 0.942 0964 0.047 95.24%

Therefore, the researcher decides to using datasletreplaced missing values for further

experimentation.
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5.3. Attribute Selection

To proceed with the experiments, feature subsetseh is performed. Feature selection is the
process of removing features from the datasetaitgirrelevant with respect to the task that is to
be performed. Attribute selection is useful forueithg the dimensionality of the data by deleting
unsuitable attributes which improves the perforneasiclearning algorithms. It also speeds them
up, although this may be outweighed by the commrtanvolved in attribute selection. More
importantly, dimensionality reduction yields a moommpact, more easily interpretable
representation of the target concept, focusingudes’s attention on the most relevant variables.
In general, feature selection techniques can kegodted into two: filter methods and wrapper
methods. Filter methods operate independently ef lgarning algorithms while wrapper
methods take into account the learning algorithonbd used (17). To select the best attribute
subset selector, the investigator compared twdate subset selectors: CFS (correlation-based
feature subset selection) subset evaluator with tis$ search method and information gain
attribute evaluator with ranker search method.

As it is seen in appendix 2, CFS subset evaluaecsbest attribute by evaluating the worth of
a subset of attributes by considering the indivichradictive ability of each feature along with
the degree of redundancy between them. CFS subslelator selected 7 best attributes, such as
HIV test result, cough, Chest Pain, Bloody sputiWvieight loss, Night sweats and Shortness of
breath.

Information gain attribute evaluator works by ewing the worth of an attribute by measuring
the information gain with respect to the cla&s.can be seen in appendix 3, information gain
attribute subset evaluator algorithm ranks thelbaiies based on the information gain with
respect to class. The researcher selected 7 bedtuess according to their rank from 14
independent attributes. Table 5.2 presented thie7battributes that were selected based on rank

given by information gain attribute evaluator aigon.



Table 5.2 Best attributes by information gain easbu.

Rank Attribute Name Possible Value Data Type
1 | Shortness of breath Yes / No Nominal
2 | Chest Pain Yes/ No Nominal
3 | Cough Yes / No Nominal
4 Weight loss Yes / No Nominal
5 Loss of appetite Yes / No Nominal
6 Night sweats Yes / No Nominal
7 HIV test result Reactive / Non reactive | Nominal

Not tested

The comparison between two attribute subset selectivas done based on accuracy, specificity
and sensitivity of a model developed using J48sdias with best 8 attributes (7 attributes
selected by CFS subset evaluator plus the clasbui#t-TB status and 7 attributes selected by
information gain attribute evaluator plus the claisibute). The result in Table 5.3 shows that
the model generated by J48 classifier with 8 b#gbates selected by information gain attribute

evaluator performed better than the model generbted best attributes selected by CFS

attribute subset evaluator.

Table 5.3 Comparison of two attribute subset setect

J48 with 8 best
attributes applie
to dataset 3

(main dataset)

Selection by CFS subset evaluator

Selection bymédion gain
attribute evaluator

Accuracy| Sensitivity

Specificity

Accuracy| Sensitivity | Specificity

93.3% 0.936

94.45%| 0.933 0.957

Therefore, the best attributes selected by infaonajain attribute evaluator are used for further

experimentation.
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5.3. Decision Tree Classifiers

Experiment 1
In this experiment, the performance of J48 classifi predicting TB status of patients using the
three datasets was evaluated. Three models weleusing J48 decisions tree with default

parameters and all (15) attributes.

Table 5.4 Decision tree result with all attributes.

Model 3 x No of | Size %‘ < ROC | TP TN FP >
E -g Leaves| of % %’ area | Rate | Rate | Rate %
g 32 Tree| £ | § g
J48 with all 5008 | 65 115 | 0.07 0.96 0.974 0.964 0.98.04 |96.1
attributes was 6 1 %
applied to dataset 1
J48 with all 7508 | 82 145 | 0.21 0.950.966 | 0.944| 0.96/ 0.04 | 95.2
attributes was 3 3 5 9%
applied to dataset P
J48 with all 10,031 98 177 0.6 0.950.972 | 0.942| 0.96 0.04 | 95.2
attributes was 3 4 7 4%
applied to dataset B

Table 5.4 shows the results (based on ten-foldscraldation) of experiment 1. With dataset 1,
out of 5008 records, 4813 were correctly classiied the remaining 195 (4%) instances were
incorrectly classified and, precision and receigperating character curve (ROC area) of the
model were 0.96 and 0.974 respectively. With dataseut of 7508 records 7154 were correctly
classified and the remaining 351 (4.6%) instancerevincorrectly classified and, precision and
ROC area of the model were 0.953 and 0.966 respégetiwith dataset 3, out of 10,031 records
9554 were correctly classified and the remaining @%7%) instances were incorrectly classified

and, precision and ROC area of the model were (a883.972 respectively.
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Experiment 2
The second experiment was conducted to investthatperformance of J48 classifier with the 8

best selected attributes. Three models were bsiitliguw48 decisions tree with default parameters
and best 8 attributes using the three datasetgeTdre three scenarios in this experiment for

testing the performance of J48 classifier.

Table 5.5 shows the results of experiment 2. Wakasket 1, out of 5008 records 4732 were
correctly classified and the remaining 276 (5.5%gtances were incorrectly classified and,
precision and ROC area of the model were 0.945089it4 respectively. With dataset 2, out of
7508 records 7085 were correctly classified and régmaaining 423 (5.6%) instances were
incorrectly classified and, precision and ROC adfathe model were 0.944 and 0.962
respectively. With dataset 3, out of 10,031 recd®d34 were correctly classified and the
remaining 557 (5.5%) instances were incorrectlgsifeed and, precision and ROC area of the

model were 0.945 and 0.968 respectively.

Table 5.5 Decision tree Results with best attribute

ROC | TP |TN |FP

No of | Size | & - >
Model S o o S @
= g Leaves| of s g area | Rate | Rat | Rate 5
= (&]
2 3 Tree | £ | £ ¢ g

J48 with 8 best 5008 25 48 0.05] 0.945 0.974 0.95 09D.04 |94.48
attributes was 36 |1 %

=)

applied to dataset

J48 with 8 best 7508 30 61 0.06| 0.944 0.962 0.99.9 [0.05|944
attributes was 2 46 |2 %

N

applied to dataset
J48 with 8 best 10,031| 35 66 05| 0945 0.968 0.99.9 |0.05 |94.44

attributes was 3 57 |4 %

w

applied to dataset

5.3.1. Decision Tree Evaluation

Six experiments were conducted based on all 1bhattis and 8 best selected attributes within

three datasets to evaluate the performance ofla48ifter. According to this datasets, the results
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of J48 classifier in Table 5.4 and Table 5.5 shbat wwhen the size of dataset increased, the
number of leaves, size of tree, false predictioR) (Fate and time taken to build model were
increased, whereas true prediction rate, precidtidC area and accuracy of the model were

decreased.

The attribute subset selection did not improvephdgormance of J48 classifier according to the
results of experiment 1 and 2. The number of leageze of tree, true positive (TP) rate

(sensitivity), true negative (TN) rate (specifigityprecision, ROC area and accuracy of the
generated models were decreased because of a&tgbhbset selection, whereas false prediction

rate of the models were increased.

5.4. Naive Bayes Classifiers

Experiment 3
The purpose of this experiment was to evaluatepsdormance of Naive Bayes classifier
algorithm using the three datasets. Three modelg Wwailt using naive bayes classifier with

default parameters and 15 attributes.

Table 5.6 Naive Bayes result with all attributes.

