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ABSTRACT

Data mining is a relatively new field whose major objective is to extract knowledge
hidden in large amounts of data. Vital statistics data offer a fertile ground for data
mining by providing a valuable source of information regarding the health status of a
population. One of the most important public health functions is monitoring of a
population’s health status. At all levels of the health delivery structure a well organized
health information system is vital for identifying the health needs of populations and for

planning, implementation and monitoring of health interventions.

The aim of this study is to discover knowledge that can be used to gain insight into
various aspects of mortality in the selected rural area of the country. The study explores
the death aspect of the vital statistics data in the Butajira Rural Health Program- BRHP

database at Butajira, Ethiopia.

A data mining tool called Weka is used to build predictive model of 95,220 cases over an
cighteen-year period. A historical cohort study analysis of vital statistics is conducted. It
follows a JDM process modeling. This study apply classification algorithm, such as to

extract interesting knowledge from temporal data on BRHP database.

The results obtained in the study contain valuable new information. These results
conveyed some interesting findings. The classification algorithm reveals that the result
indicates for the BRHP dataset, over 90% accurate results are possible for developing

classification rules that can be used in prediction.

From this result the researcher concludes that the vital statistics data can help to predict
using the application of data mining classification technique given the limitation of this

study. In general, the result from this study is encouraging.

Keywords: vital statistics data, Machine Learning, data mining, predictive models,

classification, Weka.



CHAPTER ONE

INTRODUCTION

1.1. Background

The healthcare industry is among the most information intensive industries. Health
information, knowledge and data generated globally are growing up. It has been
estimated that an acute care hospital may generate five terabytes of data a year [1]. The

ability to use these data extract useful information for quality healthcare is crucial.

Health informatics plays a very important role in the use of clinical data. In such
discoveries pattern recognition is important for the diagnosis of new diseases and the
study of different patterns found when classification of data takes place. It is known
that “Discovery of HIV infection and Hepatitis type C were inspired by analysis of

clinical courses unexpected by experts on immunology and herpetology, respectively” [2]

With the rapid development of information technology, a variety of information has
increased and there exists generally the phenomenon of "data rich but information poor"
[3]. How to excavate the valuable knowledge and the information from the mass data is
the main challenge information management faces these days. The challenge of
extracting knowledge from data is of common interest to several fields, including
statistics, dalabases, pattern recognition, machine learning, data visualization,

optimization, and high-performance computing [4].

Data mining is about using statistical and machine learning techniques to find
relationships in a set of (usually) large and complex data. It 1s a promising research arca
since it is a new emerging research field by gaining insight into various aspects of the

accumulated data.



The Data Mining (DM) technique has become an established method for improving
statistical tools to discover knowledge exist within the data which can be used to predict
future trends [5]. The data mining process involves identifying an appropriate data set to
"mine" or sift through to discover data content relationships. Data mining tools include
techniques like case-based reasoning, cluster analysis, data visualization, fuzzy query and
analysis, and neural networks. Data mining sometimes resembles the traditional scientific
method of identifying a hypothesis and then testing it using an appropriate data set.
Sometimes, however, data mining is reminiscent of what happens when data has been
collected and no significant results were found and hence an ad hoc, exploratory analysis
is conducted to find a significant relationship [2]. In such discoveries pattern recognition
is important for the diagnosis of new diseases and the study of different patterns found

when classification of data takes place |5].

Data mining as an analytic process designed to explore large amounts of data in search
for consistent patterns and/or systematic relationships between variables, and then to
validate the findings by applying the detected patterns to new subsets of data. The
process thus consists of three basic stages [6]: exploration, model building or pattern

delinition, and validation/verification.

What distinguishes data mining from conventional statistical data analysis is that data
mining is usually done for the purpose of "secondary analysis" aimed at finding
unsuspected relationships unrelated to the purposes for which the data were originally
collected [2]. Such kinowledge discovery mechanism is crucial for competitive advantage

and sustainable development.

Data mining tools predict future trends and behaviors, allowing businesses to make
proactive, knowledge-driven decisions. The automated, prospective analyses offered by
data mining move beyond the analyses of past events provided by retrospective tools.
Data mining answers business questions that traditionally were too time-consuming 1o
resolve. Data mining tools scour databases for hidden patterns, finding predictive

information that experts may miss because it lies outside their expectations |2].




The manual extraction of patterns from data has occurred for centuries. Early methods of

identifying patterns in data include Bayes' theorem and regression analysis [7].

(Classical statistics typically includes the following kinds of analyses [8]: simple (view
one or more measures that can be sorted and totaled), comparison (view one measure
and sort or total based on two or more dimensions), trend (view measure over time),
variance (compare one measure at different times such as “sales” and “sales a year
ago”), and ranking (top 10 or bottom 10 products sold). This enables users to drill down
within a dimension to see more detailed data at various levels of aggregation. Users can

also [ilter data, that is, focus their analysis on a subset of records in the database.

Structured query languages (SQL) are well known software tools with very little freedom
for manipulations and SQL is useful for finding information, as long as the user
knows perfectly what he or she is searching for [9]. Once the user provides the Query the
processor will provide the user with the exact answer that is required for the solution.
Sometimes, for instance, we come across cases where the patient has symptoms of
fever and swealing. SQL cannot provide us with a diagnosis or decision about
whether the patient is having a headache or a cold based on the information

provided [9].

The proliferation, ubiquity and increasing power of computer technology has increased
data collection, storage and manipulations. As data sets have grown in size and
complexity, direct hands-on data analysis has increasingly been augmented with indirect,
automatic data processing [7]. This has been aided by other discoveries in computer
science, such as necural networks, clustering, genetic algorithms, decision trees and
support vector machines. Data mining is the process of applying these methods to data
with the intention of uncovering hidden patterns. It has been used for many years by
businesses, scientists and governments to sift through volumes of data such as airline
passenger (rip records, census data and supermarket scanner data to produce market

research reports [7].



Data mining is seen as an increasingly important tool by modern business to transform
data into business intelligence giving an informational advantage. It is currently used in a
wide range of profiling practices, such as marketing, surveillance, fraud detection, and

scientific discovery [9].

One of the most important public health functions is the monitoring of a population’s
health status. Vital statistics data provide a valuable source of information regarding the

health status of a population and hence offers a fertile ground for data mining.

Vital event registration system, which is the continuous, permanent and compulsory
recording of the occurrence and characteristic of vital events, is the basis for developing
legal, administrative and statistical information system that protects and safeguards most
rights and privileges of individuals (citizens) endorsed in the numerous conventions and
recommendations of the United Nations (UN) [10]. However, it is nonexistent or only
partially applied in many developing countries. Given the paucity of vital-events
registration and knowledge on population or health-status trends in such settings,
demographic and health surveys have been introduced for health planning, practice,
evaluation, and allocation of resources. The most commonly used types of vital statistics

data in public health are data on births and deaths [11].

The Butajira Rural Health Programme (BRHP) is one of the earliest Demographic
Surveillance Site (DSS) that produces vital statistics data in Ethiopia. DSSs rely on
regular community-based surveillance as a means of vital event registration. It was
initiated in mid-1986 with a complete census of the 10 randomly sampled kebeles' in
Meskan and Marcko [11]. Soon after, by January 1987, a DSS with continuous
registration of vital events was initiated. The major aims were to develop and evaluate a
system for continuous registration of births, deaths and migratory events to generate valid
data on fertility and mortality and provide a study base for essential health research and

intervention |11].

' Kebele is the smallest administrative unit in Ethiopia



'he BRHP DSS is primarily a collaborative research project undertaken by the
Department of Community Health (now school of public heaalth), Faculty of Medicine,
Addis Ababa University, Ethiopia, and the Division of Epidemiology, Department of
Public Health and Clinical Medicine, Umea University, Sweden. The collaboration
started as a doctoral-study project. Later, it grew into a departmental collaboration and
included the development of the study-base infrastructure and involvement of a
multidisciplinary group of researchers. The original DSS population in 1987 was around
28,000 and grew over 10 years to about 37,000 active individuals, currently with more

than 61,500 individuals involved at BRHP during April 2011 monitoring [5].

While the application and utilization of data mining technology in the health care sector
i1s steadily growing fast in the developed world, its applicability remains to be unfamiliar
i the Ethiopian health care sector. Given experiences elsewhere in terms of the benefits
acquired in applying data mining technology in the health care sector, it is only proper to
explore the relevance and potential advantage of such the state-of-the-art technology in
the Ethiopian health-care context. Thus, in this research work, the researcher is motivated
to explore the potential applicability of data mining technology to gain insight mortality
patterns in rural Ethiopia by using the BRHP database. For reasons of familiarity and
availability of electronic data, the researcher chose the Butajira Rural Heath Program

(BRHP) to conduct the study.

