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ABSTRACT

Background: Tuberculosis is the second most common causes of death throughout the world
next to HIV/AIDS. Ethiopia is also among the high burden countries. Though the disease has
been a cause of death for millions of people around the globe, it is curable. Prediction of
treatment outcome of TB patients using data mining techniques help the effort to stop TB-

health problem.

Objective: The objective of this research was to prepare a predictive model for TB treatment

outcomes that assist clinical decisions in connection with TB treatment.

Method: The six steps Ciso et al Hybrid Model were used. A total of 6332 instances were
collected from five health centers of Addis Ababa City Government that provide tuberculosis
treatment. A pre-processed the data was fed in to data mining tools with selected classification
algorithms. These algorithms were J48, Naive Bayes, SMO and PART. Accuracy and Area under ROC

were the metrics used to compare models generated by the algorithms.

Result: After successive experiments using the four algorithms, PART algorithm revealed best
performance. An accuracy of 81.32% and area under ROC=0.89. The algorithm generated five
rules for the three treatment outcomes and the rules were found to be interesting for experts.
The rules contain the following predictor variables for treatment outcome: HIV Status, Sex, Age,

Initial Weight with second month weight and Patient Category.

Conclusion: The findings from the research indicated that for the tuberculosis dataset with class
imbalance PART found to be the best learner algorithm and most importantly clinical decisions
such as diagnosis, prognosis and resource allocation can be supported by data mining

techniques.
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CHAPTER ONE

INTRODUCTION

1.1 BACKGROUND

Health care, health management, health policy and health planning all depend on having useful
information to make decisions. Health Informatics provides useful information for such decision

making. Therefore, informatics leads to better health [1].

Health Informatics is a rapidly growing field that is concerned with applying Computer Science

and Information Technology to medical and health data [2].

Zaiane [2] provides an even more specific definition, which divides Health Informatics into four

subfields:

Health Informatics is the computerization of health information to support and optimize
(1) administration of health services; (2) clinical care; (3) medical research; and (4)
training. It is the application of computing and communication technologies to optimize
health information processing by collection, storage, effective retrieval (in due time and
place), analysis and decision support for administrators, clinicians, researchers, and

educators of medicine.

The ever-increasing of health informatics tools such as computers, the Internet and Tele-health

and other potentially powerful technologies results in the explosion of medical data.

In order to generate useful information from this massive amount of medical data, data mining

should be applied to the field of health informatics.

Data mining is the process of finding previously unknown patterns and trends in databases and
using that information to build predictive models. Alternatively, it can be defined as the process
of data selection and exploration and building models using vast data stores to uncover

previously unknown patterns [2].
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One sub-field of Health Informatics, according to the definition given above, is clinical care. In
clinical settings, applying data mining techniques on the centralized database would provide
doctors with analytical and predictive tools that go beyond what is apparent from the surface of

the data.

For instance, a new practitioner can query for all the decisions that previous practitioners have
made on a similar case. Similarly, a data mining predictive model can advise doctors whether a

certain case would be better treated as an outpatient or an inpatient [2].

Tuberculosis (TB) is a common and often deadly infectious disease caused by mycobacterium;
in humans it is mainly Mycobacterium tuberculosis. 1t usually spreads through the air and
attacks everyone especially low immune bodies such as patients with Human

Immunodeficiency Virus (HIV) [4].

It is a disease which can affect virtually all organs, not sparing even the relatively inaccessible
sites. The microorganisms usually enter the body by inhalation through the lungs. They may
spread from the initial location in the lungs to other parts of the body via blood stream. They
present a diagnostic dilemma even for physicians with a great deal of experience in this disease.
Hence, Tuberculosis is a contagious bacterial disease caused by mycobacterium which affects

usually lungs and is often could be found as co-infection with HIV/AIDS [4].

Tuberculosis is second only to HIV/AIDS as the greatest killer worldwide due to a single

infectious agent. Tuberculosis is a major cause of morbidity and mortality in Ethiopia [5].

Ethiopia is one of the 22 High Burden Countries (HBCs). According to the WHO global TB report
2012, there were an estimated 220,000 (258 per 100,000 populations) incident cases of TB in
Ethiopia in 2011. According to the same report the prevalence of TB was estimated to be
200,000 (237 per 100,000 populations). There were an estimated 15,000 deaths (18 per
100,000 populations) due to TB, excluding HIV related deaths, in Ethiopia during the same
period [5].

Various data mining tasks can be applied on different treatment dataset. Prediction of

treatment outcome has also been done on chronic diseases such as cancer, diabetes and liver
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disease. There are a number of literatures are available for these diseases but very few articles

related to Tuberculosis treatment outcome [2].

There is vast potential for data mining applications in predicting treatment outcome. For
example, the outcomes of patient groups treated with different drug regimens for the same
disease or condition can be compared to determine which treatments work best and are most

cost-effective [4].

In order to meet this need of useful information for clinical decision, data mining prediction
task should be applied to the current TB treatment dataset found in health centers. This
research shows how prediction is possible from dataset found in health centers for treatment

outcome using data mining algorithms.

1.2 STATEMENT OF THE PROBLEM AND JUSTIFICATION OF THE STUDY

As it is indicated in the background section, Tuberculosis is the second greatest killer disease in
the world and Ethiopia is also one of the countries among the 22 High Burden Countries

(HBCs)[5]. According to the recent FMoH guideline:

Cognizant of the burden of TB, Leprosy and TB/HIV co-infection in the country, the
prevention and control of TBL and TB/HIV remains the priority health program in all
phases of Health Sector Development Program (HSDP). In line with HSDP 1V, a five-year
TBL and TB/HIV strategic plan (2010/11 — 2014/15) is developed. Giving much focus on
the scale up of community based TB care among others, the strategic plan will guide the
successful implementation of effective interventions to reduce the burden of TB,

Leprosy and TB/HIV co-infections.

In order to alleviate this serious health challenge, the country has invested a lot on TB
treatment. The most important component of TB treatment strategy is still the expansion of

high quality Directly Observed Treatment (DOT) [4].

In the DOT clinics around the country, there is a vast amount of treatment data in paper

records.
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The attempt to maintain medical records as electronic version has succeeded in many countries
and the work began in Ethiopia recently [6]. Though Electronic Medical Records (EMR) is
implemented in some government hospitals, due to various reasons the data found in the EMR
is not that massive. Electronic medical records are not only for converting paper based
information in to digital form but the data accumulated in the EMRs can help in finding useful

information or knowledge for clinical decision making if data mining techniques are used.

According to the review of related literatures, data mining prediction is employed for treatment
outcome prediction of surgical repair, mental health and treatment prescription of
hypertension. In the current study, an attempt has been made applying the same techniques
for communicable disease namely Tuberculosis. Since TB control is one of the Millennium
Development Goals (MDG), treatment outcome prediction research assists the effort of

achieving the goal in relation to the TB eradication goal [7-9].

Thus, in this study, two questions, that is, what factors, according to the variables in the
dataset, determine treatment outcome of TB patients and what data mining algorithms best fit

for medical records such as tuberculosis would be investigated?

1.3 OBIJECTIVE OF THE STUDY

1.3.1 General Objective

The general objective of this research is to build predictive data mining model from the existing

TB Treatment data at DOT clinics in public health facilities of Addis Ababa City Government.

1.3.2 Specific Objectives

This research aims at meeting the following specific objectives to achieve the stated general

objective:

= To explore literature of TB treatment and data mining application to health care
= To encode and prepare dataset for the mining task
= To experiment and build predictive model for treatment outcome using data mining

techniques
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= To evaluate the knowledge extracted from the dataset

= To develop a prototype to predict treatment outcome of Tuberculosis

1.4 RESEARCH METHODOLOGY

The research was guided by the six steps Cios et al Hybrid Model. The model is based on CRISP
Model and adopted to an academic research. The model has research oriented description of
the steps, many new feedback mechanisms within the steps unlike the CRISP model which has

only three feedback mechanisms and it is widely used in the field of medicine [10].

1.4.1 Understanding Tuberculosis Treatment Outcome

In order to gain a thorough understanding of the problem domain, the researcher attempted to
review as many literatures as possible. The primary document that guided the review work was
“GUIDELINES FOR CLINICAL AND PROGRAMMATIC MANAGEMENT OF TB, LEPROSY AND TB/HIV
IN ETHIOPIA, FIFTH EDITION APRIL, 2012 ADDIS ABABA” [5]. Discussion was made with TB
advisors at FMoH, TB focal persons at Addis Ababa Health Bureau (AAHB) and clinicians in

health facilities. Based on this, data mining goals were identified.

1.4.2 Understanding and Preparation of TB Treatment Dataset

There were a few hundred records in the SmartCare Software found in Addis Ababa City
Government (AACG) hospitals. As a result the researcher went to encode the TB treatment data
from DOT clinics in health facilities. The data has 24 attributes and before the encoding work
began 12 attributes were selected. Since the data is collected for the purpose of treatment
outcome prediction, the dataset had a reasonable quality and further cleaning works were

done.

1.4.3 Experimentation, Mining, Evaluation and Use of Discovered Knowledge

To deal with the problem of imbalanced TB dataset, SMOTE was used before the experiments
were conducted. Four algorithms are selected for the experiments: the decision tree based J48,
the function based Naive Bayes, Support Vector Machine SMO and inductive decision rule

based PART.
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After the experiments were conducted, accuracy and ROC area were used to compare the
performance of the findings considering the imbalanced outcome class, which is also common
in medical dataset. The final step was an evaluation made by TB experts for the novelty and

interestingness of the discovered knowledge.

1.5 SCOPE AND LIMITATION OF THE STUDY

The scope of this research is limited to generating predictive model for treatment outcome and
developing a prototype as it is indicated in specific objective section. This research is conducted
on electronic data collected from five health centers and the mining task is done on only the
features found in the TB registry book. But the data found in the facilities is in paper format and
encoding took much time of the work. The second limitation is related to the newness of the
field of data mining and its application in the health arena, so that much literature is not
available for data mining treatment outcome. The third limitation is the interdisciplinary nature
of the study that poses a great challenge in understanding both areas: data mining and medical

treatment.

1.6 SIGNIFICANCE OF THE STUDY

The significance of the study would be:

= Uncovering hidden patterns or knowledge related with tuberculosis prognosis and in
that expanding the knowledge base of TB treatment.

= Helping physicians to predict outcome of the treatment they provided to the patient
ahead of time, helps them to select treatment packages and propose the best treatment
package for the patient.

= Helping policy makers and NGOs in tuberculosis treatment decisions.

= Supporting the effort to stop death due to Tuberculosis.

=  Helping researchers in the area of health informatics, software development, and data

mining and machine learning for further research in the area.
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1.7 ETHICAL CONSIDERATIONS

The use of data—particularly data about people—for data mining has serious ethical
implications, and practitioners of data mining techniques must act responsibly by making

themselves aware of the ethical issues that surround their particular application.

Understanding the implications on the current research at hand, the researcher has kept all
information that identifies a patient secret. There are a total of 24 attribute values and only 12
attributes values are selected, without including the personal identifiers such as name, address
and contact person address, to meet the research objective.

Finally, any attempt to access the data requires the permission of ethical clearance committee

and ethical clearance was obtained from Addis Ababa Health Bureau.

1.8 THESIS ORGANIZATION

This thesis report contains seven chapters. The first chapter deals with the general overview of
the study including background, statement of the problem, objectives and methodology of the
research.

The second chapter has attempted to explore the domain area which is Tuberculosis. Its
meaning, types and diagnosis and treatment and the impact of the disease on Ethiopia is
explored in brief.

The third chapter of the study has discussed data mining, knowledge discovery in databases, data
mining tasks and algorithms, performance measurements of algorithms and finally data mining
models.

The fourth chapter is devoted to see related works. The chapter includes discussion of the
application of data mining in health care and the process of treatment prediction in data mining

in general, chronic disease and data mining prediction and TB treatment outcome prediction.

Under chapter five, based on the Cios et al process model, domain area understanding, data
understanding and data preparation work have been discussed step by step. The discussion

ends with the presentation of the final dataset for data mining task.
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Chapter six comprises experimental setup, post treatment of the dataset, experimentation and
its evaluation for each algorithm selected for the purpose of classification, comparison of
performance measurements by each algorithms, rules selected by the best algorithms with
their discussion and prototype development.

Finally, conclusions and recommendations are forwarded in chapter seven.
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CHAPTER TWO
UNDERSTANDING TUBERCULOSIS

This chapter provides basic information such as the meaning and types of tuberculosis, TB
treatment and strategy in administering the treatment (DOT), TB treatment outcomes and TB

situation in Ethiopia such as the burden of the disease and efforts to deal with the problem.

2.1 DEFINITION AND CLASSIFICATION OF TUBERCULOSIS

Tuberculosis (TB) is caused by a bacterium called Mycobacterium tuberculosis. The bacteria
usually attack the lungs, but TB bacteria can affect virtually all organs, not sparing even the

relatively inaccessible sites such as the kidney, spine, and brain [11], [4].
Based on the anatomical site, TB can be grouped in to two:

Pulmonary Tuberculosis (PTB): It refers to a case of TB involving the lung parenchyma. Miliary
tuberculosis is classified as pulmonary TB because there are lesions in the lungs. Tuberculous
intrathoracic lymphadenopathy (mediastinal and/or hilar) or tuberculous pleural effusion,
without radiographic abnormalities in the lungs, constitutes a case of extra pulmonary TB. A
patient with both pulmonary and extra pulmonary TB should be classified as a case of

pulmonary TB [5].