ROC | TP TN FP

Model g 4 g c >
c Ol o = ©
S g g ‘0 area | Rate | Rate | Rate =
2 3| e o 3
[ o <
Naive Bayes with all attribute$ 5008 | 0.01| 0.902 0.961 0.883 0.92 0.094 89.63

was applied to dataset 1 %

Naive Bayes with all attribute$ 7508 | 0.01| 0.872 0.951 0.844 0.913 0.116 87.2%

was applied to dataset 2

Naive Bayes with all attribute$ 10,03 | 0.01 | 0.877| 0.956 0.834 0.916 0.123 87.3%

was applied to dataset 3 1

Table 5.6 presents the results of experiment 3h\WWattaset 1, out of 5008 instances 4489 were
correctly and the remaining 519 (10.36%) were irexity classified and, the precision and ROC
area of the model were 0.902 and 0.961 respectiVéih dataset 2, out of 7508 instances 6546
were correctly and the remaining 962 (12.8) wepmirectly classified and, precision and ROC
area of the model were 0.872 and 0.951 respectiwsfith dataset 3, 8757 instances were
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correctly classified and 1274 (12.7) instances wecerrectly classified and, the precision and
ROC area of the model were 0.877 and 0.956 respdcti

Experiment 4

Three models were built using naive bayes classifith default parameters and 8 best selected
attributes applied to the three datasets. The Hoexperiment has been tested with three
scenarios using 10-fold cross validation.

Table 5.7 presents the results of experiment 4cémario 1, the result shows that 4497 instances
were correctly classified and the remaining 5112%) instances were incorrectly classified out
of 5008 instances and, the precision and ROC afetheo model were 0.902 and 0.964
respectively. In scenario 2, out of 7508 instan6&33 were correctly classified and the
remaining 935 (12.45%) were incorrectly classifeadl, precision and ROC are&the model
were 0.88 and 0.954 respectively. In the third aden8957 instances were correctly classified
and 1074 (10.70%) instances were incorrectly diassiout of 10,031 instances and, the
precision and ROC area of the model were 0.898)a8%irespectively.

Table 5.7 Naive Bayes results with best attributes

Model ROC | TP TN FP

O O o 8 S

S 23 7 area | Rate | Rate |Rate | 5

S E o

@ 5| E 0 3

£ ZF o <
Naive Bayes with 8 best attribute$008 | 0.01| 0.902 0.964 0.877 0.983 0.089.79
was applied to dataset 1 8 %
Naive Bayes with 8 best attributeg§508 | 0.01| 0.88 | 0.954 0.883 0.9%54 0.087.54
was applied to dataset 2 9 %
Naive Bayes with 8 best attribute40,03 | 0.01 | 0.898| 0.96 | 0.849 0.941 0.1(89.29
was applied to dataset 3 1 3 %

5.4.1. Naive Bayes Evaluation

Six experiments were conducted based on all 1buatitss and 8 best selected attributes within

three datasets to evaluate the performance of maiyes classifier. According to these datasets,
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the results in Table 5.6 and Table 5.7 show th&enhayes classifier generate inconsistent

results when the dataset size increased.

However,the attribute subset selection did improve theqrarénce of in naive bayes classifier
according to the result of experiment 3 and 4. €kperiments conducted with 8 selected
attributes have high model accuracy than the cporeding experiments conducted by all
attributes within the same datasets.

5.5. Support Vector Machine based classifiers

Experiment 5

Experiment five was conducted to evaluate the pewdoce of sequential minimal optimization
(SMO) classifier algorithm to predict TB status mdtients within the three datasets. Three
models were built using SMO with default parametard all attributes were applied to the three

datasets. Experiment 5 has been tested with tbes@msos using 10-fold cross validation.

Table 5.8 Support vector machine result with dfitaates.

© o c ROC | TP TN FP >
Model o ol 3 ) &
S 25 A7 area | Rate |Rate |Rate | 5
2 € o
a 5| E o 3
£t zZz|F (% <
SMO with all attributes | 5008 | 8.94 | 0.952 0.95 0.956 0.943 0.052 95.12%

was applied to dataset 1

SMO with all attributes | 7508 | 26.03| 0.947 0.947, 0.952 0.928 0.063 94.12%

was applied to dataset 2

SMO with all attributes | 10,031| 28.4 | 0.939 0.939 0.945 0.932 0.062 93.89%

was applied to dataset 3

Table 5.8 presents the results of experiment Schnario 1, the result shows that out of 5008
instances, 4764 were correctly classified and #maining 244 (4.87%) were incorrectly
classified and, the precision and ROC avédhe model were 0.952 and 0.95 respectively. In
scenario 2, the result shows that out of 7508 mt&ts, 7071 were correctly classified and the
remaining 437 (5.8%) were incorrectly classified atihe precision and ROC arehthe model

were 0.947 and 0.947 respectively. In scenarit@, résult shows that out of 10,031 instances,
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9419 were correctly classified and the remaining @L1%) were incorrectly classified, and the

precision and ROC ared the model were 0.939 and 0.939 respectively.

Experiment 6
Three models were built using SMO classifier witkfadilt parameters and best 8 selected
attributes applied to the three datasets. Expetifidras been tested with three scenarios using

10-fold cross validation.

Table 5.9 Support vector machine results with bsbutes

Model T - ROC | TP TN FP -
8 5|2 S @
c 9| = K% area | Rate | Rate | Rate | =
g g2 3} 3
®n S| E o 8
S Z|F S <
SMO with 8 best attributes5008 3.1 0.94 | 0.937 0.951 0.923 0.067 94.03%

was applied to dataset 1

™o

SMO with 8 best attributes7508 | 7.42| 0.932 0.932 0.9 0.938 0.0/7 91.58%

was applied to dataset 2

SMO with 8 best attributes10,031| 9.79| 0.917 0.91F 0.903 0.981 0.083 91.%9%

was applied to dataset 3

Table 5.9 presents the results of experiment &cbnario 1, the result shows that 4709 were
correctly classified and the remaining 299 (5.9%grevincorrectly classified out of 5008

instances, and the precision and ROC afethe model were 0.94 and 0.937 respectively. In
scenario 2, the experiment result shows that du75®8 instances, 6876 were correctly
classified and the remaining 632 (8.4%) were irexdty classified and, the precision and ROC
area of the model were 0.932 and 0.932 respectilrelycenario 3, the experiment result shows
that out of 10,031 instances, 9188 were corredtlgsified and the remaining 843 (8.4%) were
incorrectly classified and, the precision and RQ€aaof the model were 0.917 and 0.917

respectively.

5.5.1. SMO Evaluation

Six experiments were conducted based on all 1Haitr and 8 best selected attributes within

three datasets to evaluate the performance of SM€xifier. According to this datasets, the
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results of SMO classifier in Table 5.8 and Tabl@ &how that when the dataset size increased
the true positive rate, true negative rate, prenisiROC area and accuracy of the model

decreased, whereas false prediction rate and &keantto build model were increased.

The attribute subset selection did not improveghgormance of SMO classifier according to
the results of experiment 5 and 6. The true pragtiatate, precision, ROC area and accuracy of
the generated model were decreased, whereas faldietpn rate was increased due to attribute
subset selection.

5.6. Artificial Neural Network based classifiers

Experiment 7

Three models were built using multilayer percept(®iLP) classifier with default parameters
and all attributes applied to the three datasetpefiment 7 has been tested with three scenarios
using 10-fold cross validation.

Table 5.10 MLP result with all attributes.

Model ROC | TP TN FP

area | Rate | Rate | Rate

Instance
Number
Time(sec)
Accuracy

o| precision

MLP with all attributes | 5008 31.94
was applied to dataset|1

962 098y 0968 0.9 0.04 96.1%

MLP with all attributes | 7508 | 48.17| 0.953 0.978 0.957 0.948 0.04 95.29%
was applied to dataset|2

MLP with all attributes | 10,031| 61.37] 0.952 0.978 0.948 0.958 0.047 95.23%
was applied to dataset|3

Table 5.10 shows the results of experiment 7. Wataset |, out of 5008 instances 4816 were
correctly classified and the remaining 192 (3.8%Yavincorrectly classified and, the precision
and ROC area of the model were 0.962 and 0.98%ctsply. With dataset I, out of 7508
instances 7155 were correctly classified and theanmeing 353 (4.7%) were incorrectly classified
and, the precision and ROC area of the model wé&30and 0.978 respectively. With dataset Il,
out of 10,031 instances 9553 were correctly cleskind the remaining 478 (4.76%) were
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incorrectly classified and, the precision and RQ€aaof the model were 0.952 and 0.978

respectively.