1.2. Statement of the Problem and Justifications

Research in data mining is exploring data to acquire knowledge and understanding that
enable the development and implementation of technology-based solutions to heretofore

unsolved and important business problems.

In any exploration (health related cases, criminal reasons or any other issue) an
investigator needs to sort through multiple events and factors and decide which ones have
a likely causal relationship on a specific outcome. Sorting among the known candidates

to determine the actual culprit requires data collection, and when the collected data




olves complex multivariate relationships, data mining may provide insight for

covery [12].

organizations, including many health centers, are increasingly creating or accessing
cer and larger databases, and analysts looking at this data would be wise to learn more
utl what data mining can do for them. In normal statistics, one is trying to relate two
1gs (say, smoking and cancer rates) and then try whether or not that link is true. In data
ling, a researcher attempt to find relationships that we may not even know exist -
re just hoping that if one look at enough information, certain links (e.g. that people

0 smoke a lotare more likely to get cancer) may pop out of it.

> issues in data mining are noisy data, missing values, static data, sparse data, dynamic
1, relevance, interestingness, heterogeneity, algorithm efficiency, size and complexity
data. These types of problems often occur in large amounts of data. Once these
blems resolved and a possible relationship is found, we'll test them on other data to
if they're true or not. This theory challenges researchers to create artifacts that enable

anizations to overcome the acceptance problems predicted.

a for the demographic surveillance site (DSS) were initially entered as text strings, but
BRHP DSS has, since 1994, used software based on the dBase 1V platform. Data are
ently entered in Butajira, which allows any inconsistent questionnaires to be
nediately sent back to the field. This is a significant improvement over earlicr

tice, which was to centralize data operations in Addis Ababa [11].

- site manipulates and analyzes data with dBase, Epi-Info, and the Cohort program,
cloped by Umed University, which does person-year-based analyses of events in
amic cohorts. National and international publications and scientific conferences have
1 the main routes to disseminate this information. Community feedback meetings

e been held periodically |5].

DSS were able to collect data, sift through and analyze the mortality data during their
s because the volume of information was manageable. Today, the size of the

base, the amount of electronic data gathered containing massive amounts of



information ‘which keeps on growing year after year; make it almost impossible to

accomplish what the pioneers do.

This is where data mining becomes useful to healthcare. It has been slowly but
increasingly applied to tackle various problems of knowledge discovery in the health
sector. Typical problems that data mining addresses are how to classify data, cluster data,
lind associations between data items, and perform time series analysis. Numerous data
mining techniques have been invented for each type of problem. Each problem requires

data mining techniques to analyze large quantities of data,
The problems with analyzing the adverse events in the BRHP include the following:

» The feedbacks reaching the program are most of the time spontaneous, not all
problems gets to the ears of the BRHP.
» They can only internally compare with other cases from the same company, not

with the cases from the competing programs.

Unfortunately, causes do not only exacerbate death, one might also get adverse events. In
some situations, there might be multiple possible causes. For the program, the mandatory
BRIP exist (Periodie Safety Update Report), but these are only listings and tables, no

new knowledge discovery is done.

Numerous studies have been conducted on various aspects of health parameters and
determinants by using the information gathered by the BRHP epidemiological
surveillance system. Among the major research findings in the area of reproductive
health was the observation of the high prevalence of domestic violence [13], which is a
serious concern for women in the area affecting their social, psychological and physical
well-being. Specifically, previous studies [11] conducted on mortality indicates the
existence of very high rate of mortality in the BRHP study area. Those studies have also
reported that, Diarrhea and Acute Respiratory infection (ARI) are the leading causes of
infant and child mortality and morbidity in the study area. The factors identified in those

studies as determinants of these disease entities are maternal education and occupation,



duration of breast-feeding, place of residence, household income, infant’s birth weight,

and the birth order interval.

I'he problems of previous research efforts are not only related to the small proportion of
the database used, but data analysis is also conducted by using simple statistical
techniques (such as regression and verification techniques). As Anagaw [14] cited in
relation to this, Last and Kandel (2002) described that the tools used in the research on
death causality have been so far limited to the statistical techniques, like summarization,
regression, analysis of variance, etc. Using data mining techniques, however, we can find
out which adverse events occur more frequently with specific cases in order to gain

insight into the whole recorded datasets.

This study, therefore, aims to apply the data mining approach and extract hidden patterns
and knowledge related to death aspect of the vital statistics data in the BRHP which

enhances decision making and effective management.
I'o this end, the study attempts to answer the following research questions:

» What DM initiatives are currently underway in the program and stakcholder
group?

»  Have there been coordinated, aligned, communitywide efforts, strategies, or plans
related to DM across multiple stakeholders in the program?

»  What opportunities have been seen for accelerating adoption of DM to improve
quality analysis, such as linking disparate efforts, creating synergies across

efforts, ete?
I.3. Objective of the Research
1.3.1. General objective

The general objective of this study is to explore suitable data mining technique and
method for knowledge discovery that can be used for various aspects of demographic

variables using BRHP database in order to predict outcomes for future situations with



health issues related to the death, to offer an aid to decision- or policy-making process,

and to provide useful information services to the customers.
1.3.2. Specific objectives

To achieve the general objective, the specific objectives conducted in this research are the

following:

» To conduct a thorough review of literature that can support the study in the area
of applying data mining technology on health care in general and vital statistics in
particular,

» To select appropriate data mining tool and technique (like classification,

clustering, association, etc.) for performing vital statistics data mining function.

Y

To generate good quality datasets of vital statistics that can be used for data

mining task

» To design suitable data mining method for creating predictive model using vital
statistics data

» To evaluate data mining models and select the best model that is more appropriate
to the problem domain.

» o test the selected model using the selected tool, technique and algorithm.

» To recommend further research directions for discovering knowledge from vital

statistics data.
[.4. Scope and Limitation of the Research

The scope of the research is delimited to one of the rural health program at Ethiopia
centered at Butajira DSS with the assumption of the database is a representative of the
other kebeles of the other districts. Since data of each kebele of the selected district are
reported on a monthly/quarterly basis to the central database located in Addis Ababa. the
scope is therefore not confined to birth, new houschold, and migration data in the

database rather it is a holistic representative of the BRHP.



I'he applicability of data mining to BRHP database is limited to develop and test the
model instead of deploying the model at the Butajira district since the study is carrying
out for academic achievement, That is, the scope of the current experimental research
undertaking is strictly limited to appraising the potential applicability of data mining

technology to support primary health care activities at the BRHP study area.

Although several techniques and algorithms are available in data mining tasks, we
concentrate on applying predictive classification learning rules. Within each type of

lcarning methods, decision tree is considered for classification vital statistics data.

Another limitation for this study is that only 95,220 of records are taken due to the
scalable constraint of Weka heap size (memory size) as discussed in data selection and
preparation procedure. Moreover, delay of approval of the proposal consumed much of
the time that can have been used for actual research work. Such kind of constriction
forces the rescarcher to be limited with only one technique and an algorithm instead to

male further more different experiments for discovering knowledge.
1.5. Research Methodology

Knowledge of the methods for collecting or compiling data at the DSS sites is essential
because these methods influence the ways that data are processed, analyzed, and
interpreted. The most common demographic methods used in data collection are
censuses, sample surveys, and vital-events registration systems. From these concepts the
researcher tries to apply data mining research using the following methodologies and

procedures.

The purpose of specify methodology is to provide insight with fundamental knowledge of
data modeling and design; the tools and techniques of data analysis using data mining
technology: to acquaint beneficiaries with data mining concepts, and techniques; and to
prepare data for further analysis in database. Specifically this section provides an

understanding of the concepts for knowledge discovery in database.
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1.5.1. Data source

For any data mining task, the primary requirement is availability of data in any format
[15]. In this study, secondary data source is used. This data is organized by collecting
facts from houscholds located at Butajira and surrounding areas. Hence this research is
conducted over the available database; the source of data is the Butajira Rural Health
Program. The 18 years separate vital statistics data is used as a base for data collection,
which is kept for the study in the School of Public Health, Addis Ababa University. This
scparate eighteen years’ data set contains a total of 236,549 records of individuals
registered in all the ten villages of the BRHP study arca. Since the data are very sensitive

in nature, the privilege to view the data is allowed after proposal development.

Therefore no further data collection mechanisms are employed as the collected data is

ample enough to undertake the planned research.
[.5.2. Study design

[ this study, the researcher attempt to explore the data mining approach on the death
aspect of the vital statistics data in the BRHP. For this purpose, a data mining tool called

weka is used.