Extra pulmonary Tuberculosis (EPTB): It refers to a case of TB involving organs other than the
lungs such as pleura and larynx. Diagnosis should be based on at least one specimen with
confirmed mycobacterium tuberculosis or histological or strong clinical evidence consistent
with active EPTB, followed by a decision by a clinician to treat with a full course of tuberculosis
chemotherapy.

The case definition of an EPTB case with several sites affected depends on the site representing
the most severe form of disease. Unless a case of EPTB is confirmed by culture as caused by M.

tuberculosis, it cannot meet the “definite case” definition given above [5].
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There are also other types of classification such as bacteriological results (including drug
resistance); history of previous treatment. Irrespective of site, treatment regiment is all the

same [5].

2.2 TB TREATMENT AND TREATMENT STRATAGY

2.2.1 TB Treatment

TB treatment has a number of aims given below and the chemotherapy received by the patient

has to be at adequate level and adequacy level is also defined in treatment guidelines.

As per the guideline of WHO [13], TB treatment is given to the patient with the following aims:
The aims of TB treatment is that to cure the TB patient and restore quality of life and
productivity, to prevent death from active TB or its late effects, to prevent relapse of TB, to
prevent the development and transmission of drug resistance, and to decrease TB transmission

to others.

To achieve the aims of TB treatment, the patient should receive adequate chemotherapy and
the Chemotherapy is considered to be adequate when it: Rapidly and substantially reduces the
number of actively multiplying bacteria, Cures patients, Prevents relapse of the disease and

Prevents the development of resistance to the drugs.

The requirements for adequate chemotherapy are therefore: An appropriate combination of
drugs, prescribed in the correct dosage, taken regularly by the patient, for a sufficient period of

time
2.2.2 Directly Observed Treatment (DOT)

DOT stands for directly observed therapy. DOT means that a health care worker meets with a
person who has TB to help him or her remember to take the medicines to treat TB. The health
care provider supervises the patient take each drug dose. DOT is convenient and easy to

arrange, and it can fit into one’s daily routine [12].
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Effective treatment of tuberculosis requires adherence to a minimum of 6 months treatment
with multiple drugs. To improve adherence and cure rates, directly observed treatment (DOT) is
a recommended strategy for the treatment of tuberculosis [14]. TB treatment can seem
difficult -- it requires taking 2 or more medicines for at least 6 months. Most people have
trouble remembering to take their medicines, or they stop taking their medicines when they
start to feel better. When this happens, a person with TB could get sick again, and the TB bacilli
could become resistant to the medicines. With DOT you don't have to worry about

remembering to take your medicines [12].

The success of directly observed treatment requires the patient’s cooperation as well as
motivation. Health workers and treatment supporters should have the appropriate
communication skills when interacting with patients. They should also provide all the necessary
information about their treatment so that patients understand the disease and adhere to the

treatment [5].
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2.3 TB TREATMENT OUTOCOMES

TB treatment outcomes are:

Table 2.1 TB Treatment outcomes

Outcome

Definition

Cure

A patient whose sputum smear or culture was
positive at the beginning of the treatment but
who was smear- or culture-negative in the last
month of treatment and on at least one
previous occasion.

Treatment Completed

A patient who completed treatment but who
does not have a negative sputum smear or
culture result in the last month of treatment
and on at least one previous occasion

Treatment Failure

A patient whose sputum smear or culture is
positive at 5 months or later during treatment.
Also included in this definition are patients
found to harbour a multidrug-resistant (MDR )
strain at any point of time during the
treatment, whether they are smear-negative or
-positive.

Died A patient who dies for any reason during the
course of treatment.
Defaulter A patient whose treatment was interrupted for

2 consecutive months or more.

Transfer out

A patient who has been transferred to another
recording and reporting unit and whose
treatment outcome is unknown.

Treatment Success

A sum of cured and completed treatment

2.4 SITUATION of TUBERCULOSIS

2.4.1 Magnitude of the problem

TB is a major public health problem throughout the world. About a one third of the world’s

population is estimated to be infected with tubercle bacilli and hence at risk of developing

active disease.
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According to the WHO Global TB Report 2012, there were an estimated 8.7 million incident
cases and 12 million prevalent cases of TB globally, in 2011, of which 1.1 million (13%) were

among people living with HIV.

About 26% of the incident TB cases occurred in Africa in 2011. The proportion of TB cases co-
infected with HIV is highest in countries in the African region; overall, the African region

accounted for 79% of TB cases among people living with HIV [5].

According to health and health related indicators (2009/10) of the FMoH, tuberculosis is the
third leading cause of death in Ethiopia. During the year 2010/11, a total of 159,017 TB cases
were notified in Ethiopia. Among these 151,866 (95.5%) were new cases of TB, all forms. The
proportion of new smear-positive, smear negative and EPTB among all new cases were 32.7%,
34.8%, and 32.5% respectively. Re-treatment cases represent about 2.9% of all notified TB

cases [5].
2.4.2 Efforts to deal with the problem

To build on the achievements of DOTS and address the remaining challenges, the STOP TB
strategy was launched by WHO in 2006 to help achieve the millennium development goals for

TB in 2015. Ethiopia also adopted this strategy to achieve the national TBL and TB/HIV targets
[5].

This strategy has six components where DOTS remains the most important component of the

strategy. The components are [13]:-
1. Pursue high quality DOTS expansion and enhancement

It includes secure political commitment with adequate and sustained financing, ensure early
case detection and diagnosis through quality assured bacteriology, provide standardized
treatment with supervision and patient support, ensure effective drug supply and management

and monitor and evaluate performance and impact.
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2. Address TB/HIV, MDR-TB and the needs of poor and vulnerable population

Scale up collaborative TB/HIV activities, scale up prevention and management of MDR-TB and

Address the needs of TB contacts and of poor and vulnerable population.

3. Contribute to health system strengthening based on primary health care

Help improve health policies, human resource development, financing, supplies, service
delivery and information, Strengthen infection control in health services, congregate settings
and household, Upgrade laboratory networks and implement practical approach to lung health
and Adapt successful approaches from other field and sectors, and foster actions on the social

determinants of health.

4. Engage all care providers

Involve all public, voluntary and corporate and private providers through public-private mix

(PPM) approaches and Promote use the International Standard for TB care.
5. Empower people with TB and communities through partnership

Pursue advocacy, communication and social mobilization, foster community participation in TB
care, prevention and health promotion and Promote use of patients’ charter for Tuberculosis
Care.

6. Enable and promote research

Conduct program-based operational research and Advocate for and participate in research to

develop new diagnostics, drugs and vaccines.
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CHAPTER THREE
DATA MINING TECHNOLOGY

This chapter presents review of literatures on data mining technology. It begins with a short
introduction of data mining and knowledge discovery in database (KDD). The chapter continues
to discuss the major tasks of data mining and the different algorithms with their performance
measurement. The two popular data mining models: KDP and CRISP with their mix (Hybrid) also
discussed. The chapter ends up with the presentation of the connection between statistics and

data mining.

3.1 DATA MINING AND KNOWLEDGE DISCOVERY IN DATABASE

Due to the advent of information technologies, organizations collect huge amount of data in
their databases which in turn results in data explosion. This massive collection of data is beyond
the capacity of human experts to analyze the data and gain knowledge for decision making

purposes. Statistics also could not perform the analysis work on such large amount of data [15].

The Healthcare industry is among the most information intensive industries. Medical
information, knowledge and data keep growing on a daily basis. It has been estimated that an
acute care hospital may generate five terabytes of data a year. The ability to use these data to

extract useful information for quality healthcare is crucial [16].

Therefore, there is an urgent need for a new generation of computational theories and tools to
assist humans in extracting useful information (knowledge) from the rapidly growing volumes
of digital data. These theories and tools are the subject of the emerging field of knowledge

discovery in databases (KDD) [17].
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Deshpande et al [18] states:

To take complete advantage of data accumulated in databases; the data retrieval is
simply not enough, it requires a tool for automatic summarization of data, extraction of

the essence of information stored, and the discovery of patterns in raw data.

With the enormous amount of data stored in files, databases, and other repositories, it
is increasingly important, to develop powerful tool for analysis and interpretation of
such data and for the extraction of interesting knowledge that could help in decision-

making. The only answer to all above is ‘Data Mining’.

3.2 WHAT IS DATA MINING?

Data Mining, also popularly known as Knowledge Discovery in Databases (KDD), refers to the
nontrivial extraction of implicit, previously unknown and potentially useful information from
data in databases. While data mining and knowledge discovery in databases (or KDD) are
frequently treated as synonyms, data mining is actually part of the knowledge discovery
process. The following figure (Figure 3.1) shows data mining as a step in an iterative knowledge

discovery process.

Interpretation /
Evaluation

Data Mining
Knaw
m |

.
" Transformed
Preprocessed Data Data

Target Date

Transformation

Figure 3.1 The place of data mining in the knowledge discovery process
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The Knowledge Discovery in Databases process comprises of a few steps leading from raw data

collections to some form of new knowledge.

The iterative process consists of the following steps:

3.3

Data cleaning: also known as data cleansing, it is a phase in which noise data and
irrelevant data are removed from the collection.

Data integration: at this stage, multiple data sources, often heterogeneous, may be
combined in a common source.

Data selection: at this step, the data relevant to the analysis is decided on and retrieved
from the data collection.

Data transformation: also known as data consolidation, it is a phase in which the
selected data is transformed into forms appropriate for the mining procedure.

Data mining: it is the crucial step in which clever techniques are applied to extract
patterns potentially useful.

Pattern evaluation: in this step, strictly interesting patterns representing knowledge are
identified based on given measures.

Knowledge representation: is the final phase in which the discovered knowledge is
visually represented to the user. This essential step uses visualization techniques to help

users understand and interpret the data mining results. [19]

DATA MINING TASKS AND ALGORITHMS

The knowledge discovery goals are defined by the intended use of the system. We can

distinguish two types of goals: (1) verification and (2) discovery. See figure 3.1

With verification, the system is limited to verifying the user’s hypothesis. With discovery, the

system autonomously finds new patterns. We further subdivide the discovery goal into

prediction, where the system finds patterns for predicting the future behavior of some entities,

and description, where the system finds patterns for presentation to a user in a human-

understandable form. In this research, the current researcher is primarily concerned with

discovery-oriented data mining. [17]
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Figure 3.2 Data Mining Taxonomy

3.3.1 Descriptive Methods

It is a method that identifies the patterns or relationships in data and explores the properties of
the data examined. Clustering and Association rule are the two popular descriptive methods

[18].

3.3.1.1 Association Rule Discovery

The association task for data mining is the job of finding which attributes “go together.” Most
prevalent in the business world, where it is known as affinity analysis or market basket analysis,
the task of association seeks to uncover rules for quantifying the relationship between two or
more attributes. Association rules are of the form “If antecedent, then consequent,” together
with a measure of the support and confidence associated with the rule. For example, a
particular supermarket may find that of the 1000 customers shopping on a Thursday night, 200
bought diapers, and of those 200 who bought diapers, 50 bought beer. Thus, the association
rule would be “If buy diapers, then buy beer” with a support of 200/1000 = 20% and a
confidence of 50/200 = 25% [20].
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3.3.1.2 Clustering

According to Rashmi as cited by Nesredin [21], Clustering refers to situations where the goal is
to classify a diverse collection of unlabeled data into different groups based on different
features in a data set. Clustering, also known as cluster analysis or unsupervised classification, is
a general term to describe methodologies that are designed to find natural groupings or
clusters based on measured or perceived similarities among the items in the clusters using a

multidimensional data set.

There is no need to identify the groupings desired or the features that should be used to
classify the data set. In addition, clustering offers a generalized description of each cluster,
resulting in better understanding of the data set’s characteristics and providing a starting point

for exploring further relationships.

3.3.2 Prediction Methods

It makes prediction about unknown data values by using the known values. Classification and

Regression are the two popular methods of prediction

Many of the data mining applications are aimed to predict the future state of the data.
Prediction is the process of analyzing the current and past states of the attribute and prediction

of its future state [16].

3.3.2.1 Classification

Classification is a task that occurs frequently in everyday life. Essentially it involves dividing up
objects so that each is assigned to one of a number of mutually exhaustive and exclusive
categories known as classes. The term 'mutually exhaustive and exclusive' simply means that
each object must be assigned to precisely one class, i.e. never to more than one and never to

no class at all [22].
For example, assigning people or objects to one of a number of categories:

— A patient who is more likely to get cured and died

— Customers who are likely to buy or not buy a particular product in a supermarket
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— People who are at high, medium or low risk of acquiring a certain illness

— People who closely resemble, slightly resemble or do not resemble someone seen
committing a crime

— People who are at high, medium or low risk of a car accident in the next 12 months

— The likelihood of rain the next day for a weather forecast (very likely, likely, unlikely,

very unlikely).

3.3.2.1.1 Classification Algorithms

Decision tree

Data Mining uses machine-learning methods using decision trees to classify objects based on
the dependent variable. There are two main types of decision trees [23]. Decision trees, which
are used to predict categorical variables, are called classification trees because they place
instances in categories or classes. Decision trees used to predict continuous variables are called
regression trees. Classification trees label records and assign them to the proper class.
Classification trees can also provide the confidence that the classification is correct. In this case,
the classification tree reports the class probability, which is the confidence that a record is in a
given class. Regression trees, on the other hand, estimate the value of a target variable that
takes on numeric values. When a tree model is applied to data, each record flows through the
tree along a path determined by a series of tests until the record reaches a leaf or terminal

node of the tree.