Experiment 8
Three models were built using MLP classifier witbfallt parameters and best 8 selected
attributes applied to the three datasets. Expetif@dras been tested with three scenarios using

10-fold cross validation.

Table 5.11 MLP result with best attributes.

Model T ROC | TP TN FP >,
8 5|8 |8 S
c o2 ‘B area | Rate |Rate |Rate | &
_.CE E () ) >
® 5| E o 3
c Z|F o <
MLP with 8 best attributes 5008 8.86 0.951] 0.983 0.948 0.953 0.049 94.98%

was applied to dataset 1

MLP with 8 best attributes 7508 15.39| 0.95 0.981 0.94 0.944 0.051 94.23%

was applied to dataset 2

MLP with 8 best attributes 10,031 17.22| 0.945 0.976 0.936 0.955 0.054 94.46%

was applied to dataset 3

Table 5.11 shows the results of experiment 10cénario 1, the result shows that out of 5008
instances, 4757 were correctly classified and #maining 251 (5.01%) were incorrectly
classified, and the precision and ROC area of tbdeinwere 0.951 and 0.983 respectively. In
scenario 2, the result shows that out of 7508 mt&ts, 7077 were correctly classified and the
remaining 431 (5.7%) were incorrectly classifiedd ahe precision and ROC arehthe model
were 0.95 and 0.981 respectively. In scenario &,résult shows that out of 10,031 instances,
9476 were correctly classified and the remaining§ &5%) were incorrectly classified, and the

precision and ROC area of the model were 0.9430a9itb respectively.

5.6.1. Multilayer Perceptron Evaluation

Six experiments were conducted based on all 1hattis and 8 best selected attributes within
three datasets to evaluate the performance of Massifier. According to these datasets, the

results of MLP classifier in Table 5.10 and Tabl&lsshow that when the dataset size increased,
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the true positive rate, precision, ROC area andrracy of the model were decreased, whereas
false prediction rate and time taken to build madete increased.

The attribute subset selection did not improve ghgormance of MLP classifier according to
the results of experiment 7 and 8 results. The puegliction rate, precision, ROC area and
accuracy of the generated model were decreasedeashalse prediction rate was increased due

to attribute subset selection.

5.7. Discussion

To develop predictive models, J48, Naive Bayes, SiM@® MLP algorithms were used. A total
of 24 experiments were conducted based on albates and selected 8 attribute within the three
datasets. The experiments were designed to inedstitp whether increasing dataset size
improves or degrades the performance of the fagorahms; to evaluate the effect of attribute
subset selection on the performance of the fousrdilgns and to compare the performance of

the algorithms in predicting TB status of patients.

5.7.1. Effect of Attribute subset selection

The effect of attribute subset selection did imgrale performance of naive bayes classifier.
The experiments conducted by naive bayes classgifter8 selected attributes have high model
accuracy than the corresponding experiments coedubly all attributes within the same

datasets.

However,the attribute subset selection did not improvegedormance of J48, SMO and MLP
classifiers. Due to attribute subset selection, tlue prediction rate, precision, ROC area,
correctly classified instances and accuracy of mhedels were decreased, whereas false
prediction rate of the models was increased condparigh the results of the experiments
conducted using all attributes. Figure 5.2 shovesdbtcuracy of the classifiers before and after

attribute subset selection using dataset 3.

As shown in Figure 5.2 the performance of J48, SM@ MLP classifier decreased due to
attribute subset selection. This study conducteditiadal experiment to examine why the

attribute subset selection did not improve thegrerince of these classifiers.



O Accuracy with all
attributes

@ Accuracy with
selected attributes

148 Naive Bayes SmMo Multilayer
Perceptron

Figure 5.2 Effect of attribute selection on classifion accuracy.

Experiments were conducted to get the reason waypérformance of the algorithms decline
with the 8 best selected attributes. These expeatsngere conducted to search for the attribute/s
that is/are not chosen as best attribute/s by nmétion gain attribute evaluator but boost/s the
performance of the classifier. The newly addedtatte on the selected 8 attributes improve or
deteriorate the performance of the models comp@aréue result of experiment conducted with 8
best attributes. However, the performances of tassifiers with 9 attributes were still poor

compared to the performances of a classifier withtaibutes.

Table 5.12 presents the effect of attribute subskction in the performance of models with 8
and 9 attributes as compared with all attributese Tesults in the table show that the best
performing model was J48 classifier with all atitds. Some of the experiments conducted
using 9 attributes performed better than 8 besbates, whereas others performed worse than

the model developed using 8 best attributes.
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Table 5.12 Searching best attribute boost perfocemah J48 classifier.

c >
Model Time| TP | TN | FP | 3 |ROC| @
(sec) | Rate | Rate | Rate g | area 3
& <
J48 with all attributes 0.6 | 0.942 | 0.964 | 0.047 | 0.953 | 0.972 | 95.24%

J48 with 8 selected attributes 0.5 0.9833 0.957 4.08.945| 0.968| 94.44%

J48 with 8 selected attributes0.83 | 0.941| 0.957 0.051 0.949 0.9Y 94.85%
plus Bloody sputum

J48 with 8 selected attributes0.2 0.933| 0.961 0.052 0.947 0.968 94.61%

plus Headache

[72)

J48 with 8 selected attributes0.13 | 0.934 | 0.96 | 0.053 0.947 0.968 94.16%
plus Fever

JA48 with 8 selected attributes0.13 | 0.933 | 0.956/ 0.055 0.944 0.968 94.38%
plus Sex

J48 with 8 selected attributes0.17 | 0.933| 0.956 0.055 0.944 0.967 94.37%
plus weight

J48 with 8 selected attributes0.14 | 0.933| 0.957 0.054 0.945 0.967 94.43%
plus Age

As shown in the Table 5.12, the experiments comdliosing 9 attributes (best 8 selected plus
Bloody sputum or Headache) perform better thans} a#ributes but still poor compared with
all attributes. Therefore, the researcher decideccdnduct additional experiment with 10
attributes (best 8 selected plus Bloody sputumtéealdache). However, the performance of the
classifiers with 10 attributes was still poor comgato the performances of a classifier with all

attributes.

Table 5.13 presents the effect of attribute subslketction in the performance of the models with
8 best, 9 and 10 attributes as compared with tlbates. The results in the table show that the
best performing model was J48 classifier with #Hilautes. The experiment conducted using 10

attributes perform better than 8 best attributesSattributes.
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Table 5.13 Effect of attributes in the performantd48 classifier

Model Time| TP TN FP S ROC | >
(sec) | Rate | Rate | Rate Zg area g
o 8
o <
J48 with all attributes 0.6 | 0.942 | 0.964 | 0.047 | 0.953 | 0.972 | 95.24%
J48 with 8 selected attributes 0.5 0.983 0.957 4.08.945| 0.968| 94.44%

J48 with 8 selected attribute

plus Bloody sputum

50.83 | 0.941

0.957 0.051 0.949 0.9y 94.85%

J48 with 8 selected attribute

plus Headache

172}

0.2 0.933

0.961

0.052 0.94f 0.968 94.61%

Headache

J48 with 8 selected attribute
plus Bloody sputum and

50.52 | 0.941

0.961 0.048 0.951 0.9y 95.08%

5.7.3. Effect of Dataset Size

The performance of all models developed using wffe algorithms degraded as the data size

increases. The effect of dataset size in this ssimbyvs that increasing the dataset size decreases

the true prediction rate, precision, ROC area,emly classified instances and accuracy of the

model, whereas incorrectly classified instanceksefgrediction rate and time taken to build

model increased due to increasing dataset sizard-l3 presents that the accuracy of predictive

model.
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Figure 5.3 Effect of dataset size on classificaicouracy.