IHistorical cohort study is conducted on vital statistics using longitudinal database in
Butajira Rural Health Program (BRHP) to discover knowledge that can be used to gain
msight into various aspects of mortality in the selected rural area of the country, to
predict outcomes for future situations with health issues related to the death, to offer an
aid to decision- or policy-making process, and to provide useful information services to

the customers.

In this study, the researcher follow the Java Data Mining (JDM) standard process by
using historical cohort study on longitudinal database in Butajira Rural Health Program
(BRHP) to discover knowledge that can be used to gain insight into various aspects of
mortality. The data mining process is an iterative or cyclic process that involves a number

of stages. As described in Java Data Mining (JDM) with details of process life cycle,
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below Figure 1.1 shows the java data mining process that the rescarcher follow to mine

the vital statistics data.

| 34 E)ggcutemz%ias,k

f —— e

— Sncu;‘v mining tas}g seltings

Loaly

Iterative model

refinement

Figure 1.1 Java Data mining process

1.5.2.1.  Select data mining objective

In this regard, the researcher makes efforts by reading different published articles and
consulting the concerned people to understand the business settings and to gain
knowledge for the problem under study as stated in detail at the next chapter. In line with
this, a data mining research problem is planned with set of objectives to approach the

problem under this chapter of the paper.
1.5.2.2. Select and prepare data

The list of sampled cases which are registered as demographic data is identified from the
whole 18 years database of the BRHP. We use Weka unsupervised resample and
oversampling techniques to sample 66,123 cases (95,220 cases after SMOTE) from the

whole 236,549 cases in the dataset. In order to take the sample for this study. we first sort
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the dataset according to the time period (in this case year) the data recorded and then we
select a 25% of the cases from each year (i.é 18 years) without replacement technique
available in Weka software. The reason that forced to select a sample for the
experimentation is that the difficult for running the whole datasets in the available Weka
heap size (memory size) for the virtual machine. Because the virtual memory size is
system (machine) dependant on the availability of the hardware and the operating system

loaded on it.

In order to handle the problem of variables with Outliers, missing data, irrelevant data,
cte in the data set created for a given data mining task, the technique that suits the best
and that doesn’t make any change on the prediction of the data sets is used. The major
tasks in data preprocessing are fill in missing values, identify outliers and smooth out
noisy data, correct inconsistent data and resolve redundancy caused by data integration.
Ihese Weka filter and SPSS techniques have been employed to handle problems in the

obtained dataset.
1.5.2.3. Choose and configure the mining tasks

I'he data mining task appropriate for the problem under consideration is selected to be
classification. Having selected a mining task, we would then configure that task with

parameters suitable for the task.

In this study, we identify the outcome with respect to the classification task, thus we

concentrate mainly on supervised learning method in data mining.
1.5.2.4. Select and configure the mining algorithms

I this step the data mining tool, Weka is selected to describe the appropriate algorithms
o be implemented in the study since the algorithms that are used is supported the
software of choice. Weka software settings allow us to select algorithms for a mining
task. Many data-mining algorithms are available for a given task. Decision trec J48
algorithm is used in this research work to show the drawbacks. Algorithms differ not only

in the accuracy of their end-product, but also in the computational resources they require.
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A Weka preprocessing tool is used to convert raw data into a format understandable by

the data-mining algorithm.
1.5.2.5. Build data-mining model

I'he other important step in data mining process is building the model. The output of
executing a data-mining task is the data-mining model: That model, ideally, is a
representation of the data suited to our objective. One may need to explore alternative
maodels to find the one that is most appropriate in solving the business problem. For
instance, the model might be a neural network, a decision tree, or even a set of rules
understandable by humans, This model building involves generating samples for training
and testing the model with large data set. And finally select the best and useful model.

This leads to the next step in DM process.
1.5.2.6. Test and refine the models

In order to evaluate the performance of a model before deployment, there is a need to
examine the error rate on the data set that did not involve in the process of model
formulation. The classifier and the models can be evaluated using evaluation criteria. The
cvaluation is important for understanding the quality of the model, for refining
parameters in the JDM iterative process and for selecting the most acceptable model from
a given set of models. There are several criteria for evaluating models. Naturally,
classification models with high accuracy are considered better. This measures the true
and false positive rate, the precision, and the recall of the models developed. Having high
precision and recall is considered as a best model. However, there are other criteria that

can be important as well.

IFor this particular research work the analysis of error rate generated by the confusion
matrix is one mechanism used for testing the model performance. So, the key objective in
this step is to determine if there is some important business issue that has been

insufficiently undertaken.
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1The other way to evaluate models is to apply the newly gained insight to past data, and
compare that with results that would be obtained without the aid of that insight, for
instance by tenfold cross validation random sampling. Ideally, we newly gained insight

should produce improved results—a "lift," in data-mining jargon.

Once the testing data is classified with reasonable accuracy, the rules that are required for

classification can be extracted.
1.5.3. Ethical considerations

I'he study is conducted after getting approval from the Research Ethics Committee (REC)
ol the College of Health Sciences, Addis Ababa University. As it is a secondary data,
(here is no contact to individuals whose records analyzed. However, the confidentiality of
data is maintained. That is, there is no data transfer to third party and using the data for

other purpose beyond to this research work.
[.6. Significance of the Research

I'he need to analyze vital statistics database system of BRHP, aim to determine the
mternal/external requirements of the database, data dictionary and other form to
determine the information contents for database and data-processing requirements for

LSCTS.

This paper aims to highlight the important role of DM in analyzing the vital information,
and propose a basic process of vital information analysis based on DM, in order to
explore the new ideas of excavating useful intelligence based on data mining methods:
Firstly, collect the vital information related to the analyzing technology field from the
BRHP database, and then utilize data mining technique to extract useful new knowledge

by applying different methods and algorithm to mine and analyze the data deeply.

There are several arguments that could be advanced to support the use of data mining in
the health sector, covering not just concerns of public health but also the private health

seclor.
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» There is a wealth of knowledge to be gained from computerized health records.

» There is evidence-based medicine and prevention of hospital errors.

» When medical institutions apply data mining on their existing data, they can
discover new, useful and potentially life-saving knowledge that otherwise would
have remained inert in their databases.

# By mining health records, such safety issues could be flagged and addressed by

health management and government regulators.

v

Using data mining, public health practitioner is able to discover patterns among
health centers that lead to policy recommendations to their Institute of Public
IHealth.

» They might conclude that “data mining and decision support methods, including

novel visualization methods, can lead to better performance in decision-making.”

By using data mining and visualization, public health experts could find patterns and

anomalies better than just looking at a set of tabulated data.

I'rom these necessitated ideas and issues, the discovery of new knowledge from vital
statistics database (VSD) has heralded a new era in vital event registration practice
nationwide with emphasis on two fundamental objectives, quality and prevention of
population health problems. Health quality remains an issue of major concern in public
health in Ethiopia where national vital event registration services and policies,

appropriate infrastructure, trained personnel and financial resources are inadequate.
I.7. Organization of the Paper

The thesis is structured into six chapters. The first chapter is an introduction part, which
contains background to the research work, statement of the problem addressed, objective
ol the rescarch, scope and Significance of the research and methodologies adopted for the

study.

The second chapter is dealt about literature review on data mining technology,

miethods/techniques used, and its application in the health care sector.
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I'he third chapter is devoted to give understanding about the data mining tool, techniques
and algorithms that applied in the study. In this chapter, issues related to data analysis
tool, classification technique, and how the algorithm under the technique work for the

BRIP database is addressed.

I'he fourth chapter is discussed about the selection and preparation of data process that is
undertaken in the research work. This chapter is mainly used for understanding the
process in preparing the data for producing quality data using the Weka filter options and

the statistical software like SPSS tool.

Ihe fifth chapter is provided discussions about the experimentation and result analysis in
different data mining steps that is undertaken in the research work. This chapter is mainly
used for describing the experiment in the data prepared till discussing results. This
includes training, model building and testing results obtained by using Weka software.

Results are also analyzed and interpreted.

Iinally, chapter six provides concluding remarks and pointers for future work to explore
and discover knowledge on health care data in general and vital statistic data in

particular.
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CHAPTER TWO

LITERATURE REVIEW

With the evolution of machines, we have found that some tiring and routine or
complex mathematical calculations can be done using calculators, finding specific
mformation in a large database can be done using machines fast and easily. We use
machines for storing information, remind us of appointments, and so on. As the
size ol the data was increasing computer storage has increased. Due to the vast
amount ol data that was being created humans invented algorithms that produce
results once a query is supplied. Although these tools perform very well, they can
be used to perform only routine tasks. Automatic classifications cannot be done using
standard database languages. This has led to the creation of machine intelligence
algorithms that perform tasks supplied by humans and make decisions with little human

supervision | 3].