There it is given a class label based on the class of the records that reached that node in the
training set or, in the case of regression trees, assigned a value based on the mean (or some

other mathematical function) of the values that reached that leaf node in the training set.

Decision tree models are commonly used in data mining to examine the data and induce the
tree and its rules that will be used to make prediction [20]. Various decision tree algorithms
such as CHAID (Chi-squared Automatic Interaction Detection), C4.5/5.0, CART (Classification

and Regression Trees), J48 and any with less familiar acronyms, produce trees that differ from
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one another in the number of splits allowed at each level of the tree, how those splits are

chosen when the tree is built, and how the tree growth is limited to prevent over-fitting [24].

Today’s data mining software tools allow the user to choose among several splitting criteria and
pruning rules, and to control parameters such as minimum node size and maximum tree depth
allowing one to approximate any of these algorithms. Figure3.1. shows how decision tree

works.

| Attribute A> 0

Yes ' No

Attribute B = 1 Attribute B = 1
Yes No Yes No

. ¥

| Class 1| Class 2 Class 3 | Class 4

Figure 3.3 A simple decision tree

RJ-48 Algorithm

Decision tree algorithms are based on a divide-and-conquer approach to the classification
problem. They work from the top down, seeking at each stage an attribute to split on that best
separates the classes, then recursively processing the sub problems that result from the split.
This strategy generates a decision tree, which if necessary can be converted into a set of

classification rules—although if it is to produce effective rules, the conversion is not trivial.
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Algorithm: Generate decision tree.

Input: Sets of traming dataset ( D), Attribute list | Attribute selection method:

Output: A decision tree.

Method:

(1) Create a node V;

(2) If tuples m D are all of the same class, C then

(3) Return N as a leaf node labeled with the class C;

(4) If artribure list 1s empty then

(3) Return N as a leaf node labeled with the majority class m D; // majority voting

(6) Apply Attribute selection method (D, atrribure list) to find the “best” splitting
criterion:;

{7) Label node N with splitting criterion;

(8) If splitting atrribute 15 discrete-valued and multiway splits allowed then // not
restricted fo binary trees

(9) Areribute list «+— attribute list- splitting_ attribute: | remove splitting attribute

(10) For each outcome j of splitting criterion // partition the tuples and grow subtrees

for each partition

{11) Let Dj be the set of data tuples 1n D satisfying outcome j: /' a partition

(12) If Dj 1s empty then

{13) attach a leaf labeled with the majority class i D to node V;

{14) Else attach the node returned by Generate decision tree (I)j. artribute list) to node IV

endfor

(15) Return V;

Figure 3.4 decision tree algorithm

Trees and Rules

Decision tree methods are often chosen for their ability to generate understandable rules. It is
certainly true that for any particular classified record, it is easy to simply trace the path from
the root to the leaf where that record landed in order to generate the rule that led to the
classification, and most decision tree tools have this capability. Many software products can
output a tree as a list of rules in different format, including SQL code, pseudo code, or pseudo-
English. However, since every split in a decision tree is a test on a single variable, decision trees
can never discover rules that involve a relationship between variables. It is up to the miner to

add derived variables to express relationships that are likely to be important.
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PART Algorithm

PART algorithm combines the divide-and-conquer strategy (the top-down approach) for

decision tree construction with the separate-and-conquer approach for rule learning.

The separate-and-conquer strategy first builds a rule and then removes those instances that the
rule covers. These consecutive activities continue recursively for the remaining instances until
none are left which generates sets of rules called ‘decision lists’ or ordered set of rules. On the
other hand, in the partial decision tree, a pruned decision tree is built for part of the training
instances, the leaf with the largest coverage is made into a rule, and the tree is discarded. Using
partial decision trees in conjunction with the separate-and-conquer methodology adds
flexibility and speed. A partial decision tree is an ordinary decision tree that contains branches
to undefined sub trees. During the generation of such a tree, construction and pruning
operations are integrated in order to find a “stable” sub tree that cannot be simplified further.

Once this sub tree has been found, tree building ceases and a single rule is read off [29].

The rule sets that PART produces are as accurate as those generated by C4.5 and more accurate
than other fast rule-induction methods. However, its main advantage over other schemes is
simplicity. The close similarity in accuracy with C4.5 is due to the use of the C4.5 algorithm itself

for building the partial decision tree whose "best" leaves are later converted into a rule [29].
Support Vector Machine

Explained by Huang et al (2002), and cited by Thomas, until 1992 Support Vector Machine
(SVM) were largely unnoticed due to widespread belief in the statistical and/or machine
learning community, despite being theoretically appealing. They were taken seriously only
when excellent results achieved in numeral recognition, computer vision, and text
categorization; today SVM show better results than Neural network comparable outcome and

other statistical models [43].

SVM is a promising new method for the classification of both linear and nonlinear data; it uses a

non linear mapping to transform the original training data into a higher dimension [7].
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Figure 3.5 the 2-D training data are linearly separable
To explain SVM; if it is a two-class problem where the classes are linearly separable, an
algorithm is implemented to finds a special kind of linear models. Let xi € R, (i = 1,2,3..m)
represents the vectors andy; € {1, —1}. The term f(xi)can be represented by a linear function

of the form by y; = f(x)

f(xi) = (w.x) + bf (xi)

Where W is a weight vector namely, w = {w1,w2,w3 ...w, }and b is a scalar, often referred to
as bias [29]. There is infinite number of hyperplane / separating lines that could be drawn for
classifying the two-classes [27]. To find the optimal linear model or Hyperplane (n dimensions)
that will have the minimum classification error on previously unseen tuples, SVM search for

maximum marginal hyperplane [29].

Maximum marginal hyperplane is the one that gives the greatest separation between the
classes [29]. Figure 3.2 depict that hyperplanes that can correctly classify all of the given data

tuples.

But larger margin are likely to be more accurate at classifying future data tuples than the

hyperplane with the smaller margin. During learning phases, SVM searches for the hyperplane
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with largest margin, which is the maximum marginal hyperplane (MMH) [27]. When dealing
with the MMH, this distance is the shortest distance from the MMH to the closest training tuple
of either class [27]. A hyperplane separating the two classes’ decision boundary may be written

as

x=>b +Zaiyia(i).a

Here, y; is the class value of training instancea(i); while b and ;are numeric parameters that
have to be determined by the learning algorithms. a(i) and a represent the vectors. The vector

a represent the test instances and a(i) are the training instances.
Naive Bayes

Naive Bayes classifier is a term in Bayesian statistics dealing with a simple probabilistic classifier
based on applying Bayes’ theorem with strong (Naive) independence assumptions. A more
descriptive term for the underlying probability model would be "independent feature model".
In simple terms, a Naive Bayes classifier assumes that the presence (or absence) of particular

feature of a class is unrelated to the presence (or absence) of any other feature [25].

The Naive Bayes algorithm is based on conditional probabilities. It uses Bayes' Theorem, a
formula that calculates a probability by counting the frequency of values and combinations of
values in the historical data. Bayes' Theorem finds the probability of an event occurring given
the probability of another event that has already occurred. If B represents the dependent event
and A represents the prior event, Bayes' theorem can be stated as follows.

prob(A/B)prob(B)
prob(A)

prob(B/A) =

In probability theory Bayes theorem shows how one conditional probability (such as the
probability of a hypothesis given observed evidence) depends on its inverse (in this case, the
probability of that evidence given the hypothesis). In more technical terms, the theorem

expresses the posterior probability (i.e. after evidence B is observed) of a hypothesis A in terms
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of the prior probabilities of A and B, and the probability of B given A. It implies that evidence

has a stronger confirming effect if it was more unlikely before being observed.
Naive Bayes Algorithm

As cited by Wei at al [44] Naive Bayes (NB) is a machine-learning method that has been used for
over 50 years in biomedical informatics. It is very efficient computationally and has often been
shown to perform classification surprisingly well, even when compared to much more complex

methods.

Naive Bayesian classifier uses the Bayes’ rule to compute the probability of each possible value
of the target attribute given the instance, assuming the input attributes are conditionally
independent given the target attribute i.e. class conditional independence. Due to the fact that
this method is based on the simplistic, and rather unrealistic assumption that the causes are
conditionally independent given the effect, this method is well known as Naive Bayes [29, 27].
But despite the disparaging name, Naive Bayes works very well particularly when combined
with some attribute selection procedure is applied to eliminate redundant (nonindependent

attributes) [29].
According to Han and Kamber [27], the naive Bayesian classifier works as follows:

1. Let D be a training set of instances and their associated class labels. As usual, each
instance is represented by an n-dimensional attribute vector, x = (x; +
X, ... Xy ...depicting n measurements made on the instance from n attributes,
respectively, 4; +4,, ..., 4,

2. Suppose that there are m classes, Cy, C,, ..., Cn. Given an instance, X, the classifier will
predict that X belongs to the class having the highest posterior probability, conditioned
on X. That is, the naive Bayesian classifier predicts that instance x belongs to the class

¢if and only if

p(cj/x)>p(cj/x) forl1<j<m;j+i
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Thus probability is obtained forp(c; /x)). The class ¢; for which p(¢; /x) is maximized is
called the maximum posteriori hypothesis. By Bayes’ theorem
(o) =PIV

3. As p(x)is constant for all classes, only p(x/cj)p(cj)needs to be maximized. If the class
prior probabilities are not known, then it is commonly assumed that the classes are
equally likely, that is, (Cp), p(c; = p(c; =+ =p(c,), and we would therefore
maximize p(x/c;).Otherwise, we maximize p(x/c¢;) p(¢). Note that the class prior
probabilities may be estimated by p(cj) = |c]-_D|/|D|, where ¢ p is the number of
training instances of class ¢;in D.

4. Given datasets with many attributes, it would be extremely computationally expensive
to computep(x/¢;). In order to reduce computation in evaluatingp(x/c;), the naive
assumption of class conditional independence is made. This presumes that the values of

the attributes are conditionally independent of one another, given the class label of the

instance (i.e., that there is no dependence relationships among the attributes). Thus,

p(x/g) = Ile=1p(xic/)
X2
=pCa/e) » @(3) « e pa/er)

We can easily estimate the probabilities p(x1/¢ ), p(x2/¢) ..., p(x,/¢;) from the

training instances. Recall that here x;, refers to the value of attribute A, for instance x.

6. In order to predict the class label of x, p(x/¢;) p(¢ y is evaluated for each class ¢;. The

classifier predicts that the class label of instance x is the class ¢; if and only if

p(x/¢)p(g) > p(x/¢)p(g) forl<j<mj=#1

In other words, the predicted class label is the class C;for which P(X/C;) P(C) is the

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

as the class of the new instance [22].

3.3.2.2 Regression

Description by Two Crows Corporation as cited in Beshah [26], Regression on the other hand
used to deal with non-discrete that means continuous variable. Regression is similar to

classification, except that the label is not discrete.

For example, predicting salary or the price of stock is a regression, whereas predicting whether
the salary is in a given range or whether a stock will go up or down is a classification task. It uses

existing values to forecast what other values will be.

Although at a simplest senses regression uses standard statistical techniques such as linear
regression, because of the complex nature of the real world problems, more complex

techniques like decision tree and neural networks may be necessary to forecast future values.

3.3.2.3 CLASSIFIER ACCURACY MEASURES

Using the same dataset to derive a classifier or predictor and then to estimate the accuracy of
the resulting learned model results in misleading overoptimistic estimates due to over
specialization of the learning algorithm to the data. Instead, accuracy is better measured on a
test set consisting of class-labeled instances that were not used to train the model. Then, the
classifier is applied on the test set and the number of instances that were assigned to their
actual classes and the number of instances that were assigned to different class by the classifier

are counted, a process whose result is effectively represented by confusion matrix [27].
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Confusion Matrix

Confusion matrix is a useful tool for analyzing how well a learned model can recognize
instances of different classes. A confusion matrix for two mutually exclusive classes is shown in
the Table 3.1. If there are m classes, a confusion matrix will be a table of size m by m. An entry,
CM;jindicates the number of instances of class i that were labeled by the learned model as class
j. For a learned model to have good accuracy, ideally most of the instances would be
represented along the diagonal of the confusion matrix, from entry CMy,; to entry CM,,,m, with

the rest of the entries being close to zero [27,28].

Let C; be actual class label is positive, and C; actual class label is negative. P+ is predicted class
label is positive, and P- is predicted class label is negative. Then the matrix shown in figure 2.5
provides four entries as a result of combination of the actual class label and class label provided

to instances by the classifier [27, 29].

Table 3.1 A confusion matrix for two mutually exclusive classes

Predicted class

P+ P-
Actual | C1+ True Positive (TP) False Negative (FN)
C2- False Positive (FP) True Negative (TN)

The number of true positives and true negatives respectively refers to the positive and negative
instances that were correctly labeled by the learned model. The number of false positives is the
negative instances that were incorrectly labeled. Similarly, false negatives are the positive
instances that were incorrectly labeled [27, 29]. The number of false positive and false negative
are summed up to give number of errors and help calculate the learned models/classifiers error

rate represented by the equation below in [29]

Number of errors FP +FN
Number of instances TP + TN + FP + FN

Error rate =

On the other hand, the overall success rate is the number of correct classifications divided by

the total number of classifications [29] which is commonly called as accuracy of a classifier.
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The accuracy of a classifier on a given test set indicates the percentage of test set instances that

are correctly classified by the classifier [27].