The results of this experiment indicate that chang#ataset size has impact on the performance
of mining algorithms. The researcher decided tedoats additional experiment to identify the
reason why the performances of mining algorithmseesed while dataset size increased. This
experiment was done using J48 classifier with pdusred unpruned parameter within dataset 1,
dataset 2 and dataset 3. Table 5.14 shows thag¢fteet of pruning on the performance of

predictive models as the data size increases.

Table 5.14 Effects of pruning.
J48 with all attributes and pruned J48 with all attributes and

parameter unpruned parameter
Accuracy| Sensitivity | Specificity | Accuracy| Sensitivity| Specificity
Dataset 1 96.1% 0.964 0.956 96.1% 0.962 0.96
Dataset 2 95.29% | 0.944 0.963 95.93% | 0.955 0.964
Dataset 3 95.24% | 0.942 0.964 95.29% | 0.945 0.962

As shown in the Table 5.14, the performances of rtieelels declined as the dataset size
increased in both pruned and unpruned models. Hemfev dataset 2 and 3, small improvement

has been observed in unpruned models compareé frined ones.

Based on the experiments conducted in this stuuy,résearcher concluded that increasing
dataset size decreases the performance of mingwithilms because increasing dataset size
increased complexity of model, increased numberut#fs generated, and decrease the model

accuracy, sensitivity and specificity. This is clgallustrated in Table 5.15.

Table 5.15 Effects of dataset size J48 classifiedals

J48 with all attributes

Instance
Number
Number of
Rules

Size of Tree
Sensitivity
Specificity
Accuracy

| (complexity)

Applied to dataset 1 5008| 65 1 0.964 0.956 96.1%
Applied to dataset 2 | 7508| 82 145 0.944 0.963 95.29%
Applied to dataset 3 10,031 98 177 0.942 0.964 495.

L4
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5.7.4. Model Comparison

One of the objectives of this study stated at thigal stage of the study was identifying which

data mining algorithm performs best in predictiing {TB status of patients. Therefore, the
experiments were carried out in this research ghision tree, naive bayes, support vector
machine and artificial neural network algorithmieTmodel for each experiment was built using
dataset 3 with all attributes and best selectetatés. Model comparison was performed using
performance evaluation matrix like true predictiate, false prediction rate, precision, ROC

area, time taken to build the model and accuracyadel. Table 5.16 presents the result of each

model.
Table 5.16 Performance evaluations of models.
5 oy
Model Time | TP TN FP ‘» | ROC @
(sec) | Rate | Rate | Rate 9 area 3
a b4
J48 with all attributes 0.6 0.94P0.964 | 0.047 | 0.953 | 0.972 | 95.24%

J48 with 8 selected attribute 0.5 0.9833 0.957 4.08.945| 0.968| 94.44%

[92)

Naive Bayes with all 0.01 |0.834| 0.916| 0.123 0.87¢ 0.956 87.3¢
attributes

Naive Bayes with 8 selected 0.01 | 0.849 | 0.941| 0.103 0.898 0.96 89.29%
attributes

SMO with all attributes 28.4| 0.945 0.932 0.062 0.930.939| 93.89%
SMO with 8 selected 9.79 | 0.903| 0.931 0.083 0.917 0.917 91.59%
attributes

MLP with all attribute 61.37 0.948 | 0.958 | 0.047 | 0.952 | 0.978 | 95.23%
MLP with 8 selected 17.22| 0.936| 0.955 0.054 0.945 0.9Y5 94.46%
attributes

As shown in Table 5.16, the comparison betweemtbéels focus on which algorithms produce
better outcomes. The highest accuracy of modethisnstudy, were generated by J48 decision

tree and MLP of artificial neural network. The misdeleveloped using J48 decision tree
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classifiers have accuracies of 95.24% and 94.44%xperiment 1 and 2 respectively. MLP
classifiers have accuracies of 95.23% and 94.468&periment 7 and 8 respectively.

The classifiers were also compared on the basisnod taken to build the model. Fastest
classifier in the study was naive bayes followedI#8 classifier, whereas slower data mining
algorithms were SMO and MLP. The experiments cotetlwith selected attributes took small

execution time than experiments with all attributes

The classifiers were also compared based on satsffirue positive rate) and specificity (true
negative rate). The highest sensitivity was scdrgdMLP of ANN classifier and followed by
SMO of SVM and J48 decision tree classifiers, whsrtowest sensitivity was generated by
naive bayes classifier. The specificity of the deped model was high in J48 classifier followed
by MLP of ANN classifier. Sensitivity and specitigiof the two best performing algorithms
were presented in the following two confusion magsi (Table 5.17 and 5.18).

Table 5.17 Confusion matrix of J48 classifier wathattributes.

Prediction Class
Total

Negative Positive
Actual | Negative | 4600 (TN) | 173 (FP) | 4773
Class positive | 304 (FN) | 4954 (TP) | 5258
Total 4904 5127 10031

As it is shown in Table 5.16, in J48 classifiez torrectly classified instances were 4600 + 4954
= 9554 (95.24%) and incorrectly classified instaneeere 304 + 173 = 477 (4.75%). The
sensitivity of the model was 4954 /5258 = 0.942 gpekificity of the model was 4600 / 4773 =
0.964.

Table 5.18 Confusion matrix of MLP classifier wih attributes.
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Prediction Class
Total

Negative Positive
Actual | Negative | 4571 (TN) | 202 (FP) | 4773
Class [“positive | 276 (FN) | 4982 (TP) | 5258
Total 4847 5184 10031




As it is shown in Table 5.17, in MLP classifieetkhorrectly classified instances were 4571 +
4982 = 9553 (95.23%) and incorrectly classifiedanses were 276 + 202 = 478 (4.8%). The
sensitivity of the model was 4982 /5258 = 0.948 spelificity of the model was 4571 / 4773 =
0.958.

In conclusion, the best performing algorithm amdimg four algorithms used in this study was
chosen by considering accuracy, sensitivity, spatif false prediction rate and time taken to
build model. Based on performance evaluator, thieroof best algorithms begins with J48
classifier followed by MLP classifier and SMO cldigs. The least performed algorithm was

naive bayes. The best algorithm selected for thengilataset was J48 decision tree.

5.8. Generated Rules from Decision Trees

In this study, J48 classifier has achieved relétitlee highest in most of performance evaluation
criteria compared to MLP, SMO and naive bayes dlgos. Therefore, the model generated by
J48 classifier with all (15) attributes was seldcis the best model that can predict the TB status
of patients’. As can be seen in appendix 4, J4&ubectree generated 98 rules for predicting TB
status of patients from which the researcher censd and discussed the rules that predict at
least 250 cases correctly. Based on this assumggiorules are selected from decision tree and

all of them were acceptable by the domain exp&ttese rules are listed and discussed below.

Rule 1.1F Shortness of breath = No AND Chest pain = NoDARIoody sputum = No AND
Weight loss=No : TB status = Negative (2640.0 Op7.

The above rule gives correct result for 2640 (973.6%he 2707 cases it covers. Patients who do
not have shortness of breath, chest pain, bloodiugpand weight loss are likely to be Negative

in their TB status.

Rule 2.IF Shortness of breath = No AND Chest pain = No ARDody sputum = No AND
Weight loss = No AND Night sweats = No: TB statusegative (399.0 / 32.0)

The second rule gives correct result for 399 (92.64t of 431 cases. Patients not having
shortness of breath, chest pain, bloody sputunghtédss and night sweats are Negative in their
TB status.
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Rule 3.IF Shortness of breath = No AND Chest pain = YeDABGbugh = Yes AND Night
sweats = Yes AND Loss of appetite = Yes AND Weéagist = Yes: TB status = Positive
(1218.0/6.0)

The third rule states that the patients havingtcpa®, cough, night sweats, loss of appetite and
weight loss are Positive in their TB status. Thike rproduced correct results for 1218 (99.5%)
out of 1224 cases.