I'rom the evolution of machine intelligence came data mining. In  data mining,
algorithms seek out patterns and rules within the data from which sets of rules are
derived.  Algorithms can automatically classify the data based on similarities (rules and

patterns) obtained between the training on the testing data set [18].

Today, data mining has grown so vast that they can be used in many
applications; examples include predicting of corporate costs claims, risk management,
[mancial analysis, insurance, process control in manufacturing, in healthcare, and in

other flields [19].
2.1. Data Mining and Its Importance

Data mining is the science and technology of exploring data in order to discover
previously unknown patterns. It can be defined as the process of the non-trivial extraction
of implicit, unknown, and potentially useful information from data [3]. Data mining as

automated pattern recognition is a set of methods applied to knowledge discovery that
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attemplts to uncover patterns that are difficult to detect with traditional statistical methods.

Patterns are evaluated for how well they hold on unseen cases.

Mining of data in general terms can be elaborated as retrieving useful information or
knowledge for further process of analyzing from various perspectives and summarizing
in valuable information to be used for increasing revenue, cut cost, to gather competitive
imlormation on business or product [20]. Simply stated, data mining refers to extracting

or “mining” knowledge from large amounts of data [21].

Nowadays, the world is regarded as an expanding universe of data. We have rather much
mlormation, but limited knowledge. Some people look at this phenomenon as a new
paradox of the growth of data, that is, more data means less information. Therefore, there
is an urgent need for the development of new techniques to find the required information

from huge amount of data [22].

With the help of data mining methods, useful patterns of information can be found
within the data, which can be utilized for decision making or problem solving . Data
mining is often overlooked when in fact it can provide very interesting information that
statistical methods are unable to produce or produce properly. These data mining

methods give us a lot more control.

The other question that arises is how to classify this massive amount of data.
Automatic classification is done based on similarities present in the data. The automatic
classification technique is only proven fruitful if the conclusion that is drawn by
the automatic classifier is acceptable to the end user. The data we have is often vast, and
noisy, meaning that it’s imprecise and the data structure is complex. This is where a

purely statistical technique would not succeed, so data mining is a solution.

Accurate data mining solutions could prove to be an effective way to cut down cost by
concentrating on right place [20]. There are various factors that make data mining as a
very important technique. First, data mining algorithms can find "optimal" interesting

regularities in a database. Second, data mining algorithms typically zoom in on
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interesting sub-parts of the databases. Thus, with the help of machine learning techniques

dita mining make it easier to find interesting connections in Database.

In short, with a computer, data mining can guide you to automatically find the one
“information diamond" among the tons of data debris in the database. It scems like a very
attractive research area. Especially, it shows its importance in the following business area

[22).

I. Market Management: This includes target marketing, customer relationship

management, market basket analysis, cross selling, market segmentation.

2. Risk Management: This includes forecasting, customer retention, improved
underwriting, quality control, competitive analysis.

3. Fraud Management: The concern of fraud management is fraud detection and
prediction. That is, identify loyal' one in like customers service provisions.

4. Text Mining: The application of traditional data mining technology to the

unstructured contexts ol text Databases.

5. Web Analysis: Use data mining technology in conjunction with the Internet.

Since data mining has its unique importance in a large area, it is very important in the
whole process of KDD. The accessibility and abundance of information today makes data
mining a matter of considerable importance and necessity. Together with the highly
importance of this new technology, efforts have been made to define standards for data
mining process. For example, CRoss Industry Standard Process (CRISP-DM 1.0) in 1999
and Java Data Mining standard (JDM 1.0) in 2004 have been developed to avoid lack of
uniformity in the data mining process. Independent of these standardization efforts, freely
available open-source software systems like the RProject, Weka, KNIME, RapidMiner,
iHepWork and others have become an informal standard for defining data-mining

processes [7].

In general the following life cycles have been existed as they represent the most

authoritative, most cited, and most applied life cycles in both academia and industry:

» Knowledge Discovery in Databases Process [4, 23]
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# Refined KDD Paradigm [24]

» Knowledge Discovery Life Cycle (KDLC) Model [25]

» Information Flow in a Data Mining Life Cycle |26, 27|

» CRoss-Industry-Standard Process for Data Mining (CRISPDM) [28]
» Java Data Mining API (JDM) |7]

some ol the life cycles only differ marginally whereas others differ considerably in
structure and comprehensiveness. All, but the CRISP-DM life cycle have been developed
1y academia. Although data mining has been a very evolving research area in recent
years, there is still a need for a comprehensive and complete life cycle. The CRISP-DM
clerence model is the most complete and also the most widely accepted and applied data

nining life cycle [29].

As we can observe from the following figure 2.1, a typical data-mining system consists of
1 data-mining engine and a repository that persist the data-mining artifacts, such as the
nodels, created in the process. Due 1o its latest in technology compared to the CRISP-
)M the rescarcher interested to use the JOM model in order to achieve the objectives of
he study. A key JODM API benefit is that it abstracts out the physical components, tasks,

md even algorithms, of a data-mining system into Java classes [30].

Data Mining Application

Data Mlnmg API (JDM)

......

C———

ﬁ@;‘naga |

Figure 2.1, Components of a data-mining system.
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Building a data-mining model typically starts with identifying recurring patterns in the
data, and then distilling those patterns in a way that helps communicate them to humans
or other machines. Models can take the form of a graphical representation, a set of
cquations, a neural network, or even a collection of rules. Models can be applied to new

data, or evaluated and refined in the presence of ever larger data sets.

I'he current trend is towards automating as much of this process as possible such that
even those not expert in data mining can reap the benefits of data-mining

technologies[30].
2.2. Multidisciplinary Nature of Data Mining

Data mining has its origins in conventional artificial intelligence, machine learning,
statistics, and database technologies, so it has much of its terminology and concepts
devived from these technologies [31]. As data mining is an interdisciplinary field [32], it
mcorporates many different approaches, technologies, and methodologies to be able to
penerate and discover new and innovative knowledge. This interdisciplinary approach
imvolves tools and models from statistics, artificial intelligence, pattern recognition,
heuristics, data acquisition, data visualization, optimization, information retrieval, high

end computing, and others |21, 33].
2.2.1. Machine learning

Machine Learning is the study of computer algorithms that improve automatically
through experience [18] . That is, it is a process which causes systems to improve with
experience. Applications of machine learning range from data mining programs that
discover general rules in large data sets, to information filtering systems that
automatically learn users' interests. Machine learning can be used to develop systems

resulting in increased elficiency and effectiveness of the system.

Machine lcamning is also called concept learning [4]. That is, computers can learn
concepts and patterns within the data. Concept learning acquires the definition of a

peneral category given a sample of positive and negative training examples of the

22



category, the method of which is the problem of searching through a hypothesis space for
a hypothesis that best fits a given set of training examples. Machine learning is
considered successful when it can correctly find all the instances that consist of the
right patterns and concepts, although at times a machine cannot categorize correctly

all the instances due to high variations in attributes present in the data [9].

I'he two important areas of application in machine intelligence are knowledge discovery
and classification [34]. Knowledge discovery is defined as the non-trivial extraction of
implicit, unknown, and potentially useful information from data. Classification 1s
probably the oldest and most widely-used of all the KDD approaches [35]. Classification
is learning a function that maps (classifies) a data item into one of several predefined
classes [19]. Patterns that are extracted using machine intelligence can be used to predict

which c¢lass the data falls under

A decision support system is similar to a machine learning system [36]: it is a system that
suggests decisions based on the patterns found in the data. The three components
required for decision support systems are the end user, hardware and software products,
and data mining process that interpret and discover knowledge necessary for decision

making.
2.2.2. Statistics and Data Mining

The two disciplines 'Statistics' and 'Data mining' are very similar. Statisticians and data
miners commonly use many of the same techniques. Statistics developed as a discipline
separate from Mathematics over the past century and a half to help scientists for making
some sense of observations and to design experiments that yield the reproducible and
accurate results associated with the scientific method. For almost all of this period, the
issuc was not too much data, but too little. Whereas, Data mining is the exploration and
analysis of large quantities of data in order to discover meaningful patterns and rules. Or,
data mining is the application of Statistics in the form of exploratory data analysis and

prediction models to reveal patterns and trends in very large datasets [15].
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Traditionally, analysis was strictly a manual process. The traditional method of turning
data into knowledge relies on manual analysis and interpretation [37]. In normal
statistics, one is trying to relate two things (say, smoking and cancer rates) and prove
whether or not that link is true. One or more analysts would become intimately familiar
with the data and -- with the help of statistical techniques -- provide summaries and
generate reports. Statistics has a solid theoretical foundation but the results from statistics
can be overwhelming and difficult to interpret as they require user guidance as to where
and how to analyze the data. Statistical analysis systems such as SAS and SPSS have
been used by analysts to detect unusual patterns and explain patterns using statistical
models such as linear models. Such systems have their place and will continue to be used

[15,22].