TP+TN
TF+TN+ FP+FN

Accuracy =

A relationship between the above two equations can be constructed as Accuracy + Error rate =
1 which ultimately leads to the conclusion that the one can be obtained by subtracting the

value of the other from 1. For example, Error rate =1 - accuracy [30].

Learned model performance measures that ignore correctly predicted negative instances give
additional information about the ability of the model more than the information obtained from
the models predictive accuracy. Measures used for the purpose discussed here are precision,

recall, and F measure [28].

Precision indicates the percentage of instances classified as positives by the learned model and

that are actually positives.

TP

p . . -
recision TP + FP

Recall shows the percentage of actual positives which the learned model has classified as

positives.

TP

Recall = TP+—F]V

Another measure called the F measure combines precision and recall with the formula [29]

2 2 xrecall * Precion 2xTP

1 n 1 recall + precision 2+TP +FP +FN
precision = recall

F meausre =
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Sensitivity and specificity

With slight difference, these four notations in figure 2.3 are used in medicine and health care
for the purpose of characterizing the performance of diagnostic tests. For example, if a certain
diagnostic test shows a positive test result for people with a disease, this is referred to as
sensitivity. On the other hand, specificity refers to the proportion of people without disease
who have a negative test result, which is 1 - FP. Sensitivity is also referred to as the true positive
recognition rate (that is, the proportion of positive instances that are correctly identified), while
specificity is the true negative rate (that is, the proportion of negative instances that are

correctly identified) [28-30].

S itivity = P
ensitivi y—TP+FN
soocifipy = TN
pecifity = ryyFp

ROC curve

According to Altman and Bland cited in Tefera [7] the critical step before any data mining model
can be used in routine clinical practice is to compare its performance with equivalent statistical
methods like sensitivity and specificity. ROC (receiver operating characteristics) curves that
originated from signal detection theory has added more value to these two measures by
creating trade-off [31]. AUC (Area Under Curve) is a measure of the area under the ROC curve

[32].

ROC curve is a two-dimensional graph to select possibly optimal models based on the TP rate
and FP rate. It also represents trade-off between benefits (TP) and costs (FP). In the ROC curve,
the sensitivity (TP) rate is represented on the Y-axis and the specificity (FP) rate on the X-axis.
Each prediction result one instance of a confusion matrix represents one point in the ROC
space. Several points on a ROC graph should be noted. The lower left point (0, 0) represents
that the classifier labeled all instances out of their actual class. The upper right point (1, 1) is the

case where all instances are classified in their actual class.
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The point (0, 1) represents perfect classification and the line y = x defines the strategy of
randomly guessing the class. In order to assess the overall performance of a classifier, the
fraction of the total area that falls under the ROC curve is considered. AUC varies between 0

and 1. Larger AUC values indicate generally better classifier performance [30].

(1, ) Sensitivity=TP
(1. 1)

- TTTTTT[------_ROC curve for
a classifier
0.5

(0, 0) 05 (0, 1)

1-Specificity=FP

Figure 3.6 A ROC curve for a particular classifier

3.4 KNOWLEDGE DISCOVERY PROCESS MODELS (KDP)

The KDP model consists of a set of processing steps to be followed by practitioners when
executing a knowledge discovery project. The model describes procedures that are performed
in each of its steps. It is primarily used to provide a roadmap to follow while planning and
executing a project, this in turn results in cost and time savings, better understanding, and

acceptance of the results of such projects [30].

Of the five known KDP models emerged from academia and industry, the most popular ones

are discussed below.

3.4.1 The Fayyad et al. Knowledge Discovery Process (KDP)Model

The KDP process, as presented in (Fayyad et al, 1996) is the process of using DM methods to
extract what is deemed (considered, regarded as, estimated as, viewed) knowledge according
to the specification of measures and thresholds, using a database along with any required

preprocessing, sub sampling, and transformation of the database.
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There are considered five stages, presented in figure 3:

1. Selection — This stage consists on creating a target data set, or focusing on a subset of

variables or data samples, on which discovery is to be performed.

2. Pre processing — This stage consists on the target data cleaning and pre processing in order

to obtain consistent data.

3. Transformation — This stage consists on the transformation of the data using dimensionality

reduction or transformation methods.

4. Data Mining — This stage consists on the searching for patterns of interest in a particular

representational form, depending on the data mining objective (usually, prediction)

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

mined patterns.

Interpretation/ | < '

perpretaio ’ Knowledge
~ad
Transformation | .l.
' [ ': Patterns !
Preprocessing | ‘ ‘ ;
2 Y !
S 3 ) 4 Transformed :
Selection ‘ J ] Data :
27 i | 5
" a Preprocessed | ;
s Data
,,,,, .

Figure 3.7 Knowledge Discovery Process (KDP)

3.4.2 CRoss-Industry Standard Process (CRISP) KDP Model

CRISP-DM (CRoss-Industry Standard Process for Data Mining) is a data mining project

compromises a multi-step, iterative process. It consists on a cycle that comprises six stages [26].
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1. Business understanding- this initial phase focuses on understanding the project objectives
and requirements from a business perspective, then converting this knowledge into a DM

problem definition and a preliminary plan designed to achieve the objectives.

2. Data understanding- the data understanding phase starts with an initial data collection and
proceeds with activities in order to get familiar with the data, to identify data quality problems,
to discover first insights into the data or to detect interesting subsets to form hypotheses for

hidden information.

3. Data preparation- the data preparation phase covers all activities to construct the final

dataset from the initial raw data.

4. Modeling- in this phase, various modeling techniques are selected and applied and their

parameters are calibrated to optimal values.

5. Evaluation- at this stage the model (or models) obtained is more thoroughly evaluated and
the steps executed to construct the model are reviewed to be certain it properly achieves the

business objectives.

6. Deployment- creation of the model is generally not the end of the project. Even if the
purpose of the model is to increase knowledge of the data, the knowledge gained will need to

be organized presented in a way that the customer can use it.

Data
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Figure 3.8 The CRISP-DM KD process model (source: http://www.crisp-dm.org/).
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3.4.3 The Cios et al Hybrid KDP Model

The development of academic and industrial models has led to the development of hybrid
models, i.e., models that combine aspects of both. One such model is a six-step KDP model
developed by Cios et al. It was developed based on the CRISP-DM model by adopting it to
academic research. The main differences and extensions include

— providing more general, research-oriented description of the steps,

— introducing a data mining step instead of the modeling step,

— introducing several new explicit feedback mechanisms, (the CRISP-DM model has only
three major feedback sources, while the hybrid model has more detailed feedback
mechanisms) and

— modification of the last step, since in the hybrid model, the knowledge discovered for a
particular domain may be applied in other domains.

A description of the six steps follows

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

A description of the problem, including its restrictions, is prepared. Finally, project goals are
translated into DM goals, and the initial selection of DM tools to be used later in the process

is performed.

2. Understanding of the data. This step includes collecting sample data and deciding which
data, including format and size, will be needed. Background knowledge can be used to guide
these efforts. Data are checked for completeness, redundancy, missing values, plausibility of
attribute values, etc. Finally, the step includes verification of the usefulness of the data with

respect to the DM goals.

3. Preparation of the data. This step concerns deciding which data will be used as input for DM
methods in the subsequent step. It involves sampling, running correlation and significance

tests, and data cleaning, which includes checking the completeness of data records,
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removing or correcting for noise and missing values, etc. The cleaned data may be further
processed by feature selection and extraction algorithms (to reduce dimensionality), by
derivation of new attributes (say, by discretization), and by summarization of data (data
granularization). The end results are data that meet the specific input requirements for the
DM tools selected in Step 1. Data mining. Here the data miner uses various DM methods to

derive knowledge from preprocessed data.

. Evaluation of the discovered knowledge. Evaluation includes understanding the results,
checking whether the discovered knowledge is novel and interesting, interpretation of the

results by domain experts, and checking the impact of the discovered knowledge.

Only approved models are retained, and the entire process is revisited to identify which
alternative actions could have been taken to improve the results. A list of errors made in the

process is prepared.

. Use of the discovered knowledge. This final step consists of planning where and how to use
the discovered knowledge. The application area in the current domain may be extended to
other domains. A plan to monitor the implementation of the discovered knowledge is
created and the entire project documented. Finally, the discovered knowledge is deployed.

[26]
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Figure 3.9 The six-step KDP model

3.5 DATA MINING APPLICATION

In today’s data rich but useful information poor situation, data mining has several applications

if the methods and algorithms are used with care and intelligently.
Some examples of applications (potential or actual) are [22]:

— predicting the probability that a cancer patient will respond to chemotherapy, thus
reducing health-care costs without affecting quality of care.

— a supermarket chain mines its customer transactions data to optimise targeting of high
value customers

— a credit card company can use its data warehouse of customer transactions for fraud

detection
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— a major hotel chain can use survey databases to identify attributes of a ‘high-value’
prospect
— predicting the probability of default for consumer loan applications by improving the

ability to predict bad loans
3.6 DATA MINING AND STATISTICAL METHODS

There is a marked difference between statistics and data mining, comparing both fields of study

from the size and type of data is discussed in this brief part of the research.

The connection between data mining and statistics is seen differently from different angles.

One is the view of computer scientists or data base experts and the other is that of Statistician.

For the later, data mining is statistics plus more but for the former professionals data mining is

methodologies are developed outside the field of statistics.

Statistics considers a few hundred records as large but today's modern database contains
records of size gigabytes or terabyte. Analyzing such large amount of data is beyond statistics

and a new method is required to acquire useful information [15].

In addition to the large size of data, large set of records with outliers and missing values cannot
be handled with standard statistical methods, in that checks the records from the source. This is

impossible for large datasets [15].

Therefore, statistics, especially as taught in most statistics texts, might be described as being
characterized by data sets which are small and clean, which permit straightforward answers via
intensive analysis of single data sets, which are static, which were sampled in an iid manner,
which were often collected to answer the particular problem being addressed, and which are

solely numeric. None of these apply in the data mining context.

Finally, classical statistics deals solely with numeric data. Increasingly nowadays, databases
contain data of other kinds. Four obvious examples are image data, audio data, text data, and

geographical data [15], [33].
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CHAPTER FOUR
RELATED WORKS

In this section, the application of data mining system in health care is briefly discussed and
different works which are related with treatment prediction outcome is presented. Finally, TB

treatment outcome prediction is discussed.
4.1 DATA MINING TECHNIQUES IN PREDICTING TREATMENT OUTCOME

In medical and health care areas, due to recordkeeping regulations and due to the availability of
computers, a large amount of data is becoming available. Even though, practitioners are
expected to use all this data in their work but, at the same time, such a large amount of data
cannot be processed by humans in a short time to make diagnosis, prognosis and treatment

schedules [34].

According to Abdullah [35] The applications of data mining can be found in many areas such as
evaluating risks of financial investment, detection of credit card fraud, patient diagnosis etc.

Data mining can be applied to health care effort as well [2].

Data Mining Technology provides a user-oriented approach to novel and hidden pattern in the
data. The discovered knowledge can also be used by the medical practitioner to reduce the
adverse effect of drugs, point to less costly treatment alternatives, and predicting treatment

outcome.

Treatment records of millions of patients can be stored and computerized and data mining
techniques may help in answering several important and critical questions related to health

care [36].

Data mining has been used in a number of treatment datasets such as surgical outcome
prediction, heart attack prediction, prevention of mental illness, hypertension control,

tuberculosis diagnosis, etc...
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4.2 DATA MINING TREATMENT OUTCOMES PREDICTION

4.2.1 The Process of Treatment Prediction

The process of treatment outcome prediction is lucidly described in a research dissertation,
Data mining in diagnostic charts and treatment outcome prediction for Vision Restoration

Therapy on treatment outcome prediction.

“In medical applications, treatments were administered by the physician to support the
patient’s recovery. If the treatment is time consuming and if it does not have the same result
for all patients with a specific disease, it is desirable to use a prediction model telling whether
the regimen is helpful or not. A simple manual approach to build such a prognostic system

would require the following steps:

1. Collect as much data as possible about patients: the therapeutic regimen and the result
after treatment.

2. To make the prognosis for a new patient P, just look into the set of collected samples
and find a patient PO (treated patient)with identical properties (with respect to age, the
history of the patient’s diseases, the regimen and some other criteria which were
collected).

3. Return the treatment outcome from PO as prognosis for P (new patient).

This approach lacks some very important aspects. If the database is huge (containing more than
10,000 cases), it is tedious to go through the database manually and finding the correct match.
Furthermore, each patient is unique; no two patients are identical. This example shows that
computers are helpful to support the physician who wants to make a prognosis for a new
patient. Data mining tools were designed to efficiently access large databases and can be used

to find cases which best match the properties of the patient P0.” [37]

As it is described above finding a pattern (knowledge) in a dataset is extremely difficult,
machine language algorithms and data mining techniques are the remedies proposed by
experts. Though, this does not mean that the blind use of the algorithms and the techniques

bring about successful results.
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4.2.2 Data Mining Treatment Prediction

A study conducted on patients with urinary fistula, surgical repair outcome is investigated using
predictive data mining techniques with the objective of coming up with a model that helps us to

predict treatment outcome [7].

The study showed that the WEKA rule based algorithm, PART outperforms decision tree
algorithm and regression analysis. The performance of the model was analyzed using the ROC

area and resulted in 0.742 [7].

According to a research conducted at Center stone, the largest community based mental health
provider in the United States, predicting treatment outcome based on a data extracted from
EMR, achieved a 70% success rate in predicting treatment outcomes using data mining

methods[38].