Rule 4.IF Shortness of breath = No AND Chest pain = YeDABGbugh = Yes AND Night
sweats = No AND HIV test result = Reactive AND Welgss = No: TB status = Negative
(319.0/41.0)

This rule states that patients having chest pathamugh but do not have shortness of breath,
night sweats and weight loss with reactive HIV testult are Negative in their TB status. This

rule produced correct results for 319 (88.6%) dlBGH cases.

Rule 5.IF Shortness of breath = No AND Chest pain = YeDABbugh = No AND Night
sweats = Yes AND Weight = 51 — 70: TB status = Neg42150.0 / 22.0)

The above rule gives correct results for 2150 @&3.@f the 2172 cases. Patients whose weight
was between 51 — 70 with chest pain and night sa@ad not having shortness of breath and

cough are Negative in their TB status.

Rule 61F Shortness of breath = No AND Chest pain = Ye®ADbugh = No AND Night sweats
= No: TB status = Negative (501.0/ 10.0)

This rule states that patients not having shortoeésseath, cough and night sweats but having
chest pain are Negative in their TB status. This pmoduced correct results for 501 (98.2%) out

of 511 cases.

Rule 7.IF Shortness of breath = Yes AND Cough = Yes ANBsChpain = No AND HIV test
result = Reactive AND Fever = Yes AND Weight lo94cAND Headache = No: TB status
= Positive (356.0 / 9.0)
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The seventh rule states that patients with reattivetest result and having shortness of breath,
cough and fever, but not having chest pain and hidass, the result is TB Positive for 356
(97.5) cases out of 365.

Rule 8.IF Shortness of breath = Yes AND Cough = Yes ANBsCpain = No AND HIV test
result = Reactive AND Fever = Yes AND Weight losg¥es: TB status = Positive (281.0 /
1.0)

The above rule states that patients with reactiix tdst result and having shortness of breath,
cough, fever, and weight loss, but does not haestgbain are Positive in their TB status. This
rule gives correct result for 281 (99.6%) casesod282.

Rule 9.IF Shortness of breath = Yes AND Cough = Yes ANiesCpain = Yes AND Loss of
appetite = No AND Night sweats = Yes: TB statusosifive (438.0 / 12.0)

The above rule states that patients having shartofdsreath, cough, chest pain and night sweats,
but does not have loss of appetite are Positivehéir TB status. This rule produced correct
results for 438 (97.3%) out of 450 cases.

Rule 10. IF Shortness of breath = Yes AND Cougles AND Chest pain = Yes AND Loss of
appetite = Yes: TB status = Positive (1868.0 0)0.

The tenth rule states that patients having shastmésbreath, cough, chest pain and loss of
appetite are Positive in their TB status. This gilees correct results for 1868 (99.4%) cases out
of 1878 cases.
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5.9. Graphical User Interface Development

The development of graphical user interface in shisly was done using Microsoft visual studio
2008. This prototype graphical user interface igetigped based on the model generated by J48
decision tree classifier with pruned parameter @hdttributes. The rules used by the researcher
to design the graphical user interface for predgctihe TB status of patients are the 10 rules
listed and briefly discussed in section 5.8. Figitd shows the prototype user interface
developed for predicting the TB status.

Select the Vital Statistes and Clinical Symptoms of Patient
Sex - Weight loss -
Age v Night sweats -
Weight & Loss of appetite v
| Headache - Fever -
Cough - Shoriness of breath ¥
Chest Pain & HIV test result %
Bloody sputum hd
TE) Status

PREDICT TH STATUS J ‘

Figure 5.4 Prototype of the user interface for T&uss prediction

As shown in Figure 5.5, this prototype predictiondal can be used for predicting TB status of
patients based on the rules generated by J48 f@as3ihe sample result on Figure 6.5 shows
that the prototype predicts the TB status of thiepaas positive based on rule 7 shown in
section 5.8. The visual basic codes to predict T&us of patients written based on the ten
selected rules generated by J48 decision treerasemted in appendix 5 and 6.
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Sex Male Weight loss
Age 25-49 - Night sweats
Weight 51-70 = Loss of appetite
Headache Ne - Fever
Cough Yes = - Shoriness of breath  Yes
Chest Pain [ HIV test result Reactive

Bloody sputum

_rE} 51:&1:::5

PREDICT TE STATUS |

Figure 5.5 TB status prediction prototype userrfat®e with sample result
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CHAPTER SIX
CONCLUSION AND RECOMMENDATION

6.1. Conclusion

Tuberculosis is a disease affecting mostly youngltadin their most productive years. In

Ethiopia, TB is a disease of major public healtblgem. Ethiopia is now ranked seventh of the
22 highest TB burden countries, which collectivebntribute 80% of the global TB burden.

Early identification and isolation of TB cases isgtical to prevent further transmission,

morbidity and mortality caused by TB. Data miningM) has a potential to indentify hidden

knowledge from huge datasets. Many researchery agph mining to explore hidden pattern
from electronic medical records. It is possiblauge DM algorithms for analysis and predicting

the prevalence of positive TB cases.

The goal of this research was to apply the datangitechniques for predicting the TB status of
patients from patients’ dataset. This study attehpto identify the determinant attributes
affecting TB status of a patient, extract usefutdictive model from patients’ dataset and

developed a prototype graphical user interfacefi@ctive utilization of the predictive model.

In this research, the methodology was hybrid datang process model, that involves six steps
and the researcher properly went through all stEipis. study considers a total of 10,031 records
and 15 attributes to predict the TB status. Haigdbh missing values and data transformation
was done to prepare the dataset for experiment& mining algorithms were used in order to
build the models that can predict the TB statuthefpatients’. The algorithms used are decision
tree, naive bayes, support vector machine andcatiheural network. To evaluate the model
accuracy 10-fold cross validation was used andusioh matrix was used to evaluate model
performance.

Experiments are conducted to evaluate the perfacenah predictive models as the size of the
dataset increases. The results of this experinfeaws that increasing dataset size decrease the
performance of mining algorithms because increaslatpset size increased complexity of
model, increase number of rules generated, andeaeerthe model accuracy, sensitivity and
specificity.
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The prediction models were developed with all (afijibutes and 8 best attributes selected by
information gain attribute evaluator. The performanf J48, SMO and MLP was better with all
attributes than selected best attributes, whereagsaive bayes classifier, the performance

increased in selected attributes.

The most important attributes that determine TBestaf the patients are shortness of breath,

chest pain, cough, weight loss, loss of appetithtrsweats and HIV test result.

The evaluation of best performed algorithms comgbab®sed on accuracy, sensitivity,
specificity, false prediction rate and time takerbtiild model. Based on performance evaluator,
the best performing algorithms are J48 classibéoived by MLP classifier and SMO classifier.
The least performed algorithm was naive bayesitikssThe best selected model in this study
was generated by J48 decision tree with all atiesouThe accuracy of this model is 95.24%.

Hence, the best algorithm selected for the givasidtwas J48 decision tree.

JA48 classifier generated model was selected abdasiemodel that can predict the TB status of
patients. J48 decision tree generated 98 rulegréaticting TB status of the patients from which
the researcher considered only 10 rules that pgrediteast 250 TB cases correctly. Graphical
user interface was designed using these ten rlkesdevelopment of graphical user interface in

this study was done using Microsoft visual studdO&

The results achieved from this research indicaa¢ dlata mining is useful in bringing relevant
information from large and complex dataset so #waybody can use this information for

decision making.
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6.2 Recommendation

In this research, an attempt has been made toofihdhe potential applicability of data mining
technology to predict the prevalence of Positive CEBes. Even if this research has been done
for the academic exercise, its results are promitiroe applied in addressing practical problems
in prevention and control of tuberculosis. The aesker forwarded the following

recommendations based on the result of this study:

» This research attempted to develop prediction madélprototype graphical interface for
TB status prediction. There is, however, a needHerdevelopment of knowledge based
system for TB status prediction with domain expeftsis should be a future research

direction.