In fact, such manual data analysis is becoming impractical in many domains as data
volumes grow exponentially. Databases are increasing in size in two ways: the number of
records, or objects, in the database, and the number of fields, or attributes, per object

38].

Such an approach rapidly breaks down as the quantity of data grows and the number of
dimensions increases, especially, when there are millions of cases and each having
hundreds of fields. In this situation, we need the data mining to help us automate data
analysis process to derive some useful hidden information. Data mining allows the
expert's knowledge of the data and the advanced analysis techniques of the computer to
work together. The time to use data mining technique really depends on the user's need.
Basically, whenever the users want to extract information useful for decision support or
exploration and understanding the phenomena governing the data source, they urgently

need the help of the data mining [37].

Data mining is about using statistical and machine learning techniques to find

relationships in a set of large and complex data [22].

In data mining, a researcher attempt to find interesting relationships that we may not even

know exist — we are just hoping that if one look at enough information, certain links (e.g.
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that people who smoke a lot are more likely to get cancer) may pop out of it. Once a

possible relationship is found, we'll test them on other data to see if they're true or not.

Data mining is normally used when one don't know what we are looking for. Stock

market analysts like to use data mining to try and find patterns - such as stock prices

falling after floods.

Data mining deals with the discovery of hidden knowledge, unexpected patterns and new
rules from large Databases. Basically, it is concerned with the analysis of data and the use
of software techniques for finding patterns and regularities in sets of data. It refers to the
application of algorithms for extracting patterns from data. It is an important stage in
knowledge discovery process. In general, knowledge discovery process includes six
stages such as data selection, cleaning, enrichment, coding, data mining, and reporting.
At each stage, the data miner can step back one or more phases. In this sense, data mining
refers to a class of methods that are used in some of the steps comprising the overall

Knowledge Discovery in Database (KDD) process.

Many of the data mining techniques were invented by statisticians or have now been
integrated into statistical software; they are extensions of standard statistics. Although,
data miners and statisticians use similar techniques to solve similar problems, but the data

mining approach differs from the standard statistical approach in several areas such as

139):

% Data miners assume that there is more than enough data and processing
power.

» Data mining assumes dependency on time everywhere.

% It can be hard to design experiments in the business world without data

mining.

Because of the nature of the problems, there are some differences (rather than opposites)
in approaches that the statisticians and the data miners used to solve similar problems. As
such, they shed some light on how the business problems addressed by data miners differ

from the scientific problems that spurred the development of statistics. One major
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difference between business data and scientific data is that the latter is non-truncated
/non-censored data and the former is truncated /censored data. Given a methodology or
an algorithm to analyze data, it is often very hard to say whether it is "Statistics" or "Data
Mining". It is not clear how one should put this label. Actually, in practice, while dealing
with the real life problems in the industry, customers never ask, "Are you a data miner or
a statistician?" In fact their main interest is in solving the problem in hand to their level of
satisfaction and it is immaterial what label they use. As service providers to the
customers, a data miner or a statistician need to try those statistical techniques or

algorithms in the bag, which best suited to answer the queries of the customer [15].

As in [22, 38] described, figure 2.2 and figure 2.3 summarized the stages/processes
identified in data mining and statistics to show the difference between them. In statistics,

the process works as follows:

: Design

Business Formulate 5
Data

Question Hypothesis Business Collection

Validate of Model Perform

Business Question Modeling

Figure 2.2 Statistical analysis steps

As most of the problems can be downsized to classical statistical techniques, the DM
expert should have a sound knowledge of statistics (and the corresponding SAS
procedures) and how to use them. Data mining claims a novel kind of data exploitation -
it is not simply the hypothesis confirmation of statistics; nor is it simply the data
visualization of graphs and plots. Data mining is becoming a force to be reckoned with,

because of the way it can generate new ideas.
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[Hence, data mining is carried out as:

Look in the
data

Repository of Need to exploit Data

Data Business Question

Compare Models Perform Models Formulate

Hypothesis

Business Question Business

Figure 2.3 Data mining process steps

Like Statistics, Data Mining is not only modeling and prediction but also a whole
problem solving process. In short, data mining is the process of extracting previously
unknown, valid and actionable information from large Databases and then using the

information to make crucial business decision.

Following are some examples of (possible) situations where Data Mining and Statistics

can be used,

Normally, for proving the efficiency of a drug, the rules for playing the game are
described. Take for example a drug for hay fever, where one knows how to measure
(relief) to compare the drugs. With Data Mining techniques, we could try to find
alternative measures of relief, and promote the drug in another way: on top of curing the
disease in a standard way, with drug you get some extras compared to the competitor, e.g.

a better Quality of Life

According to Last and Kandel [33] most methods of the classical statistics are
verification oriented which are based on the assumption that the data analyst knows a

single hypothesis (usually called the null hypothesis) about the underlying phenomenon.
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In such statistical methods the objective of a statistical test is to verify the null

hypothesis.

Verification methods deal with evaluation of a hypothesis proposed by an external source
(like an expert etc.). These methods include the most common methods of traditional
statistics, like goodness-of-fit test, t-test of means, and analysis of variance. These
methods are less associated with data mining than their discovery-oriented counterparts
because most data mining problems are concerned with selecting a hypothesis (out of a
set of hypotheses) rather than testing a known one. The focus of traditional statistical
methods is usually on model estimation as opposed to one of the main objectives of data

mining: model identification [40].

As Last and Knadel [33] puts it “the hypothesis testing can be a practical tool for
supporting a decision-making process, but not for improving our knowledge about the

world™.

As a solution 1o the limitations observed with traditional statistical methods, the machine
learning methods (originally developed to deal, mainly, with the problems of pattern
recognition) have been introduced into the data-mining field [33]. However, it does not
mean that data mining has replaced other statistical methods such as OLAP, Regression,
etc. Rea [41] wrote that “statistics have a role to play and data mining will not replace
such analysis but they can act upon more directed analysis based on the results of data

mining”.
2.3. Knowledge discovery and data mining

The traditional method is used to analyze data manually for patterns for the extraction of
knowledge. Take any field like banking, healthcare, and marketing; there will
always be a data analyst to work with the data and interpret the final results. For
example, in the case of health care, the health organizations analyze the trends in
diseases and the ocﬁllrrence rates. This helps health organizations take precautions in

decision making and planning of health care management. The analyst acts like an
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interface between the data and knowledge. We can use machine intelligence to assist the

analyst to produce similar results or knowledge from the data [42].

Discovering patterns within a database is usually called data mining or knowledge
extraction. The term data mining is used mostly by statisticians, data analysts and

the management information systems (MIS) [43].

Concerning the two terms knowledge discovery and data mining, there are different
conceptual views that some author [15] differentiate knowledge discovery in database
(KDD) as the whole process and while others [44] views as they are one and the same.
Some of the numerous definitions of Data Mining, or Knowledge Discovery in Databases
are: Data Mining, or Knowledge Discovery in Databases (KDD) as it is also known, is
the nontrivial extraction of implicit, previously unknown, and potentially useful

information from data.

As defined by Fayyad et al [4] “Knowledge discovery in databases is the non-trivial
process of identifying valid, novel, potentially useful, and ultimately understandable
patterns in data. Data Mining (DM), on the other hand, defined as the application of
algorithms for extracting patterns from data without the additional steps of the KDD

process. Other definitions for data mining are given by Berry and Linoff [15].

The analogy with the mining process is described as Data mining refers to "using a
variety of techniques to identify nuggets of information or decision-making knowledge in
bodies of data, and extracting these in such a way that they can be put to use in the areas
such as decision support, prediction, forecasting and estimation. Basically data mining is
concerned with the analysis of data and the use of software techniques for finding
patterns and regularities in sets of data. 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.

From these ideal perspectives, we reveal as KDD refers to the overall process of
discovering useful knowledge from data. It involves the evaluation and possibly

interpretation of the patterns to make the decision of what qualifies as knowledge. It also
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includes the choice of encoding schemes, preprocessing, sampling, and projections of the
data prior to the data mining step.

The difference between knowledge discovery and data mining is that the latter is the
application of different intelligent algorithms to extract patterns from the data
whereas knowledge discovery is the overall process that is involved in discovering
knowledge from data. There are other steps such as data preprocessing, data selection,

data cleaning, and data visualization, which are also a part of the KDD process [19].

Data Mining can be considered as a central step of the overall process of the Knowledge
Discovery in Databases (KDD) process. Due 1o the centrality of data mining in the KDD
process, there are some researchers and practitioners that use the term "data mining" as

synonymous to the complete KDD process [40].