The research used a number of algorithms (23 different algorithms) and the model is also
evaluated using multiple performance metrics such as accuracy, ROC analysis, AUC, TP rate, FP
rate. From the finding achieved, clinical decisions could be supported by data mining

technologies [38].

In as study conducted in Saudi Arabia 2005, a data mining regression analysis using non
communicable diseases, the data sets for different age groups in case of blood pressure
treatment for hypertension for Male using different modes have been studied. The Oracle data
miner predicts the best mode of treatment such as drug, diet, weight reduction, smoke

cessation and exercise for each group by which one can analyze the appropriate treatment [35].

A study by Asli [39], using imbalanced in-vitro fertilization (IVF) dataset, for predicting
implantation outcome revealed the same performance by adjusting the decision threshold and
under sampling as minority oversampling technique. The study made use Naive Bayes algorithm
and produce significantly better predictive performance. It also described the problem of
imbalanced dataset and the best performance measurement used in such situation. ROC

analysis is proposed for the problem.
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In a research conducted in the university of Manchester, on predicting the treatment outcome
of tuberculosis-supervised and unsupervised learning, using seventeen features of dataset
Iranian TB patients such as sex, weight, nationality, area of residency, current stay in prison, low
body weight, TB type, treatment category, length of disease, TB case type, recent TB infection,
diabetic or HIV positive, and social risk factors like history of imprisonment, IV drug usage, and
unprotected sex decision tree gave the best prediction accuracy (74.21%) compared with other
methods. The data mining algorithms used for the purpose includes logistic regression and

support vector machine were shown least performance [40].

4.3 SUMMARY OF LITERATURE REVIEW AND RELATED WORKS

As it is pointed out in chapter 2, TB is one among the major public health problems and
Ethiopian is one of the high burden counties. However, with the expansion of DOT and HEWs
and community volunteers, case finding and treatment of tuberculosis has been successful. The
Stop TB strategy is also adopted by Ethiopia and basically it is expansion of DOT and other

strategies.

In order to assist the effort of tackling the TB problem, be able to predict the treatment

outcome using data mining techniques supports the endeavor.

From the above description of related works, TB treatment outcome prediction model was
proposed in a research conducted in Manchester University. But the features/ attributes
selected for the purpose is different from the dataset found in health facilities found in

Ethiopia.

In addition to that, the performance measure used for the model was not simple accuracy

measurement but in this study a combination of accuracy measurement and ROC area are used.

Among the major five outcomes indicated in table 2.1, the dataset contains only three
outcomes that is two favorable outcomes (Treatment completed and Cure) and one

unfavorable outcome (Death). Treatment Failure and Defaulter are not found.
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The problem is be attributed to (1) failure to register treatment failure by the clinicians (2)
there are only 2% failure in treatment, as it is reported by FMoH (3) Defaulter are not also

found.

Finally, this research is the first attempt in this country to prepare a predictive model for TB

treatment outcome prediction using the TB dataset found in the health facilities.
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CHAPTER FIVE
DATA UNDERSTANDING AND PREPARATION OF THE DATA

As it was indicated in the first chapter, the knowledge discovery process is guided by the six
steps Cios et al hybrid model. The advantage and the steps the model follows were discussed in

brief in chapter 3. The steps of the model guide this chapter and the subsequent one.

5.1 BUSINESS UNDERSTANDING

5.1.1 Overview

Data mining starts by understanding the business or problem domain in order to gain the
business knowledge. The method used to understand the TB treatment and its potential

outcome, as the other parts of the study, are literatures and experts in the domain.

First, different literatures are used to gain a through/complete understanding of the domain
and the primary source referred to meet the goal is "GUIDELINES FOR CLINICAL AND
PROGRAMMATIC MANAGEMENT OF TB, LEPROSY AND TB/HIV IN ETHIOPIA, FIFTH EDITION
APRIL, 2012 Addis Ababa". In addition to the guideline, WHO sources are used extensively.

The researcher did not solely depend on literatures but also consulted experts and
professionals in the area so that the literatures would be better understood. TB focal persons,
Clinicians, Nurses and TB advisors were some of the people contributed to this step of the

project — understanding of the problem domain.
5.1.2 Understanding TB Diagnosis and Treatment

The very first step of TB diagnosis begins with the identification of suspects, who are coughing
for two weeks or more and have other symptoms such as low grade fever, night sweating and
weight loss. This could be done with the help of HEWs and community volunteers. The suspects
referred to a diagnostic health facility for sputum smear examination and further clinical

evaluation.
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There are different diagnostic methods to confirm the existence of the bacilli in the suspects
but the mainstay of diagnostic methods for TB in Ethiopia is the Bacteriological Methods called
Direct Light Smear Microscopy /conventional microscopy/. It is a method that uses sputum
specimens and examines the specimen in two consecutive days with a certain defined

procedure.

The procedure followed to confirm a suspect has TB or not is a patient use two sputum smears
(one sputum positive is enough for HIV positive patients) or culture positive for mycobacterium

tuberculosis.

Definite case of tuberculosis is also defined as a patient with Mycobacterium tuberculosis
complex identified from a clinical specimen, either by culture or a newer method such as
molecular line probe assay and for EPTB proven by one culture-positive specimen from an

extra-pulmonary site or histo-pathological evidence from a biopsy.

Treatment of TB also depends on whether the patient has never had treatment or had a relapse

or is returning after default or failure of prior treatment.

Clinically confirmed TB patients should receive adequate chemotherapy in the right
combination and correct dosage regularly for a sufficient period of time. First line drugs for the
treatment of TB in Ethiopia include: Rifampicin(R) Ethambutol (E) Isoniazid (H) Pyrazinamide (Z)

and Streptomycin(S).
The Chemotherapy has two phases:

Intensive (initial) phase: This phase consists of treatment with combination of four drugs for the
first 8 weeks for new cases, and with combination of five drugs for the first eight weeks

followed by four drugs for the next four weeks for re-treatment cases.

Continuation Phase: This phase immediately follows the intensive phase and is important to
ensure cure or completion of treatment. It is necessary in order to avoid relapse after

completion of treatment.
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There are also special cases in treatment of TB. One such case is HIV Patients on Anti-retroviral:
TB patients with HIV infection or HIV/AIDS may experience a temporary worsening of

symptoms and signs after starting TB treatment.

In TB patients infected with HIV, treatment with anti-retroviral (ARV) may interact with
treatment of TB, reducing the efficacy of anti-retroviral and of anti-TB drugs while increasing

the risk of drug toxicity.

The issue at the final stage of TB treatment effort is who does monitor the treatment. The best

solution for this is DOT (Directly Observed Treatment) strategy.

This strategy is for a health worker or a community TB treatment supporter to watch each
patient swallow every single dose of the drugs. Directly observed treatment can take place in a

hospital, health center or health post, the patient’s workplace, or at the home of the patient.

DOT ensures that all anti-TB drugs are swallowed. DOT is supposed to build supportive
relationship between patient and health worker or community TB treatment supporter. A good
relationship enables the patient to discuss any question or fear about the disease and

treatment.

The TB patient treatment has six defined outcomes i.e. Treatment completed (no proof of
negative specimen), Cure (final sputum result is smear or culture negative), Failure, Defaulter,

Death and Transferred Out.
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5.2 DATA UNDERSTANDING

Data mining requires collecting great amount of data (available in data warehouses or
databases) to achieve the intended objective. Both literatures and experts in the area are used
to understand the record of DOT TB registry book and also special effort is devoted to

understand the 12 variables selected for the data mining prediction.
5.2.1 Data Acquisition and Attribute Subset Selection

Though, a computer based database is not available in the facilities where the dataset is
located, the researcher encoded the data from the paper registry book with the help of a

human data encoder. The records selected for the encoding had all class information.

Prior to the encoding of the data, as indicated in the table below, the researcher selected 12
out of 24 attributes (see Appendix F) through discussion with domain expert and confirmed
using literatures as indicated in related works section 4.3.2. The 12 variables were selected over
the others for the data mining work believed to be more relevant for treatment outcome
prediction. These dataset were collected from 5 Health Centers of Addis Ababa City

government and merged in to one file, using Excel Program, giving a total of 6,320 records.

Table 5.1 Attributes selected for data mining task

No ‘ Attribute Name Description Data Type
Demographic Characteristics

1. Sex Sex of the patient Nominal
2. Age Age of the patient in years Numerical
3. Weight Weight of the patient in Kilograms Numerical
Clinical Features

4, Smear Result Sputum examination result Nominal
5. Patient Category Type of Patient as new, defaulter Nominal
6. TB Type TB Type as PNeg,Ppos, EP Nominal
7. HIV Test Result HIV status of a patient Nominal
8. CPT Cotrimoxazol Preventive Therapy Nominal
9. ART Anti-Retroviral Drug for HIV patients Nominal
10 | Second Month Sputum Result Sputum result of the patient after 2 months Nominal
11. | Second Month Weight Weight in Kilograms after two months Numerical
Treatment Outcome

12. | Outcome Nominal
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5.2.2 Data Integration

The data needed for the mining task is collected from 5 health centers. The TB registry format is
a standard for all health centers throughout the country; the values entered for the variables

are all the same, so that integration of the dataset from the health centers was not a problem.

To make the dataset suitable for data mining task, pre-processing work is done. Such as data

cleaning, missing value, etc. The detail of the process is indicated in the next section.
5.3 DATA PREPROCESSING

Before feeding data to data miner we have to make sure the quality of data. The dataset used
for the project contains missing values, inconsistencies and noisy data. In order to use the data

for the intended purpose filling missing values, correcting inconsistency has been made.

Noise in the data is defined as a value that is a random error or variance in a measured feature
[42]. Depending on the amount in the data, it can be a substantial problem that can jeopardize

the knowledge discovery process.

Exploratory data analysis precedes the effort of data preprocessing in that it exposes the

problems found in the dataset.
5.3.1 Exploratory data analysis

In this section efforts were made to present the description of the selected attribute together
with the exploratory data analysis performed with the use of frequency tables. The attribute’s
description, data type, unit of measure and list of values or range of values are described. With
the use of frequency tables, the exploratory data analysis is performed to detect bad data i.e.
attributes with the missing values and wrong entries or noises and inconsistency in values of
attributes. The frequency tables for the selected attributes show the original distribution of

values of attributes in instances of the dataset before any preprocessing is done on the dataset.
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Sex: It is nominal value that has two values which is Male or Female. The number of male is
approximately equal to female patients. There are only 15 instances are missing and 6 instances
of noise are found in the dataset out of 6332 instances, which amounts 0.24% and 0.09%

respectively. Table 5.2 shows the statistical summary of this variable.

Table 5.2 Statistical Summary of Sex

Sex Frequency | Percent
Valid Male 3153 49.79
Female | 3158 49.87
Missing Values 15 0.24
Noise 6 0.09
Total 6332 100

Age: It is a continuous valued attribute. Missing values and noises in the dataset were found to

be 24 (0.38%) and 4(0.06%) respectively. Table 5.3 describes summary of age in the dataset.

Table 5.3 Statistical Summary of Age

Age Frequency Percent
Valid 1-120 6304 99.56
Missing Values 24 0.38
Noise 4 0.06
Total 6332 100

Smear Result: variable that classifies patients based on smear test as Positive, Negative and
Extra-pulmonary. It is nominal variable that assumes values such as Positive (P), Negative (N)
and Extra-pulmonary (EP). There were 4,510 (71.23%) missing values and there were very few

errors (0.06%). Table 5.4 shows summary of smear result.

Table 5.4 Statistical Summary of Smear Result

Smear Result Frequency | Percent
Valid N 1015 16.01
P 761 12.02
EP 42 0.66
Missing Values 4510 71.23
Noise 4 0.06
Total 6332 100
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Weight: It is continuous variable. The value is taken at the health facility after the patient had

been suspected having TB. All the values in the data were correct but had 231 (3.65%) missing

values. Table 4.4 shows the summary of weight measurements of patients.

Table 5.5 Statistical Summary of Weight

Weight Frequency | Percent
Valid 6101 96.35
Missing Values 231 3.65
Noise 0 0

Total 6332 100

Patient Category: this variable tells the patient type as

New, Relapse, Failed, Default,

Transferred and Other. It is @ nominal variable assumes values such as New (N), Relapse (R),

Failure (F), Defaulter (D), T (Transferred out), and O (other). Table 5.6 summarize patients

category. The data set reveals few missing values and errors with a magnitude of 97 (1.53%)

and 6 (0.09%) respectively.

Table 5.6 Statistical Summary of Patient Category

Patient Category Frequency | Percent
Valid N 5388 85.1

R 196 3.09

F 12 0.19

D 16 0.25

T 220 3.47

0 397 6.27
Missing Values 97 1.53
Noise 6 0.09
Total 6332 100

TB Type: It is also nominal attribute that assumes three values Pulmonary Positive (P/Pos),

Pulmonary Negative P/Neg and Extra-pulmonary (EP). Only 31 (0.49%) missing values and 24

(0.38%) noises are found under this attribute. Table 5.7 summarizes attribute values in the

dataset.
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Table 5.7 Statistical Summary of TB Type

TB Type Frequency | Percent
Valid P/Pos | 1562 24.67
P/Neg | 2673 42.21
EP 2042 32.25
Missing Values 31 0.49
Noise 24 0.38
Total 6332 100

Table 5.8 Statistical Summary of HIV Test Result

HIV Test Result Frequency | Percent
Valid R 1953 30.84
NR 4014 63.39
Missing Values 361 5.70
Noise 4 0.06
Total 6332 100

Table 5.9 Statistical summary of CPT

statistical summary of the CPT value in the dataset.