= Decision tree, naive bayes, support vector madimaeartificial neural network were the
selected mining algorithms for model developmenthis study. However, experiments
using more machine learning algorithms along withcimlarge data size need to be

conducted to see the effect and optimize the piiediof TB status.

» The study areas for this research are Menelik dl 8h Peters TB specialized hospitals.
These two hospitals were using paper based patiedical records when this research
was conducted. This made the research difficulttand consuming to encode important
variables from paper based medical records to ctenptliherefore, the implementation
of electronic medical record would be helpful fgphacation of data mining in the

domain area.

» In this study, experiments are conducted using d4Bie bayes, support vector machine
and artificial neural network with default parametd WEKA software. Therefore,
further researches cdre conductedby changing parameters of these four algorithms to

boost the accuracy of the models.

= Initially, the researcher planned to conduct tlasearch on the basis of the previous
research by Asia Nusredin. Accordingly, the redeardried to get Menelik Il patients’
dataset that was already used by the previousrdssaBut it was not possible to get

that dataset from the school of information sciennd the previous researcher. As a
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result, the researcher was forced to collect armbdm patients’ data from paper based
medical records. To alleviate the problems newareters face in this area, the school
and other concerned bodies should collect bothréipert work and dataset used for
model development. Researchers should also subeiitresearch works and dataset for

concerned stakeholders of the research.



REFERENCE

1. Vincent H. Developing a consumer health informatiesision support system using concept
analysis; 2007.

2. National Center for HIV/AIDS, Viral Hepatitis, ST@nd TB Prevention (CDC HIV), online

accessed fromww.cdc.gov/hiv Accessed date on November 29, 2012 at 6:00 PM.

3. WHO (2010/2011), Tuberculosis Global Facts, onéineessed fromww.who.int/tb/data
Accessed date on November 27, 2012 at 4:00 PM.

4. US Global Health Police, Tuberculosis High-Burdesu@tries (HBCs) 2012, online
accessed frorhttp://www.globalhealthfacts.org/data/topic/mapx@8pd=111. Accessed
date on December 1, 2012 at 4:00 PM.

5. Tamer U. Predicting the Existence of Mycobacterituberculosis on Patients by Data
Mining Approach, School of Natural and Applied Saes, Computer Engineering,
Bahcesehir University, Istanbul, Turkey; 2009.

6. Federal Ministry of Health, Disease prevention eoutrol program: ADIS in Ethiopia'3
ed., Addis Ababa, Ethiopia; 2000.

7. Federal Ministry of Health, Tuberculosis, Leprosgld B/HIV prevention and control
program manual,ed., Addis Ababa, Ethiopia; 2008.

8. Office of Technology Assessment, United States @Gzsgy The Continuing Challenge of
Tuberculosis; 1993.

9. Asha.T,S. Natarajan, K.N.B. Murthy. Estimating Statistical Significance of Classifiers
used in the Prediction of Tuberculosis. Journalomputer Engineering [Internet]. Vol. 5,
PP 05-13; 2012: 05-13

10. Ali A.E, Chiu-Bin Hsiao, Susan Goodnough, Joseptg&ani, Brydon J. B. Grant. Predicting
Active Pulmonary Tuberculosis Using an Artificiaélral Network [Internet]. 1999; 116:
968-973

80



11.Asia Nusredin. Mining patients’ data for effectiwderculosis diagnosis: The case of

Menelik 11 hospital. Adiss Ababa university; 2012.
12.Young D.B. Future Research Needs in Tuberculosiadbn, UK; 1994.

13.Kantardzic M. Data Mining: Concepts, Models, Methoand Algorithms. John Wiley &
Sons, Inc; 2003.

14.Sumathi S, Sivanandam S.N. Introduction to Datailgjrand its Applications, Springer-
Verlag Berlin Heidelberg; 2006.

15. Jiawei Han, Micheline Kamber. Data Mining: concaptl techniques, Simon Fraser

university, Morgan Kaufmann; 2001.

16.Fayyad U, Piatesky-Shapiro G, Smyth P. Knowledged®iery and Data mining: Towards a
Unifying Framework. CA; 1996.

17.Witten I.H, Frank E. Data Mining: Practical Machibearning Tools and Techniques.
Morgan Kaufmann, ¥ ed; 2005.

18.Berry M, Linoff G. Data Mining Techniques: For matlkg, sales and customer support.
New York: John Wiley and Sons, Inc; 1997.

19.David H, Heikki M, Padhraic S. Principles of Datanmg, Massachusetts, London, England:
MIT press; 2001.

20.Daniel T. LaroseDiscovering Knowledge in Data: An Introduction tat@ Mining,A John
Wiley & Sons, INC.; 2005.

21.Lior Rokach. Decomposition Methodology in Data Migi Department of Information
Systems Engineering, Faculty of Engineering ScisnBen-Gurion University of the Negev;
2006.

22.Daniel T. LaroseDiscovering Knowledge in Data: An Introduction tat@ Mining,A John
Wiley & Sons, INC.; 2005.

81



23.Cios K., Witold P. Roman S. and Kurgan A. Data MmiA Knowledge Discovery
Approach, New York, USA: Springer; 2007.

24.Mitchell M. Machine Learning. New York: The McGrarill Companies, Inc; 1997.
25.Haykin S. Neural Networks: A comprehensive FouradatUSA. Prentice-Hall, inc; 1994.

26.Popescu M., Perscu-Popesu L., Valentina E., Balds. ¥nd Mastorakis N. Multilayer

Perceptron and Neural Networks; 2009.
27.Naren R, David A. H, Benjamin J. K. Mining Electroidealth Records, 2010; 95-99

28.Fox GJ, Dobler C.C, Marks GB. Active case findingontacts of people with tuberculosis

(Review), Cochrane Collaboration and publishechen@ochrane Library; 2011.
29.WHO. TB/ HIV: Clinical manual, Stop TB Departmeﬂ'ﬁ,d ed., Geneva,; 2004.
30.WHO, Global Tuberculosis Control Report 2010. Gene&witzerland: WHO; 2010.
31.Mitchell M., Machine Learning. New York: The McGradill Companies, Inc; 1997.

32.WHO, THE GLOBAL PLAN TO STOP TB 2006-2015: Stop B#rategy. Geneva,
Switzerland: WHO; 2005.

33.FMOH, Ethiopia Tuberculosis, Leprosy and TB/HIV ®¥ation and Control Programme,
Manual, 4' Ed; 2008.

34.WHO, Global Tuberculosis Control Report 2011. Gene&witzerland: WHO; 2011.

35.FMOH, Guidelines for clinical and programmatic mgeent of TB, Leprosy and TB/HIV
in Ethiopia, Addis Ababa, Ethiopia™®d; 2012.

36.Addis Ababa City Administration, online accesseahihttp://www.addisababacity.gov.et
Accessed date on January 3, 2013 at 7:16 PM.