As stated by the Java data mining (JDM) standard process [31], the overall process of
finding and interpreting patterns from data involves the following steps for the data

mining process.

I. Select data mining objective: - The first, and most important, step is to decide
what kinds of new knowledge or insight we want to gain from the data. The more

specific we are, the more likely our data-mining process succeeds.

In this regard, the researcher makes efforts by reading different published articles
and consulting the concerned people to understand the business settings and to
gain knowledge for the problem under study as stated in detail at this chapter. In
line with this, a data mining research problem is planned with set of objectives to

approach the problem under the first chapter of the paper.

2. Select and prepare data: - As per JDM the second step involve data
understanding. Once we've decided on the objective, we must identify the data
that we think may help we achieve those goals. Initially, we may wish to select

only the subset of the available data that we believe is most representative of what
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we wish to find out. We can later select additional data subsets to improve our

initial findings.

Relevant data sets are seldom in the format suited to data mining. Often, we must
transform that data, possibly cleaning it—eliminating incomplete records, for
instance—and sometimes also pre-processing it. This endeavour leads to initiate
data preparation. This is often the most time consuming task of DM processes,
especially if data is drawn directly from the company’s operational database

rather than data warchouse.

So, the primary data source for this study is the secondary data accumulated in the
Butajira Rural Health Program (BRHP) database, which contains epidemiology
data. Hence to detect the data quality problems and to identify interesting subsets
of the data different literatures and previous studies have been explored. In
general this phase covers all activities to make ready the final data set from the
initial row data for model building and analysis purpose. A pre-processing tool is
used to convert raw data into a format understandable by the data-mining

algorithm. Details of these activities are presented in chapter four.

Choose and configure the mining tasks. Next, we should decide on the specific
data-mining task to perform. For instance, we may wish to cluster households
together that are visited similar cases, and then derive classification rules that
predict how those mortality is classified. Those rules, in turn, can help evaluate

and decide what new for future on those houscholds.

Having selected a mining task, we would then configure that task with parameters
suitable for the task. In the JDM API, such configuration is specified with
seftings. There are a variety of DM tasks available, all with pros and cons,
depending on the business problem at hand and the data available for analysis.
Most arc based on statistical or computer science algorithms. Some of the more
common techniques include classification, clustering, and association rules. Thus,

we concentrate mainly on supervised learning methods in data mining.
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4. Select and configure the mining algorithms. In this step the data mining tool,
Weka is selected to describe the appropriate algorithms to be implemented in the
study since the algorithms that are used is supported the software of choice. Weka
software settings allow us to select algorithms for a mining task. Many data-
mining algorithms are available for a given task. Algorithms differ not only in the

accuracy of their end-product, but also in the computational resources they

require.

Many data-mining tools are able to automatically match algorithms to a desired
data-mining objective; for instance, a clustering algorithm to create data clusters,
or an association-rules algorithm to identify association rules. Under this, we look
at a data-mining algorithm (decision tree classification) to perform automatic
classification based on the testing data set and also provide accuracy in terms of
percentage with regard to the number of cases in the testing dataset, which are

classified correctly.

5. Build data-mining model. The other important step in knowledge discovery
process is building the model. The output of executing a data-mining task is the
data-mining model: That model, ideally, is a representation of the data suited to
our objective. One may need to explore alternative models (o find the one that is
most appropriate in solving the business problem. For instance, the model might
be a neural network, a decision tree, or even a set of rules understandable by
humans. This model building involves generating samples for training and testing
the model with large data set. And finally select the best and useful model. This
leads to the next step in DM process.

6. Test and refine the models. Evaluating the performance of a model is a
fundamental aspect of machine learning. For example, a classifier receives a
training set as input and constructs a classification model that can classify an
unseen i11stan§c. Based on this, several models might be created and needed to

evaluate the accuracy of each model with past data, and possibly to select a "best”

model for the purpose of the study setup.
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In order to evaluate the performance of a model before deployment, there is a
need to examine the error rate on the data set that did not involve in the process of
model formulation. The classifier and the models can be evaluated using
evaluation criteria. The evaluation is important for understanding the quality of
the model, for refining parameters in the KDD iterative process and for selecting
the most acceptable model from a given set of models. There are several criteria
for evaluating models. Naturally, classification models with high accuracy are
considered better. This measures the true and false positive rate, the precision, and
the recall of the models developed. Having high precision and recall is considered

as a best model. However, there are other criteria that can be important as well.

For this particular researcher work the analysis of error rate generated by the
confusion matrix is one mechanism used for testing the model performance. So,
the key objective in this step is to determine if there is some important business

issue that has been insufficiently undertaken.

The other way to evaluate models is to apply the newly gained insight to past
data, and compare that with results that would be obtained without the aid of that
insight, for instance by tenfold cross validation random sampling. Ideally, we
newly gained insight should produce improved results—a "lift," in data-mining

jargon.,

Lastly, after the complete DM process stages and final result obtained the researcher can
present 1o the department since the study is conducted for academic achievement and
report the findings to subject matters experl consultation for validity and acceptance in
the study domain. In some cases, we may build systems that automatically improve their
data-mining models with new data, or systems that take actions in the presence of a

continuous stream of new information.

2.4 Data Mining Tasks

The data mining stage of KDD process consists of verification oriented (the system

e : : SOV ic system finds new rules and
verifies user’s hypothesis) and discovery oriented (the system fi
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patterns autonomously) [4]. According to Fayyad et al [4] the discovery methods are
methods that automatically identify patterns in the data. The discovery-oriented methods
can be further partitioned into descriptive (e.g. Clustering, Summarization, Visualization)
and predictive (like classification, regression, etc). Description-oriented Data Mining
methods focus on (the part of) understanding the way the underlying data operates, where
prediction-oriented methods aim to build a behavioural model that can get newly and
unseen samples and is able to predict values of one or more variables related to the

sample. However, some prediction-oriented methods can also help provide understanding
of the data [40].

Fayyad et al [4] note that these are two "high-level" primary goals of data mining
practice: Prediction and description. Prediction involves using some variables or fields in
the database to predict unknown or future values of other variables of interest. Often the
emphasis of predictive modelling is on predictive accuracy rather giving more emphasis
on understanding the model. However, description focuses on finding human-

interpretable patterns describing the data.

Most of the discovery-oriented techniques are based on inductive learning [40], where a
model is constructed explicitly or implicitly by generalizing from a sufficient number of
training examples. The underlying assumption of the inductive approach is that the
trained model is applicable to future unseen examples. Strictly speaking, any form of
inference in which the conclusions are not deductively implied by the premises can be

thought of as induction.

As we said before data mining is one among the most important steps in the
knowledge discovery process. It can be considered the heart of the KDD process. This is
the area, which deals with the application of intelligent algorithms to get useful patterns

from the data.

The goals of prediction and description are achieved by using the following primary data

mining tasks [4, 9, and 45]: Classification, clustering and association rule discovery.
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2.4.1 Classification

Classification is categorized as supervised learning which is used to predict a value. They
require a user to specify a set of predictor attributes and a target attribute. Predictors are
the attributes used to predict the target attribute value. Classification is learning a
function that maps (classifies) a data item into one of several predefined classes. The
learning algorithms take a set of classified examples (training set) and use it for
training the algorithms. With the trained algorithms, classification of the test data
takes place based on the patterns and rules extracted from the training set.
Classification can also be termed as predicting a distinet class. It predicts categorical

class labels (discrete or nominal) [34].

Applications can select an algorithm that works best for solving a business problem.
Selecting the best algorithm and its settings values requires some knowledge of how cach
algorithm works and experimentation with different algorithms and settings. The popular

classification techniques are decision tree, neural networks and Bayesian network [45].

Decision tree is a widely used learning method [9]. Rules from the training dataset are
first extracted to form the decision tree which is then used for classification of the
testing dataset. A decision tree is necessarily a tree with an arbitrary degree that
classifies instances. They are a powerful tool for classification and predication but
require extensive computation. Creating the tree based on the training set takes
time although making decisions once the tree is made is not time consuming.
Classification tree algorithms may be divided into two groups: one whose result is

a binary tree and other that yiclds non-binary trees (also called multiway) splits [12]

Neural network is another classification technique. It is often defined as a computer
application that mimics the neurophysiology of the human brain; a neural network is
capable of learning from examples to find patterns in data. A neural network (NN) learns
by using a training set to regress through the examples and learn in a non-linear manner.
The neural network is first trained, which involves reading sample data and iteratively

adjusting the network’s weights to produce optimum predictions [46].
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Then new data can be applied to this model to quickly generate predictions. Neural
networks are reputed to produce highly accurate results and, in practical applications, can

contribute to profitable decisions.