CPT Frequency | Percent
Valid YES 1622 25.62
NO 461 7.28
Missing Values 4241 66.97
Noise 8 0.13
Total 6332 100

HIV Test Result: this attribute indicates HIV status of TB patient. This attribute also assumes
valid nominal values such as R and NR for Reactive and Non-Reactive respectively. The fields
with missing values are only 361 (5.70%) of the total number of instances. Noise is insignificant

amounts to 0.06% of the total dataset. Table 5.8 shows summary of this attribute value in the

CPT: stands for Cotrimoxazol Preventive Therapy. The attribute indicates the drug HIV patients
take to guard themselves against other opportunistic infections. It is a binary nominal attribute
assumes values as YES or NO. The frequency of missing value in the dataset amounts 4241

(66.97%) of the total instances while the errors are only 0.13 percent. Table 4.8 shows the
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ART: stands for Anti Retroviral Therapy. It is a drug for HIV positive patients. It assumes binary
nominal attribute. It takes a value YES or NO for those HIV Reactive patients who takes the drug
or not respectively. There were 4,431 (69.97%) missing values and there were only 2 errors.

Table 4.9 show the summary of ART value in the dataset.

Table 5.10 Statistical Summary of ART

ART Frequency Percent
Valid YES 1010 15.95
NO 889 14.04
Missing Values 4431 69.97
Noise 2 0.03
Total 6332 100

Second Month Sputum Result: This variable indicates to see the patient convert sputum after
two months treatment. It is a binary nominal attributes that assumes two values as YES or NO.
Noises are not identified under this attribute and the missing values amount to 76.55% of the total

instances. Table 5.11 shows statistical summary of second month sputum.

Table 5.11 statistical summary of second month sputum result

Second Month Sputum Result Frequency | Percent

Valid YES 49 0.77
NO 1436 22.68

Missing Values 4847 76.55

Noise 0 0

Total 6332 100

Second Month Weight: The weight measurement taken after the patient completed treatment
administered for two months. It is a continuous variable. There is 1 error but significant

amount of missing values existed that was 1296 (20.47%).

Table 5.12 statistical summary of second month weight

Second Month Weight Frequency Percent
Valid 5035 79.52
Missing Values 1296 20.47
Noise 1 0.01
Total 6332 100
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Outcome: This is the dependent variable the researcher wants to predict in this data mining
project work. It is a nominal variable that assumes three values TC stands for Treatment
Completed; C stands for Cure; the above two are outcomes represent treatment success. D
stands for Death. The data set contained only 0.20% missing values and had no error at all.

Table 4.12 shows statistical summary of outcome variable in the dataset.

Table 5.13 statistical summary of outcome

Outcome Frequency Percent

Valid TC 4868 76.87
C 1135 17.92
D 316 4.99

Missing Values 13 0.20

Noise 0 0

Total 6332 100

Page | 53



5.3.2 Data Cleaning

Real world data is full of flaws. They may contain missing values, noises and inconsistencies.
These problems are hard to see to clean in huge dataset but with the help of statistical software
tools, the difficult task of cleaning the data has become easier.

Data cleaning routines work to “clean” the data by filling in missing values, smoothing noisy
data, identifying or removing outliers, and resolving inconsistencies [22]. The next sections
clearly discuss the tasks done in cleaning the dataset in order to gain a “clean” data for the

mining algorithms.

5.3.2.1 Managing Missing Values

Many datasets are plagued by the problem of missing values. The missing values problem may
happen for various reasons such as incomplete manual data entry, incorrect measurements,

and equipment errors [30].

In some domains (as in medicine), it is common to encounter data with a large percentage of
missing values, even over 50% of all values [22].The dataset also reflects this fact and large

number of missing values are observed as indicated.(Table 5.14)

There are two ways in dealing with missing values, one is removal of the missing data and the
other is filling in the missing feature [30]. Both methods are employed to handle the missing
value problem in the dataset. Except for the outcome class value, it is the later used in dealing

with the problem.

As most data preprocessing literatures discusses, the method used to fill values depends on the
type of attributes used in the project, for nominal attributes the most frequent values (mode) is
used; for continuous variables arithmetic mean is used. But unintelligent application of both

methods shocks the validity of the solution.

In the previous phase of data understanding using EDA, the number of missing values for each

attribute is obtained. The strategy to handle each problem is explained briefly as follows:
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Sex the number of male approximately equal to female patients, the replacing by the most
frequent strategy does not work. Since the number of missing values are few (15 instances out
of 6332), half of the missing values are replaced by male and the other half by female. (Table
5.2)

Age is simply replaced by mean, in this case the distribution of age is analyzed using WEKA and

age reveals a normal distribution.

Replacing the missing values may likely lead to an error unless they are used with care []. In the
case of missing values of patient’s weight, before taking the average value of all the instances,
group the patients according to age and take the mean value for that age group. Weight and

Second Month Weight is replaced by mean by taking care of the age group of the patients.

The missing values of Smear result can be successfully resolved by comparing with TB type
attribute (Ex. Pulmonary Negative (PNeg) has Negative Smear result, if Negative smear result is
missing it can be replaced using TB Type which is Pulmonary Negative). Since the missing values
of TB type attributes are quite minimal and replaced by most frequent value in turn solves the

problem of smear result.

Patient Category is replaced by the most frequent value (mode). If values are distributed
evenly, the validity of this approach is questionable. Buy as it is clearly shown in Table 5.6,
Patient Category New (N) represents 85% and replacing the missing values with New (N) gives

statistical sense.

HIV Test Result: Only patients with HIV Positive test result was registered in the dataset as
Positive (R); for those patients who are HIV Negative, the field was left unfilled, thus filled with
Negative (NR).

Most of the missing value happens simply because there are some attributes that are not
applicable (eg. HIV negative patients do not take CPT and ART medication). Missing values of
CPT, ART, and Second Month Sputum are replaced by Not Applicable (NA).The high number of

missing values in these features is attributed to such a reason.
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Finally, the outcome class with missing value is totally discarded because it is the dependent
variable (statistically speaking) that we want to predict. Table 5.14 reveals the missing values

problems with the various strategies to deal with them.

Table 5.14 summarizes missing values and how it is corrected.

No | Attributes Missing Value Handling Mechanism

1 Sex 0.24% Replaced by most frequent value
2 Age 0.38% Replaced by mean

3 Weight 3.65% Replaced by mean

4 Smear Result 71.23% Replaced by cross checking with TB type
5 Category 1.53% Replaced by most frequent value
6 TB Type 0.45% Replaced by most frequent value
7 HIV Test Result 5.70% Replaced by Negative (NR)

8 | CPT 66.97% Replaced by NA!

9 ART 69.97% Replaced by NA

10 | Second Month Sputum Result 76.55% Replaced by NA

11 | Second Month Weight 0.01% Replaced by mean

12 | Outcome 0.20% Removal of instances

5.3.2.2 Handling Noise

There were very few errors found in the dataset and the errors are corrected manually and the
rest filled by the most frequent values. Though few are the errors, efforts are shown to
understand and manage the problem.

As indicted in the below table, out of the 12 attributes selected, only 9 of them had revealed

noise in the data.

' NA: Not Applicable
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Table 5.15 summarizes noisy value and how it is handled.

No Attributes Noisy data Handling Mechanism

1 Sex N, E It is typo, N and E is corrected by M and F respectively

2 Age 0, 299,422,440 0 is discarded, typing a character twice and corrected as 29,
42 40

3 Smear Result EPTB, PN, F, M It is typo, replaced by EP and N. F and M are replaced by the
most frequent

4 Patient Category M, P, PN, NPN It is typo. M is replaced by N, NPN with N and the replaced
by the most frequent

5 TB Type P,E,N,ER,NR,F,R,Y | PP, EP,PN are manually corrected and the rest replaced by
the most frequent

6 HIV Test Result PN,PP,EP Replaced by the most frequent

7 CPT N, NR,O Replaced by the most frequent

8 | ART 57,N Replaced by the most frequent

9 | Second Month Weight | 565 Corrected manually by 56.5 and checked with the weight

when the patient first comes to facility

5.3.2.3 Resolving Inconsistencies

Since the data is encoded manually, much inconsistency was not seen in the data and those

identified was due to data entry during encoding were manually managed. The inconsistency is

due to data entry during encoding.

54

PREPROCESSED FINAL DATASET

Even though, the data was collected for the intended objectives discussed in the first chapter,

the data was plagued with problems such as missing values, inconsistencies and errors. The

problem of inconsistencies and errors were very few and handled manually.

The most apparent problem was missing values but the problems were dealt in discussion with

domain experts. For instance, if a patient is HIV negative, their status is not filled and in that

case Negative (NR) is filled for the feature. There were similar problem in the dataset and

successfully handled. In the case of the outcome class, only 13 records were without class value

and they were discarded. The final processed dataset contains 6319 instances with 12 variables

including the class variable.

Page | 57




CHAPTER SIX

EXPERMENTATION AND EVALUATION OF THE DISCOVERED
KNOWLEDGE

After preprocessing and preparation of the dataset the next step was the mining task using
selected algorithms. The three selected algorithms to prepare a predictive model are J48, Naive
Bayes, SMO and PART. In this chapter successive experimentation with their performance
measurement is provided and the rules generated by the best algorithm are selected and
discussed with the help of an expert for its interestingness. Finally, prototype of user interface

provided.
6.1 EXPERIMENTAL SETUP

The TB dataset collected from the five health centers in Excel format was converted to Comma
Separated Value (CSV) file format so as to make it ready for WEKA. The dataset contained 6320

instances and a total of 12 attributes including class attribute which is an “outcome”.

mn nn nn mn

The 12 attributes that were selected include: "sex", "age", "smear result", "weight", "category",
"TB type", "HIV test result", "CPT started", "ART started", "second month sputum", "second

month weight" and the class attribute "outcome" (Table 6.1).
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- SEX age smear_result weight cabegory ftype hiv_test_result | cpl_starbed | ari_staried | 2nd_month_sputum_result | 2nd_month_weight |  ouloome
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3 43T |M 514 H 20-29 N PN HR Ha Ha N 20-29 C
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43L|F 15-24 EP 4054 N EP HR Ha Ha A 40538 C
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I 500|M 45-54 H =55 N PN R WS HO N =55 TC

Figure 6.1 Example dataset after preprocessing and preparation
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6.2 DATA MINING TOOL AND PARAMETER SELECTION

To develop these models, a suitable environment is required. A number of machine learning

algorithms including the above mentioned classifiers are well known implementations in the

freely available code package WEKA (Waikato Environment for Knowledge Analysis). This

package is developed at the University of Waikato in New Zealand.

The system provides a uniform interface to a number of different learning tasks such as

classification, regression, clustering, associated rules and visualization. The algorithms can

either be employed directly to a dataset or called from other JAVA code. Moreover, the

environment is capable of pre-processing and post-processing to evaluate the result of a

learning scheme on any offered dataset.

The dataset was imported to WEKA 3.6.9, stable version, selected for the data mining task as

shown below in figure 6.1.
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Instances: 6319 Attributes: 12 Missing: 0/(0%)

No. Label

3D

bie_best resdt
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Slea| | =d]a ||| -

nd_mornth.wagt

Figure 6.2 Data loading
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In order to get statistically meaningful results, the default number of iterations is 10. In case of
10-fold cross-validation this means 100 calls of one classifier with training data and tested
against test data. All the other parameters are left in their default, except for tree pruning, in

the case of J-48 algorithm, is used.

6.3 POST-PROCESSING OF THE DATASET

Understanding the dataset also includes looking in to the distribution of outcome class carefully
since it determines the choosing of the right predictive performance indicators. One major

issue is the problem of imbalanced outcome class.

6.3.1 The Problem of Imbalanced Dataset and Performance Metric

A dataset is imbalanced if the classes are not approximately equally represented [41]. The TB
dataset used for the mining task in this project is represented approximately on the order of

100 (Successful Treatment Class) to 5 (Death Class).

Performance of machine learning algorithms is typically evaluated using predictive accuracy.

However, this is not appropriate when the data is imbalanced. [41]

In this project, high rate of correct detection of the minority class (Death Class) is required and
small errors in the majority class in order to achieve this. Simple predictive accuracy is clearly

not appropriate in such situations.

Rather, the Receiver Operating Characteristic (ROC) curve is a standard technique for
summarizing classifier performance over a range of tradeoffs between true positive and false

positive errors [41].

ROC curves can be thought of as representing the family of best decision boundaries for relative
costs of TP and FP. On an ROC curve the X-axis represents %FP = FP/(TN+FP) and the Y-axis
represents %TP = TP/(TP+FN). The ideal point on the ROC curve would be (0,100), that is all

positive examples are classified correctly and no negative examples are misclassified as
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positive. The area under the curve (AUC) is an accepted performance metric for an ROC curve

[41].

As it is pointed above, the dataset analyzed represents an imbalanced distribution of Treatment
Success (Treatment Completed plus Cure) and Death. The number of instances of Treatment
Success dominates that of Death. Such imbalance leads to bias towards the majority class. In
order to deal with this problem, SMOTE (Synthetic Minority Over-sampling Technique), a
technique that helps us to adjust the distribution of minority class instances artificially, was

used.
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6.4 CLASSIFICATION MODELING USING J48 DECISION TREE

The decision tree used in WEKA is termed as J48 which is a modification of the C4.5 algorithm.
The outcome variable takes three values i.e. Treatment completed, Cure and Death. The
number of death in the dataset is very small in that it shows class imbalance as it is clearly seen
in the bar graph below in Figure 6.1 and this imbalance leads to incorrect classification by the

decision tree algorithms. The strategy to mitigate this problem is applying SMOTE.