82



APPENDIXES

Appendix 1: Dataset Sample with CSV (comma delimited) File Format

I Home  Inset  Pagelayout  Fomules  Data  Reddew  View @-9x
| B 0 e ser Y|
o o e ¢ | o | e [ ks w0k L] M| N |o]|cry
Chest  Bloody Weight Night Lossof Shortness

1 Age  [sex Weight  HIV Testresult HIVPerformed Headache Cougn  Pain  Sputum Fever loss  Sweals Appetite ofbreath TBstatus

2 _!15 -4 Male 51-70  Reactive Yes No Yes No No No No Yes No No Negative

i'ZS -9 Male  51-70  Reactive Yes Yes Yes No No No Yes No No No Negative
_‘{1_.!15-‘24 Female 51-70  Reactive Yes No No No No No No No No No Negative

el !25-49 Male  51-70  Reactive Yes No Yes Yes No Yes No Yes Yes No Positive

6 _!25 -43  Male  51-70  Reactive Yes No Yes No No No Yes Yes No No Negative

1!25 -49  Male 51-70  Reactive Yes Yes No Yes No Yes No No No No Negative

_8__§ 25-49 Male 51-70  Reactive Yes No Yes Yes No No Yes Yes No Yes Positive
1?15-24 Female 31-50  Reactive Yes Yes No Yes No No No Yes No Yes Negative

1 .55{)- 64 Male 51-70  Reactive Yes No No No No No No No No No Negative

E'ZS 49 Female 51-70  Reactive Yes No Yes Yes No Yes No Yes No No Positive
_1_%_!25-49 Female 51-70  Reattive Yes No Yes No No Yas No No No No Negative
E!ZS-EIB Female 51-70  Reactive Yes Yes Yes No No No No Yes No No Negative
_14.550-54 Female 51-70  Reattive Yes No No Yes No Yes No Yes No No Negative

15|25 49  Female 51-70 Reactive Yes Yes No No No No No No No No Negative

16 .550 -64  Female 31-50  Reactive Yes No No Yes No Yes No No Yes Yes Negative

£|25 49 Male 3130 Resctive Yes No No No No No No No No No Negative
18125-49  Femgle 31-50  Reactive Yes No No No No No No No No No Negative
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Appendix 2: Result of CFS Attributes Subset Evaluator

Attribute selection output

=== Attribute Selection on all input data ===

Search Method:
Besat first.
Start set: no attributes
Search direction: forward
Stale search after 5 node expansions
Total number of subsesta evaluated: &8
Merit of beat subset found: 0.345

Attribute Subset Evaluastor (supervised, Class (nominal):
CFS Subset Evaluator
Including locally predictive attributes

Jelected attributes: 4,7,8,%,11,12,14 = 7
HIVTestresult
Cough
ChestPain
BloodySputum
WeightlLoss
HightSweats
Shortnessofbreath

15 TBstatus):

1




Appendix 3: Result of Information gain Attribute Evaluator

| | p;gp;ocml Classify I Cluster I Associate Select attributes visualize
Attribute Evaluator
[_ Choose ]iInfoGainAtl:ributeEval |

Search Method

| choose ]ERanker T -1.7976931 34586231 57E308 - -1 |

Attribute Selection Mode Attribute selection output
@ Use full training set o
_— _— Artribute Evaluator (supervised, Class {nominal): 15 TB status):
it ton s |1E|—| Information Gain Ranking Filter
Seed |1 |
Eanked attributes:
[(Nom)_ TE stahus - l 0.260931 14 Shortness of breath
_ 0.18504 8 Chest Pain
[ Start ] ! Stop | 0.171617 7 Cough
— - i 0.144358 11 Weight Losa
Result list (right options) 0.089679 13 Loss of Appetite

15:91:57 - Ranker + InfoGainAtributsEval 0.075633 12 Night Sweats
0.057994 4 HIV Test result
0.026111 3 Weight T
0.0243945 5 HIW Performed
0.021522 9 Bloody Sputum
0.013461 & Headachse
0.007547 1 Age =
0.001732 10 Fewer
0.000686 Z Sex
Selected attributes: 14,8,7,11,13,12,4,3,5,9,6,1,10,2 = 14
-
4 g [0 ] s

Status

o -
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Appendix 4: Rules generated by J48 decision tree

=== Run information ===

Scheme: weka.classifiers.trees.J48 -C 0.25 -M 2
Relation: Dataset 3 csv

Instances: 10031

Attributes: 15

Age

Sex

Weight

HIV Test result
HIV Performed
Headache
Cough

Chest Pain
Bloody Sputum
Fever

Weight Loss
Night Sweats
Loss of Appetite
Shortness of breath
TB status

Test mode: 10-fold cross-validation

=== Classifier model (full training set) ===

J48 pruned tree

Shortness of breath = No

| Chest Pain = No

| | Bloody Sputum = No

| | | Weight Loss = No: Negative (2640.0/$7.0

| | | Weight Loss = Yes

| | | | Night Sweats = Yes

| | | | | Loss of Appetite = No: Negat(6&.0/12.0)



| | | | | Loss of Appetite = Yes

| 1 1 | | | Cough-=Yes: Positive (EBLM)

| 1111 [ Cough=No

| 1| 1| ] | Sex=Male: Negative®)4

| 1111 ]| Sex=Female: Posit6/1.0)

| | | | Night Sweats = No: Negative (398200)

| | Bloody Sputum = Yes

| | | Cough=Yes

| | | | Weight Loss = No

| | | | | Fever=No

| | | | | | Headache = No: Negative({310)

| 1 1 | | | Headache =Yes

| 1|11 || Weight=51-70

| 11 || ]| | HIVPerformed = ¥essitive (4.0)
| 11111 | | HIVPerformed = Negative (3.0)
| 1| | | | | Weight=31-50: Nega(5.0)

| 1111 | | Weight=Below 30: Nidga(0.0)

| 1|11 | | Weight=Above 70: Naga(0.0)

| | | | | Fever=Yes: Positive (13.0/2.0

| | | | Weight Loss = Yes

| | | | | HIVPerformed = Yes: Positigd.0/1.0)
| | | | | HIVPerformed = No

| 1 | | | | NightSweats = Yes: Posi(.0)

| 1 1 | | | NightSweats = No: Nega(®®)

| | | Cough = No: Negative (57.0/2.0)

| Chest Pain = Yes

| | Cough=Yes

| | | Night Sweats = Yes

| | | | Loss of Appetite = No
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HIV Test result = Reactive

| Weight Loss = No

Bloody Sputum = No

Headache = No: Neg#54.0/8.0)
Headache = Yes

| Weight = 5D Negative (8.0/2.0)
| Weight = 31:B6sitive (3.0)

| Weight = Bel®® Positive (1.0)

| Weight = Ab@\@e Positive (1.0)

Bloody Sputum = Yessifiee (5.0)

| Weight Loss = Yes: Posi({@.0/3.0)

HIV Test result = Non Reactive

Fever = No: Negative (5@y2

Fever = Yes: Positive (0/R0)

HIV Test result = Not Tested

| Weight Loss = No

Bloody Sputum = No: Alidge (63.0/8.0)

Bloody Sputum = Yessithee (6.0)

| Weight Loss = Yes: Posifil#.0/1.0)

Loss of Appetite = Yes

| Weight Loss = No

Fever = No

Bloody Sputum = No

HIV Test resulReactive

| Sex = Male:ifRas(12.0/3.0)

| Sex = Femalkgdive (13.0/3.0)

HIV Test resultNen Reactive: Positive (5.0)
HIV Test resuliNet Tested

| Weight = 5D: Negative (12.0/3.0)
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| | | | | Weight = 31:B0sitive (14.0/5.0)
| | | | | Weight=Bel®® Positive (2.0)

| | | | | Weight=Abd\@ Negative (1.0)
| | | Bloody Sputum = Yessithee (7.0)

| | Fever = Yes: Positive (08HEL.0)

| Weight Loss = Yes: Positivel@.2/6.0)

Night Sweats = No

HIV Test result = Reactive

| Weight Loss = No: Negative (8141.0)

| Weight Loss = Yes

| | Loss of Appetite = No: Nidga(12.0/2.0)
| | Loss of Appetite = Yes:ifds (25.0/5.0)
HIV Test result = Non Reactive

| Headache = No

| | Weight Loss = No: Negafi#.0/2.0)

| | Weight Loss = Yes

| | | Fever=No: Negative/y0)

| | | Fever=Yes: Posit@®)

| Headache = Yes

| | Fever =No: Positive (157.0)

| | Fever=Yes

| | | Bloody Sputum = No: Bliage (5.0)
| | | Bloody Sputum = Yessitee (2.0)
HIV Test result = Not Tested

| Bloody Sputum = No

| | Weight Loss = No: Negafi{é3.0/8.0)
| | Weight Loss = Yes

| | | Headache = No

| | | | Fever=No: Negaf.0/1.0)