The standard validation-set concept can be used to avoid n.vcrliuing of the training set.
Similar to the method of moving 10% of the training examples into a tuning set for 1D3
pruning, 10% of the NN training data will be moved into a tuning set to validate our
learned function. After every five epochs of training we save the network weights at that
time step and calculate the error on the validation set with these weights. If at any time
the error rate is lower than the previous error rate from five epochs previous, training is

stopped and the network weights of the previous validation step are used [46].

Neural networks and tree-based models are both effective data mining tools; however
they each have their own unique strengths. Both have advantages over linear models by
being able to detect nonlinear relationships automatically. But they have different virtues
when it comes to making predictions from a large number of predictor variables. Tree-
based models are good at selecting important variables, and therefore work well when
many of the predictors are irrelevant. Neural networks are good at combining information
from many predictors without over-fitting, and therefore work well when many of the

predictors are partially redundant.

The Bayesian network Classifier is another type of learner [47]. It uses Baye.s theorem

and assumes independence of feature values to estimate posterior probabilities.

The naive bayes method is based on probabilistic knowledge. This method goes by the
name Naive Bayes, because it’s based on Bayes’s rule and “naively” assumes
independence- it is only valid to multiply probabilities when the events are independent
[35]. Thus the naive bayes rule outputs probabilities for the predicted class of each
member of the set of test instance. Naive Bayes is based on supervised learning. The goal

is to predict the class of the test cases with class information that is provided in the

training data.




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. The naive
Bayesian classifier traditionally makes the assumption that a single Gaussian distribution
generates numeric attributes [48]. Two types of Naive Bayes algorithms are mentioned:

naive Bayes (NB) and simple Naive Bayes (SNB).

The difference between the two is that in NB the probability of the attributes are
calculated based on normal distribution’s mean, standard deviation, weighted sum, and

precision but SNB is only based on mean and standard deviation.
2.4.2 Clustering

A cluster is a set of objects grouped together because of their similarity or proximity.
Objects are often decomposed into an exhaustive and/or mutually exclusive set of
clusters. Clustering according to similarity is a very powerful technique; the key to it is

being to translate some intuitive measure of similarity into quantitative measures [22].

Clustering is a common descriptive task where one seeks to identify a finite set of
categories or clusters to describe the data. Clustering come under unsupervised
(undirected) category. That is, the system clusters the data into their natural
group/category. The system has to discover subsets of related objects in the training set

and then it has to find descriptions that describe each of these subsets [4].

Unsupervised functions are used to find the intrinsic structure, relations, or affinities in
data. Unsupervised mining doesn't use a target field. Clustering is used to find the natural
groupings of data. That is, the grouping of similar instances in to clusters takes place. The
challenges in this type of machine learning technique is that we have to first identify
clusters and assign new instances to these clusters. The relationship among the data is

identified by bottom-up approach (which is discussed after section 2.4.3) [9, 45].

There are a number of approaches for forming clusters. One approach is to form rules

which dictate membership in the same group based on the level of similarity between
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members. Another approach is to build set functions that measure some property of
partitions as functions of some parameter of the partition. Two methods are often used in
database clustering. This includes Partitioned algorithms and hierarchical algorithms

[22]).

Cluster analysis is the problem of decomposing or partitioning a (usually multivariate)
data set into groups so that the points in one group are similar to each other and are as
different as possible from the points in other groups [38]. Construct various partitions and
then evaluate them by some criterion, e.g., minimizing the sum of square errors. The two
typical methods are distance-based: K-means clustering and model-based: expectation

maximization (EM) clustering.

K-means clustering is an iterative algorithm, which starts centroid with random cluster
centers. A single iteration assigns all objects to the closest clusters based on their

distances from the cluster means and then recomputes the cluster means.

K-means clustering [7, 49] which is a simple technique to group items into k clusters. It

works with numeric data only.

If we need to group categorical data we employ hierarchical clustering technique. It is a
second important category of clustering method [16]. Hierarchical clustering algorithms
find successive clusters using previously established clusters. These algorithms usually
are either agglomerative ("bottom-up") or divisive ("top-down"). Agglomerative
algorithms begin with cach element as a separate cluster and merge them into
successively larger clusters. Divisive algorithms begin with the whole set and proceed to

divide it into successively smaller clusters.

The most common distinction between the two types of clustering techniques is whether
the set of clusters are nested or unested. That is, a partional clustering is simply grouping
set of data objects into non-overlapping subsets such that each data objects is in exactly
one subset, while hierarchical clustering is a set of nested clusters that is organized as a
tree. Each node in the tree is the unions of its children and the root of the tree is the

cluster all the objects [16].

38



2.4.3 Association Rule

Similarly, association functions also come under the unsupervised category. It is used to
infer co-occurrence rules from the data. Association rule is also known as market basket
analysis. It discovers interesting associations between attributes contained in a database.
[n pattern discovery, two steps can be took place [22]. That is, fining frequent patterns
from large item sets and generating association rules from these item sets. Frequent
pattern is a pattern (a set of items, subsequences, substructures, etc.) that occurs
frequently in a data set. Naive algorithm, Apriori and FPGrowth are the frequent item set

mining methods.

Most algorithms such as Apriori for the discovery of large item set work as follows [22].
First, the supports for single items are computed and large 1-itemsets are found. Then,
iteratively for sizes s=2, 3..., candidate s-itemsets are generated from the large (s-1)-
itemsets of the previous pass. Supports for the candidates are then computed from the
database, and those candidates that are turned out to be large are used in next pass to

generate candidates of size s+1.

Given a set of transactions, where each transaction is a set of literals (called items), an

association rule is an expression of the form X==>Y, where X and Y are sets of
attributes, meaning that in the rows of the database where the attributes in X have value
true, also the attributes in Y tend to have value true. The intuitive meaning of such a rule

is that transactions of the database which contain X tend to contain Y.

According to Han and Kamber [21] in order to determine the best technique suitable for
specific data mining problem, the two styles of data mining are directed and undirected.
Directed Data Mining is a top-down approach. It is used to predict when we know
approximately what we are looking for or what we want As it is a predictive model, it
uses experience to rank possible outcomes in the future by calculating a score for each
outcome. The model is seen as a black box because we care only about the predictions

and not how it actually works. Building a predictive model is to apply knowledge gained



in the past to the future. Which customers are likely to buy a specific type of car or else?

This could be considered as an example.

Meanwhile, undirected data mining follows bottom-up approach. It finds patterns in the
data and leaves it up to the user to determine whether or not these patterns are important.
Under this approach, we want to know how the model works and how it comes up with
the answer. Human interaction is necessary because only people can determine what
significance, if any, the patterns have. It is often used during the data exploration steps.
For example, a person looks at a decision tree and possibly notices an interesting pattern,

However, decision tree could make predictions for directed data mining.

An important aspect of the mining task lies in the need to extend known techniques and
tools in a way that they are robust enough to handle the characteristics of real-world
databases [50]. The quality of the models/rules and hence the knowledge discovered is
heavily dependent on the algorithms used to analyze the data. Thus, central to the
problem of knowledge extraction are the techniques/methods used to generate such

models/rules.

As such choosing the appropriate model. realizing the assumptions inherent in the model
and using a proper representational form are some of the factors that influence a
successful knowledge discovery. Thus, evaluating and selecting appropriate model for a

given knowledge discovery task is essential.
2.5 Data Mining for Health Informatics

Healthcare is a very rescarch intensive field and the largest consumer of public funds.
With the emergence of computers and new algorithms, health care has seen an
increase of computer tools and could no longer ignore these emerging tools. This
resulted in uniting of healthcare and computing to form health informatics (Health
informatics exists since the 1950’s). Health informatics plays a very important role
in the use of clinical data. This is expected to creale more efficiency and
effectiveness in the health care system, while at the same time, improve the quality of

health care and lower cost[S1].
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Health informatics is an emerging field. It is the logic of healthcare. It is the field that
concerns itself with the cognitive, information processing, and communication tasks of
medical practice, education, and research, including the information science and the

technology to support these tasks [42].

Health informatics is especially important as it deals with collection, organization,
storage of health related data. With the growing number of patient and health care
requitements, having an automated system will be better in organizing, retrieving
and classifying of medical data. Physicians can input the patient data through
clectronic health forms and can run a decision support system on the data input
to have an opinion about the Parent’s health and the care required. An example in
the advances in health informatics can be the diagnosis of a patient is health by a
doctor practicing in another part of the world. Thus healthcare organizations can
share information regarding a patient which will cut costs for communication and at

the same time be more efficient in providing care to the patient [9].

There are other issues like data security and privacy, which is equally important when
considering health related data. Thus Health informatics "deals with biomedical
information, data, and knowledge—their storage, retrieval, and optimal use for
problem solving and decision making"[42]. This is a highly interdisciplinary subject
where fields in medicine, engineering, statistics, compuier science and many more come

together to form a single ficld.