A L)

Figure 6.3 Outcome class (TC= 4868, C=1135 and D=315) before SMOTE is applied

6.4.1 J48 Experiment |

The first experiment was done with default parameters and without the application of SMOTE.
In this case, though SMOTE was not applied to the dataset the accuracy seems good. In
imbalanced dataset such as this, accuracy is not a good measure but ROC area with accuracy is
the performance measure used to compare experiment findings. The next two experiments

were done with the application of SMOTE. Table 6.3

Table6.2 Experimentation with J48 using default parameters before SMOTE

Experiment No Accuracy WTP Rate WFP Rate WROC Area

1 87.3714% 0.874 0.179 0.848
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6.4.2 J48 Experiment Il

Experiment two was done with default parameters but applying successive SMOTE to rebalance
the class. As the histogram in figure 6.2 reveled, with 300% SMOTE, the minority class is re-

balanced but after 300% SMOTE the previously minority class (Death) became the majority

class.
Table6.3 Experimentation with J48 using default parameters after SMOTE 300%
Experiment No SMOTE Accuracy WTP Rate WFP Rate WROC Area
1 100% 83.2102% 0.832 0.247 0.794
2 200% 79.9642% 0.8 0.222 0.840
3 300% 81.1473% 0.811 0.16 0.863

Though, the accuracy decreased from 87% before SMOTE to 81.15% after 300% SMOTE, ROC
area slightly increased from 0.848 to 0.863.

1264

Figure 6.4 Outcome Class after 300% SMOTE

6.4.3 J48 Experiment IlI

The third experiment was done by setting unprunned parameter value to “True” after SMOTE
300%. The tree generated will represent unprunned decision tree. The last two experiments

were done by setting the unprunned parameter value to “False”.
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Table6.4 Experimentation with J48 using unprunned parameter true after SMOTE 300%

Experiment No

SMOTE

Accuracy

WTP Rate

WFP Rate

WROC Area

1

300%

81.0997 %

0.811

0.142

0.888

Accuracy remained the almost the same as unprunned parameter value false but the ROC area

increased from 0.863 to 0.888.

6.5 CLASSIFICATION MODELING USING NAIVE BAYES METHOD

The Naive Bayes classification reads a set of examples from the training set and uses the Bayes

theorem to estimate the probabilities of all classifications. For each instance, the classification

with the highest probability is chosen as the prediction class.

6.5.1 Naive Bayes Experiment |

The application of Naive Bayes technique with 10-fold cross validation as in evaluating the

prediction model based on the correctly classified instances, the model has produced 87.0866

percent accuracy rate and ROC Area 0.874 (see Table 6.5).

Table6.5 Experimentation with Naive Bayes default parameters

Experiment No

Accuracy

WTP Rate

WFP Rate

WROC Area

1

87.0866 %

0.871

0.18

0.874

6.5.2 Naive Bayes Experiment |l

Using a successive SMOTE (100%-400%), the accuracy as well as ROC area declined dramatically

(see Table 6.6).
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Table6.6 Experimentation with Naive Bayes using default parameters and 100%-300% SMOTE

Experiment No SMOTE Accuracy WTP Rate WEFP Rate WROC Area
1 100% 81.3263 % 0.813 0.237 0.837
2 200% 72.5609 % 0.726 0.248 0.796
3 300% 75.6963% 0.757 0.176 0.845

These two experiments in the above tables describe the performance of the algorithm in the

given dataset. First, the algorithm performs well in both measurement using default

parameters and as the data is in the unbalanced state. The successive attempt to balance the

data resulted in low performance.

6.6 CLASSIFICATION MODELING USING SMO ALGORITHM

The experiments for SYM was conducted with same dataset size (N= 6319) as the same as for

others algorithms and test options was also the default 10 fold cross-validation pertained.

6.6.1 SMO Experiment |

The result below shows (Table 6.7) that SMO without rebalancing the dataset reflects an

accuracy of 87.3714 % and ROC area 0.848 respectively. This finding clearly shows that the

performance of SMO is almost the same as Naive Bayes.

Table 6.7 Experimentation with SMO default parameters

Experiment No

Accuracy

WTP Rate

WFP Rate

WROC Area

1

87.3714 %

0.874

0.179

0.848
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6.6.2 SMO Experiment Il

In order to get a better result, this time rebalancing is done successively to see how the
algorithm performs. But at SMOTE 200%, both the accuracy and ROC area exhibits a better

performance compared to the firs and the third experiment at 100% and 300% SMOTE.

Table 6.8 Experimentation with SMO using default parameters and 100%-300% SMOTE

Experiment No SMOTE Accuracy WTP Rate WEFP Rate WROC Area
1 100% 78.5527 % 0.786 0.212 0.798
2 200% 83.2102 % 0.832 0.247 0.794
3 300% 75.9736 % 0.76 0.311 0.728

The two experiments conducted above using SMO reveal that performance is better without

rebalancing the dataset artificially.

6.7 CLASSIFICATION MODELING WITH PART ALGORITHM

According to Witten and Frank there are two industrial-strength rule induction algorithms. But
the one that works by repeatedly building partial decision trees and extracting rules from them
(i.e. PART) is preferred to and used in this research because of its simplicity and its ability to

achieve the same level of performance with others [29].
6.7.1 PART Experiment |

As it was used in J48, SMO and Naive Bayes algorithms, an experiment with PART was also done

with default parameters without any effort of re-balancing the dataset (Table 6.7).

Table 6.9 Experimentation with PART using default parameters without SMOTE

Experiment No Accuracy WTP Rate WFP Rate WROC Area

1 86.4377 % 0.864 0.222 0.866
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6.7.2 PART Experiment Il

PART experiment with successive SMOTE resulted in an accuracy of 81.314 and ROC area 0.892.
Table 6.10 shows the result of PART algorithm with ROC increases steadily.

Table 6.10 Experimentation with PART using default parameters and 100%-300% SMOTE

Experiment No SMOTE Accuracy WTPR WFPR WROC
1 100% 83.1047 % 0.831 0.237 0.853
2 200% 79.7991 % 0.798 0.208 0.864
3 300% 81.314 % 0.813 0.145 0.892

Comparing the two experiments, the first experiment shows a better accuracy but comparison

based on ROC area is reveals that experiment two came up with a better result.

6.8 PERFORMANCE COMPARISON of NAIVE BAYES,J-48, SMO and PART

Comparison of J48, Naive Bayes, SMO and PART indicated that PART algorithm believed to work

well in unbalanced dataset with an accuracy rate of 81.314 and ROC area 0.892.

Table 6.11 Summary of J-48, Naive Bayes, SMO and PART

Exp No Algorithms SMOTE Accuracy WTPR WFPR WROC
1 148 300% 81.1473% 0.811 0.16 0.863
2 Naive Bayes | NO 87.0866 % 0.871 0.18 0.874
3 SMO NO 87.3714% 0.874 0.179 0.848
4 PART 300% 81.314 % 0.813 0.145 0.892

A closer look at the four algorithms reveled something interesting. J48 and PART algorithms
produced almost the same accuracy. It is not only a better accuracy rate but also a better
performance in the area under the ROC except for a slight difference in the later. From the two

algorithms PART has better performance.

The other two algorithms Naive Bayes and SMO, as the above two algorithms, have also
generated comparable accuracy rate and ROC area for a small increase in the former. Naive

Bayes performs better than SMO.
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Bayes and PART are the two candidate algorithms in this project work. Due to a better ROC area
the former is taken though it is less in accuracy rate. Therefore, PART is the algorithm of choice

to generate rules and for further analysis for their interestingness in the next section.
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6.9 EVALUATION OF THE CLASSIFICATION RULES

The rules generated using PART algorithms are given as follows. The selections of the rules are
based on objective measurements given in parenthesis at the end of each rules. Then the
interestingness of the knowledge discovered is confirmed with experts. Among the 54 rules
generated only 12 is selected. Out of the 12 rules only 5 rules were found to be interesting for

the experts.
6.8.1 Rules selected for Treatment completed

Rule #1 IF smear_result = EP AND age = 15-24 AND hiv_test_result= NR THEN TC (518.0/31.0)

Rule #2 IF smear_result = EP AND age = 25-34 AND Z“d_month_weight =>=55 AND category = N
THEN TC (223.0/3.0)

Rule #3 IF smear_result = N AND weight = >=55 AND Z”d_month_weight = >=55: THEN TC
(543.0/51.0)

Rule #4 IF smear_result = EP AND category = N AND age = 25-34 AND hiv_test_result = NR:
THEN TC (252.0/42.0)

Rule #5 IF smear_result = N AND age = 15-24 AND weight = 40-54 AND ART _started = NA: TNEN
TC (355.0/58.0)

Discussion

Among the five rules selected for Treatment completed outcome, Rules #4 is accepted by an
expert. New cases of EPTB in a given age range (25-34) with HIV status negative has a high
chance of completing treatment. Most EPTB patients are HIV positive and do not complete their
treatment due to various reasons. Adults in the age range specified above and HIV negative are

the ones who are completing treatment.
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6.8.2 Rules selected for Cure

Rule #1 IF smear_result = P AND hiv_test_result = NR AND sex = F AND age = 15-24 AND
2nd_month_weight = 40-54: THEN C (328.0/42.0)

Rule #2 |IF smear_result = P AND hiv_test_result = NR AND sex = F AND category = N AND age =
25-34: THEN C (238.0/24.0)

Rule #3 IF smear_result = P AND hiv_test_result = NR AND age = 35-44 AND category = N
2nd_month_sputum_result = N AND weight = 40-54: THEN C (79.0/16.0)

Discussion

As stated by a TB expert at FMoH, there is “High cure rate among New smear positive TB cases
that are HIV negative as compared to HIV positives. Young females will also have better chance

of cure.” Thus, Rule #2 gives sense.

The same expert who confirmed the interestingness of Rule #2 also accepted Rule #3. A new
patient with second month smear negative and HIV test result negative, the chance of got

cured is high.

6.8.3 Rules selected for Death

Rule #1 IF smear_result = EP AND sex = M AND weight = >=55 AND 2nd_month_weight = >=55
AND age = 55-64 AND art_started = NA: THEN D (42.0/11.0)

Rule #2 IF smear_result = EP AND sex = M AND category = O AND age = 25-34 AND
hiv_test_result = R AND weight = 40-54: THEN D (30.0/5.0)

Rule #3 IF smear_result = N AND weight = >=55 AND age = 35-44 AND hiv_test_result = R AND
category = N: THEN D (63.0/17.0)

Rule #4 IF smear_result = N AND weight = 40-54 AND age = 25-34 AND 2nd_month_weight =
40-54 AND sex = M: D (85.0/28.0)
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Discussion

Among the four rules selected for Death Outcome, Rule #2 and Rule #3 are accepted by two

experts.

Rule #2: A patient with EPTB, a case difficult for diagnosis, male (less adherence compared to
female patients), patient category of “other” (previously treated and with new form of TB that
smear negative or EPTB), HIV positive in a given age (25-34) and weight (40-54) range results in
Death.

Rule #3: A new patient with Smear Result negative but Positive Serostatus, HIV Positive in a
given age and weigh range likely to die. Older, new cases of smear negative TB patients who are
HIV positive tend to die due to poor treatment compliance since they believed that they are

free from TB (exert opinion)
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6.9 PROTOTYPE DEVELOPMENT

Due to the move to smart phones applications, the rules, generated using PART algorithm, are
imbedded in to mobile program using Sun Java. The ease of use of smart phones and their

accessibility made them a choice of computing device today.

As indicated in the diagrams below (figure 6.3), the user fill up the form with the demographic
features and the selected clinical features and may predict the outcome of the treatment with

an accuracy of more than 81%.
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Figure 6.5 Prototype of DM TB Outcome Prediction
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CHAPTER SEVEN
SUMMARY, CONCLUSIONS AND RECOMMENDATIONS

7.1 SUMMARY

Useful information for decision makings are buried in the accumulated mountain of data over
the years in the health sector. This massive collection remains as they are without much benefit

to the sector.

Health informatics is a field of study that endeavors to assist health care related decisions
through the application of theories and tools from information science and computer science.
One of the efforts in health informatics is to use machine learning algorithms and data mining

techniques to uncover the useful information in the data.

The objective of this research was to prepare a predictive model for TB treatment outcome that
assists clinical decisions in connection with TB treatment. For this purpose data is collected
from health facilities that provide tuberculosis treatment in their clinics. Having pre-processed
the data, the data was fed in to data mining tools with the selected algorithms based on their
performance discussed in different literatures. In addition, the algorithms selected are tested in

bio-medical fields where much missing features and imbalanced class problem is apparent.

The data mining task used is classification with which we can successfully predict the outcome
of treatment and three classifier algorithms such as J-48, Naive Bayes, SMO and PART are used.
A serious of experiments was done with the three algorithms through manipulation of some

parameters and using data re-balancing techniques such as SMOTE.

7.2  CONCLUSIONS

The results of the experiments were compared using the two performance metrics accuracy
and area under ROC. PART outperforms the decision tree algorithm and Naive Bayes and found

to be the best learner and best algorithm in a dataset such as tuberculosis.
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The results of PART were accuracy and area under ROC 81.31 and 0.89 respectively. From the
rules selected by the experts for their interestingness, the following attributes were important
for the prediction of treatment outcome: Age, Sex, Initial Weight with Second Month Weight,

Patient Category, TB Type and HIV Result.