11111 1| Fever=Yes

| 1 I 1 | ]| ] | LossofApmetitNo: Negative (2.0)
| 111 11 | | | LossofApgettYes: Positive (5.0)
| 1 11 | | | Headache = Yes: Negd#h0)

| | | | | Bloody Sputum = Yes: Positiyé)

| | Cough=No

| | | Night Sweats = Yes

| | | | Weight=51 - 70: Negative (2152002

| | | | Weight=31-50

| | | | | Weight Loss = No

| 1 | | | | Age=15-24: Negative.(23.0)

| I 1111 Age=25-49

| | | | | | | Fever=No:Negative/(R0)

| 1 11| | | Fever=Yes

| 1 | | | ] | | HIVTestresulReactive

| 111111 | | Headache =Megative (3.0/1.0)

| 111111 | | Headache = Pesitive (17.0/1.0)

| 1 1 | | ] | | HIVTestresultNen Reactive: Positive (0.0)
| 1| 111 | | HIVTestresultNet Tested: Negative (2.0)
| 1 | | | | Age =50 - 64: Positivéd(5.0)

| 1 1 | | | Age = Above 65: Negativ®)0

| 1 11 | | Age=0-14: Negative 0.0

| | | | | Weight Loss = Yes: Positivé)4.

| | | | Weight = Below 30: Negative (8.0)1.

| | | | Weight = Above 70: Negative (7.0)

| | | Night Sweats = No: Negative (501.0/10.0
Shortness of breath = Yes

| Cough = Yes

| | Chest Pain =No
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HIV Test result = Reactive

Fever = No

| Night Sweats = Yes: Positivé @8.0)

| Night Sweats = No

| | Bloody Sputum = No: Nega{(¢3.0/2.0)
| | Bloody Sputum = Yes: Pusifi7.0)
Fever = Yes

| Weight Loss = No

| | Headache = No: Positivés(@8.0)

| | Headache =Yes

| | | Night Sweats = Yes:itR@s(21.0/5.0)
| | | Night Sweats = No: Nizga(13.0/3.0)
| Weight Loss = Yes: Positivel(28L.0)

HIV Test result = Non Reactive

Fever = No: Negative (11.0/2.0)
Fever = Yes

| Night Sweats = Yes: Positive @)

| Night Sweats = No: Negativ@/(4.0)

HIV Test result = Not Tested

Night Sweats = Yes

| Weight Loss = No

| | Bloody Sputum = No

| | | Loss of Appetite = No

| | | | Fever=No: Negafill.0)

| | | | Fever=Yes

| |1 | ] | Sex=Male:ifhas(3.0)

| | | | | Sex=Femakgaive (4.0/1.0)

| | | Loss of Appetite = YRssitive (14.0/2.0)
| | Bloody Sputum = Yes: Pusi(9.0)



| | | | | Weight Loss = Yes: Positive.(23

| | | | Night Sweats = No: Negative (27.@Qy4
| | ChestPain = Yes

| | | Loss of Appetite = No

| | | | Night Sweats = Yes: Positive (4882®)
| | | | Night Sweats = No

| | | | | Weight Loss = No: Negative (29.0)
| | | | | Weight Loss = Yes: Positive.Q12.0)
| | | Loss of Appetite = Yes: Positive (18680.0)
| Cough = No

| | Bloody Sputum = No

| | | Weight Loss = No: Negative (116.0/8.0)
| | | Weight Loss = Yes

| | | | Night Sweats = Yes

| | | | | Loss of Appetite = No: Negaii2e))

| | | | | Loss of Appetite = Yes: Posit{s.0)

| | | | Night Sweats = No

| | | | | Fever=No: Negative (10.0)

| | | | | Fever=Yes

| | | | | | Weight=51-70: Nega(i@®/2.0)
| 1 1 | | | Weight=31-50: Positi2eD}

| 1 |1 | | | Weight=Below 30: Negaii@e)

| 1 1| | | Weight=Above 70: Nega(@®)

| | Bloody Sputum = Yes: Positive (9.0)
Number of Leaves : 98

Size of the tree : 177

Time taken to build model: 0.6 seconds

=== Stratified cross-validation ===
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=== Summary ===

Correctly Classified Instances 9554
Incorrectly Classified Instances 477
Kappa statistic 0.9048

Mean absolute error 0.0754
Root mean squared error 0.2047
Relative absolute error 15.1082 %
Root relative squared error 40.9906 %
Total Number of Instances 10031

95.2447 %

4.7553 %

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision

0.964 0.058 0.938
0.942 0.036 0.966
Weighted Avg. 0.952 0.047 0.953

=== Confusion Matrix ===

a b <-- classified as
4600 173 | a=Negative
304 4954 | b=Positive
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Recall F-Measure
0.964 0.951
0.942 0.954

0.952 0.952

ROC Area Class
0.972 Negative
0.972 Positive

0.972



Appendix 5: Visual Basic Code for Reset and Close Buttons

Private Sub Button3 Click(ByVal sender As System.Object, ByVal e As System.EventArgs) Handles Button3.Click, Button3.Click
End
End Sub

Private Sub Button? Click(ByVal sender As System.Object, ByVal e As System.EventArgs) Handles Button?.Click
chl. Text = "
ch2 Text = "
chi.Texgi= 2%
chéd. Text = "
chS:Texg /= 2%
ché.Text = "
ch7.Text = "
chl. Text ="
ch9.Text ="
cb10.Text = ™
cbll.Text = ™
cbl2. Text ="
chld.Text =™
thatatus Text = "
End Sub
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Appendix 6: Visual Basic Code to Predict TB Status Button

Private Sub Buttonl Click(ByVal sender As System.Object, ByVal e As System.EventArgs) Handles Buttonl.Click

If cbl2.Text = "No" And cbé.Text = "No" And cb7.Text = "No" And cbf Text = "Ho" Then
thatatua. Text = "Negative"

Elself cbl2,Text = "No" And cbé.Text = "No" And cb?.Text = "No" And cb8.Text = "Ves" And cb9.Text = "Ho" Then
thatatus, Text = "Negative"

ElseIf cbl?.Text = "No" And cb6.Text = "fes" And cbS.Text = "{es" And cbd.Text = "Yea" And cbl0.Text = "Yes" And cbf.Text = "Yes" Then
thatatus,Text = "Positive”

Elself cbl2,Text = "No" And cbé.Text = "Yes" And chi.Text = "Yes" And cbd.Text = "No" And cbl3.Text = "Reactive" And cbd.Text = "No" Then
thatatus. Text = "Negative”

El3elf cbl2,Text = "No" And cbf.Text = "Yes" And chi.Text = "No" And cb9,Text = "Ya3" And cb3,Text = "51 - 70" Then
thatatua, Text = "Negative”

Flaelf cb12,Text = "No" And cbé.Text = "Yes" And chi.Text = "No" And cb9.Text = "Ho" Then
thatatua, Text = "Hegative”

Elself cbl2,Text = "Yes" And cbd,Text = "fes" And cbé,Text = "Ho" And cbl3.Text = "Reactive” And cbll.Text = "Ves" And cbE.Text = "Ho" And cbd.Text = "
thatatus,Text = "Positive”

ElseIf cbl?.Text = "Yea" And cbd,Text = "fes" And cbé.Text = "No" And cbl3.Text = "Reactive” And cbll.Text = "Yes" And cbf.Text = "ea" Then
thatatus, Text = "Positive”

Elself cbl2,Text = "fea" And cb,Text = "fes" And cbé,Text = "Yea" And cbl0.Text = "Ko" And cbl.Text = "Yes" Then
thatatus.Text = "Positive”

Elself cbl2,Text = "Yea" And cbd,Text = "{es" And cbé Text = "Yes" And cbl0.Text = "Ye3" Then
thatatus, Text = "Positive”

Flself cbl.Text = "™ &nd cbl.Text = "" And ch2.Text = " And cb3.Text = " And cbd.Text = " And cb5.Text = ™ And cbé.Text = " And ch?.Text = " And
thatatus, Text = "Select Data First”

Elae
thatatus, Text = "Unknown Caze"

End If

End 5ub
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