7.3 RECOMMENDATIONS

Based on the findings of the research the following recommendations have been made to
different levels of the health system.
Policy level:
= Data mining requires a huge collection of data in a database or data warehouse to apply
data mining; such accumulated data is found in health facilities in Addis Ababa but it is
in a registry book. The attempt to store data in electronic repositories had began in the
country and some hospitals in Addis Ababa began the work. Such effort should also be
extended to health centers in the city.
Program level:
= The features recorded in the TB registry book only reflect demographic characteristics
and clinical attributes. The outcome of TB treatment is not only dependent on those
features but socio-economic factors such as income level and education has also a
significant influence and should be included.
® |n relation to the above recommendation, TB is only associated with HIV result and
treatment but chronic diseases such as diabetes mellitus and hypertension have also an
impact on the prognosis of the patients.
Facility level:
=  The TB registry book contains many missing values for the attributes especially Smear
Result, CPT, ART, Second Month Sputum Result and others. To avoid this problem the

use of training and supervision need to be considered.
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Researchers:

= Due to the limitation of time and resources, the study was conducted only with 6319
records and four algorithms. However, building a model with more data and additional
algorithms help to optimize the model.

= The dataset collected from the facilities only reflect three classes namely Treatment
completed, Cure and Death. The other outcomes such as failure and defaulter are not
found in the dataset. In order to predict the outcome of TB treatment in full magnitude
with additional dataset and outcomes, further efforts should be exerted in collecting
data that reflect all the TB treatment outcomes.

= Preparing a complete knowledge based system based on the rules generated and found

to be interesting.
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APPENDICES

APPENDIX A: J-48 OUTPUT

Classifier output

Time taken to build model: 0.1l sec

=== jtratified cross-validation ===
=== Jummary ===

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Root mean scquared error

Relative absolute error

Root relative squared error

Total Number of Instances

=== Detailed Accuracy By Class ===
TP Rate FP Rate
0.881 0.224
0.923 0.094
0.343 0.03
Weighted Awg. 0.811 0.16

=== Confusion Matrix ===

a b ¢ <-- classified as

4289 410 169 | a=TC
128 2096 46 | b=°C
662 169 433 | c=D

onds

6818

1584
0.6586
0.1974
0.3197
52.0638
73.4227

3402

4

4

81.1473
18.8527

Precision Recall F-Measure

0.844
0.784
0.668
0.801

0.881
0.923
0.343
0.811

0.862
0.848
0.453
0.797

4

ey

ROC Area Class

0.859
0.93

0.754
0.863

TC
C
D
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APPENDIX B: SMO OUTPUT

Classifier output

Summary ===

Kappa statistic

Mean absolute error
Root mean squared error
Relative absclute error

TP Rate
0.912
0.951
0
Weighted Avg. 0.786

a b c
4442 428 0|
112 2158 0|
996 268 0|

0O o

=== Confusion Matrix ===

Root relative squared error
Total Number of Instances

=== Detailed Accuracy By Class

Stratified cross-validation ===

Correctly Classified Instances
Incorrectly Classified Instances

FP Rate

0.314
0.113
0

0.212

<-- classified as

=1IC
=C

D

Time taken to build model: 52.98 seconds

6600

1802
0.5919
0.2799
0.3629
73.8179
83.3625

8402

Precision
0.8
0.757
0
0.668

5
$

76.5527 %
21.4473 %

Recall F-Measure

0.912
0.951
0

0.786

0.853
0.843
0

0.722

ROC Area C(Class

0.799
0.919
0.577
0.798

IC
c
D
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APPENDIX C: NAIVE BAYES OUTPUT

Classifier output

Time taken to build model: 0.0l seconds

=== §tratified cross-validation ===

=== Jummary ===

Correctly Classified Instances 5503 87.0866 %
Incorrectly Classified Instances g8l6 12.9134 %
Kappa statistic 0.6585

Mean absolute error 0.1187

Root mean scquared error 0.287

Relative absolute error 47,8679 %

Root relative squared error §1.5379 %

Total Nuwber of Instances 6319

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure ROC Area Class

0.909 0.212 0.935 0.909 0.922 0.873 TC

0.943 0.095 0.686 0.945 0.796 0.937 C

0 0.003 0 0 0 0.657
Weighted Awg. 0.871 0.18 0.844 0.871 0.853 0.874

=== Confusion Matrix ===

a b c <-- classified as
4427 426 15 | a=TC

58 1076 1] b==¢C
249 67 0 c =
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APPENDIX D: PART OUTPUT

Classifier output

=== Summar‘_‘( ===

Kappa statistic

Mean absolute error
Root mean scquared error
Relative absolute error

TP Rate

0.864

0.904

0.454

Weighted Avg. 0.813

=== Confusion Matrix ==

4207 370 291 | a
143 2051 76 | b
559 131 574 |

Root relative scquared error
Total Number of Instances

FP

TC
C

=== jtratified cross-validation ===

Correctly Classified Instances
Incorrectly Classified Instances

=== Detailed Accuracy By Class ===

Rate
0.199
0.082
0.051
0.145

a b ¢ <-- classified as

Time taken to build model: 0.47 seconds

6832

1570
0.6678
0.1816
0.3107
47,8971
71.3699

5402

Precision
0.857
0.804
0.61
0.805

%

%

Recall F-Measure

0.864
0.904
0.454
0.813

81.314
18.686

0.861
0.851
0.521
0.807

ROC Area Class

0.883
0.944
0.835
0.892

TC
C
D
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APPENDIX E: RULES GENRARTED USING PART

TREATMENT COMPLETED = 19 Rules

smear_result = EP AND
age = 45-54 AND
art_started = NO: TC
(26.0)

smear_result = EP AND
age = 45-54 AND
art_started = NA: TC
(101.0/5.0)

smear_result = EP AND
age = 5-14 AND
art_started = NA: TC
(102.0/6.0)

smear_result = EP AND
age = 15-24 AND
hiv_test_result
(518.0/31.0)

=NR: TC

smear_result = EP AND
age = 35-44 AND
2nd_month_weight =
>=55:TC (156.0/3.0)

smear_result = EP AND
age = 25-34 AND
2nd_month_weight =
>=55 AND

category =N: TC
(223.0/3.0)

smear_result = N AND
hiv_test_result =NR
AND

weight = 30-39 AND
category = N: TC
(135.0/6.0)

smear_result = N AND

weight = >=55 AND
2nd_month_weight = >=55: TC
(543.0/51.0)

smear_result = EP AND
art_started = YES AND
weight = 40-54 AND
category =N: TC
(124.0/17.0)

smear_result = EP AND
category = N AND

age = 25-34 AND
hiv_test_result = NR: TC
(252.0/42.0)

smear_result = N AND
age = 15-24 AND
weight = 40-54 AND
art_started = NA: TC
(355.0/58.0)

smear_result =N AND

age = 25-34 AND

category = N AND

art_started = YES AND

weight = 40-54: TC (126.0/15.0)

smear_result = N AND
age = 55-64 AND
2nd_month_weight = 40-
54:TC (69.0/2.0)

smear_result = N AND
weight = 40-54 AND

sex =M AND
cpt_started = YES AND
art_started = NO AND
2nd_month_weight = 40-
54 AND

age = 35-44 AND
category = N: TC
(29.0/5.0)

smear_result = N AND
weight = 40-54 AND
sex =M AND

cpt_ started = NA AND
category = N: TC
(188.0/56.0)

smear_result = N AND
weight = 40-54 AND
art_started = YES: TC
(109.0/25.0)

smear_result = EP AND
hiv_test_result =R
AND

cpt_started = YES AND
2nd_month_weight = 40-
54 AND

age = 35-44 AND

weight = 40-54: TC
(31.0/7.0)

smear_result = EP AND
cpt_ started = NO AND
weight = 40-54: TC
(14.0/2.0)

Cure =14 Rules

smear_result = P AND
hiv_test_result =NR
AND age = 25-34 AND
weight = 40-54 AND
category=N: C
(243.0/43.0)

smear_result = P AND
hiv_test_result =NR
AND sex = F AND
category = N AND

age = 15-24: C
(101.0/14.0)

smear_result = P AND
hiv_test_result = NR AND
age = 35-44 AND

category = N AND
2nd_month_sputum_result
=N AND weight = 40-54: C
(79.0/16.0)

2nd_month_weight = >=55
AND

age = 15-24 AND

category = N AND
art_started = NA: C
(132.0/28.0)

Page | 85




smear_result = P AND
2nd_month_weight = 20-
29 AND

age = 5-14 AND

weight = 20-29: C
(18.0/4.0)

2nd_month_weight =
>=55 AND

age = 35-44 AND
weight = >=55 AND
sex = M: C (82.0/16.0)

2nd_month_weight = 40-
54 AND

age = 15-24 AND
category = N AND
smear_result =P: C
(236.0/48.0)

2nd_month_weight = 40-54
AND

sex = F AND

category = N AND
smear_result = P AND

age = 25-34: C (101.0/20.0)

smear_result = P AND
art_started = NA AND
sex = F AND

age = 45-54: C (52.0/6.0)

category = N AND

sex = F AND
2nd_month_weight = 40-
54 AND

age = 35-44: C (64.0/12.0)

category = N AND
sex =M AND
art_started = NA: C
(172.0/72.0)

category = N AND

age = 15-24 AND
smear_result = P AND
art_started = NO: C (11.0/1.0)

art_started = NO AND
age = 45-54 AND
category = N AND
cpt_started = YES: C
(26.0/3.0)

cpt_ started = NA AND
age = 45-54 AND
2nd_month_weight = 40-
54:C(13.0/2.0)

Death = 21 Rules

smear_result = EP AND
sex =M AND

cpt_started = NA AND
age = >=65 AND
2nd_month_weight = 40-
54: D (29.0/11.0)

smear_result = N AND
weight = 30-39 AND
cpt_ started = NA AND
sex = F: D (12.0/4.0)

smear_result = N AND
weight = 30-39 AND
category = N AND
2nd_month_weight = >=55
AND

cpt_started = YES: D
(11.0/1.0)

smear_result = N AND
weight = >=55 AND

age = 35-44 AND
hiv_test_result =R AND
category = N: D (63.0/17.0)

smear_result = N AND
weight = 40-54 AND

sex =F AND

category = N AND
2nd_month_weight =
>=55 AND

age = 45-54: D (66.0/16.0)

smear_result = EP AND
age = >=65 AND
weight = >=55: D
(20.0/2.0)

smear_result = N AND
sex =F AND

category = N AND

age = >=65 AND
2nd_month_weight = 40-
54: D (37.0/18.0)

smear_result = EP AND

age = 35-44 AND
2nd_month_weight = 40-54
AND

weight = 30-39: D (17.0/3.0)

smear_result = EP AND
cpt_started = YES AND
age =15-24 AND sex=F
AND weight = 40-54: D
(21.0/5.0)

smear_result = EP AND
cpt_started = YES AND
sex = M AND age = 25-34
AND art_started = NO: D
(28.0/13.0)

art_started = NO AND
age = 25-34 AND
sex = F: D (30.0/3.0)

category = N AND
art_started = NO AND
sex = M: D (58.0/21.0)

cpt_ started = YES AND
age =45-54 AND
category = N: D (29.0/8.0)
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APPENDIX F: TB REGISTER

Left Hand Page

Sex | Name of contact | Smear Category Intensive
o
(WF) person result N.RF.D.T.0 phase g £ Intensive phase treatment monitoring chart
Address contact | Lab. no. @ 3 2 Days:
person P/Pos, PINeg or 5 s| 2
Age (Woreda, Kebele, | weight EP Drug | Dose ~§ § 2
HNo) =a|=|1]|2|3]|4|5|6]|7]|8|[9]10]11][12]13]14][15]|16|17]18]| 19| 20| 21]|22[23]| 24| 25| 26|27 28] 29] 30
4 ) (6) () ®) 9 (100§ (1) [(12)|(13)] (1 (15)] (16)] (17)] (18)[ (19)] (20)] (21)] (22)] (23)| (24)| (25)] (26)] (27)] (28)] (29)] (30)) (31)] (32)] (33)] (34)] (35)| (36)[ (37)] (38)| (39)| (40)[ (41)
Right Hand Page
UNIT TB REGISTER
. o Sputum results, . . . . o Write the date (DD/MM/YY) that treatment
—4
E— 5 o lab.name, serial nr.& COnt|hnuat|on Continuation phase treatment m:mtonng chart was stopped in appropriate column:
E > S wt phase weekly attendance
3 i D - [ Months® [Montn: Remarks
2 | 8%|8g| =€ |BE onths onth: £3 = |B
s | % s=| 3= |e=s g o | 2|2
K] K] »w = == »n = S s o 5 = 17}
= = =) £ |8 nd th th " . . . £ S5 | 38 kS S |&%
S S c2 )|l o2 |2 2 5 6 Drug Dose | Ham| Neh | Pag [ Mes | Tik | Hid | Tah [ Tir | Yek | Meg| Mia [ Gin [ Sen|] & | ¥ © a [ o |[= 3
(43) (44) (45) (46) (47) | (48) (49) (50) (51) (52) (53) | (54) | (55) | (56) | (57) | (58) | (59) | (60) | (61) | (62) | (63) | (64) | (65) | (66) (67) (68) | (69) | (70) | (71) (72)
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