Health Informatics comprises the theoretical and practical aspects of information
processing and communication, based on knowledge and experience derived from

processes in medicine and health care.

With the help of smart algorithms and machine intelligence, one can provide quality of
healthcare, problem solving skills and decision-making systems. Information systems
can help in supporting clinical care in addition to helping administrative tasks. Thus the
physicians will have more time to spend with the patients rather than filling up

manual forms.
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First the paper forms that are filled by the physicians are converted into
electronic forms. Programs can be built around these forms to help in input
validations. Some of the validation steps can be in the form of cautions provided when
fields arc inputted with invalid values; another type of validation can be to make

sure attributes of high priority are not left empty by the user.

The informatics part of health care can take care of the structuring; searching,
organizing and decision making with the emergence in health informatics came
many important research ideas and fields of study. The discipline utilizes the
methods and technologies of the information, social and technology sciences for the
purposes of problem solving and decision-making thus assuring quality healthcare in all

basic and applied areas of medical, biomedical and health sciences.

Health informatics is concerned primarily with the processing and dissemination of data,
information and knowledge in all aspects of healthcare. It aims to study the principles and
provide solutions. Domains of health informatics include rescarch, academia, operations

and commercial.

As a discipline it is used by clinicians, operational health practitioners, managers,
academics, researchers, educators, scientists, technologists, and political leaders [52].
Regarding these technologies, the good news is that they have become relatively
inexpensive (c.g., hundreds of dollars per sample), making them widely accessible to
researchers. However, the bad news to many medical researchers are that the amount of

data collected by these techniques is phenomenal.

The ability to use data to extract useful information for quality healthcare is crucial.
Health informatics plays a very important role in the use of clinical data for
discoveries of pattern that is important for the diagnosis of new diseases. Computer
assisted information retrieval may help support quality decision making and to avoid
human error. This need lead to the use of data mining in Health informatics. Data mining

techniques, hence, become attractive for many medical and health studies. Broadly
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defined, there are four general objectives for the data mining activities in health

informatics |53].

The first one is diagnostics to determine whether a patient is suffering from a certain
medical condition. For instance, early stage lung and oral cancers are very hard to
diagnose by conventional means; genomic signatures can be used to provide more timely
and perhaps more accurate diagnosis. The second is prognostics to predict how well a
patient would re- cover or how the medical condition would progress over time, For
instance, biomarkers have been identified to predict how well a transplanted organ would

be tolerated in the recipient's body.
y

The third one is treatment optimization to predict the response to treatment or therapies.
For example, for certain cancer types, biomarkers can be used to predict whether a certain
chemotherapy regimen would be effective or not. Pharmaco-genomics is a very active
area of research on understanding how pharmaceuticals and medications can affect the
genomic profile of a patient. Understanding of discase mechanisms is the fourth to
provide new insights into how a certain medical condition is triggered. For example, it is
an active area of research on finding out how signaling pathways interact during a viral

infection.
2.6 Data mining Practices in Health care

The practice of using concrete data and evidence to support medical decisions (also
known as evidence-based medicine or EBM) has existed for centuries. John Snow [54],
considered to be the father of modern epidemiology, used maps with early forms of bar
graphs in 1854 to discover the source of cholera and prove that it was transmitted through

the water supply.

Snow counted the number of deaths and plotted the victim's addresses on the map as

black Bars to discover that most of the deaths clustered towards a specific water pump.

Similarly, Florence Nightingale invented polar-area diagrams in 1855 to show that many

army deaths could be traced to unsanitary clinical practices and were therefore

43



preventable. She used the diagrams to convince policy-makers to implement reforms that

eventually reduced the number of deaths [55].

Due to such need of knowledge from data, real strategic value comes from understanding
customer behavior and being able to model alternative actions. The knowledge required
to anticipate behavior could be discovered from many users running several traditional

querics against data warchouses, but that supposes the questions are known and the time

is available to complete the analysis.

According to Benzler, et al. [56] explanation as we enter the new millennium, the
revolution of the information age still gaining speed, it seems inconceivable that large
parts of the Earth’s population remain devoid of vital health information. For one billion
people living in the world’s poorest countries, where the burden of disease is highest, no
one registers those who are born or who die or ascertains the causes of their deaths. From
the limited data available, the health profile of these populations can be likened to an
iceberg: the bulk of reliable data on trends in age, gender, geographic variations, and
burden of disease remains hidden. This great void in population-based information
constitutes a major and long-standing constraint on the articulation of effective policies
and programs to improve the health of the poor and thus perpetuates profound inequities
in health. The need to establish a reliable information base to support health development

has never been greater.

Benzler, et al further stated that experience has recently emerged from a growing number
of community-based field stations that have continuous monitoring systems for
geographically defined populations. These field stations generate high-quality,
population-based, longitudinal health and demographic data with the potential to fill this
information void in the developing world. Since 1997 a number of organizations have
made a systematic effort to harness and make more readily available the products of these

disparate initiatives.

Snow and Nightingale [56] were able to personally collect, sift through and analyze the

mortality data during their times when the volume of information was manageable.
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Today, the size of the population, the amount of electronic data gathered, along with
globalization and the speed of disease outbreaks make it almost impossible to accomplish

what the pioneers did.

This is where data mining becomes useful to healthcare. It has been slowly but

increasingly applied to tackle various problems of knowledge discovery in the health

seclor.

Data mining is a powerful new solution to information overload. It enables an
organization to better understand the business process at work by searching automatically
through huge amounts of data, looking for patterns of events, and presenting these to the
business in an easy-to-understand graphical form. These systems are tireless, they do not
forget, they free up skilled human resources, and find answers to important questions that

users may never have asked.

Organizations need these new solutions if they are 1o remain competitive. According o
Iiight Trends in I'T [57], in the Gartner Research Review from 1998, trend one is: "From
Data to Decisions. Rather than using IT as a means to collect and present data for users to
make decisions, technology will continue to automate more of the burden of the decision

making process itself (e.g., through data mining, expert systems, and agents)."

Data mining and its application to medicine and public health is a relatively young field
of study. In 2003, Wilson et al [49] began to scan cascs where KDD and data mining
techniques were applied in health databases. They found confusion in the field regarding
what constituted data mining. “Some authors refer (0 data mining as the process of
acquiring information, whercas others refer to data mining as utilization of statistical

techniques within the knowledge discovery process.”

Despite the differences and clashes in approaches, the health sector has more need for
data mining today. There are several arguments that could be advanced to support the use

of data mining in the health sector, covering not just concerns of public health but also

the private health sector.
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Data overload: There is a wealth of knowledge to be gained from computerized health
records. Yet the overwhelming bulk of data stored in these databases makes it extremely

difficult, if not impossible, for humans to sift through it and discover knowledge [58].

In fact, some experts believe that medical breakthroughs have slowed down, attributing
this to the prohibitive scale and complexity of present-day medical information.

Computers and data mining are best-suited for this purpose [59].

Lvidence-based medicine and prevention of hospital errors: When medical
institutions apply data mining on their existing data, they can discover new, useful and
potentially life-saving knowledge that otherwise would have remained inert in their
databases. For instance, an ongoing study on hospitals and safety found that about 87% of
hospital deaths in the United States could have been prevented, had hospital staff
(including doctors) been more careful in avoiding errors [60]. By mining hospital records,
such safety issues could be flagged and addressed by hospital management and

government regulators.

Policy-making in public health: Lavrac et al. [61] combined GIS and data mining using
among others, Weka with J48 (free, open source, Java-based data mining tools), to
analyze similarities between community health centers in Slovenia. Using data mining,
they were able to discover patierns among health centers that led to policy
recommendations to their Institute of Public Health. They concluded that “data mining
and decision support methods, including novel visualization methods, can lead to better

performance in decision-making.”

Quality Healthcare is the need of an increasingly discerning population worldwide. DM
in Healthcare provides comprehensive healtheare of highest quality in the geographies
they operate, with an aspiration (o be a responsible player with a quest for excellence

[62].

The improvement of new technologies rise data collection and accumulation. Without

appropriate processing and interpretation this information remains useless. Therefore, the
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DM technologies give a much better and more exact representation of relationship

between symptoms and diagnosis after exploring the accumulated data.

2.6.1 Challenges and concerns

Applying data mining in the medical ficld is a very challenging undertaking due to the
idiosyncrasies of the medical profession. Shillabeer and Roddick’s [59] work cite several
inherent conflicts between the traditional methodologies of data mining approaches and
medicine. In medical research, data mining starts with a hypothesis and then the results
are adjusted to fit the hypothesis. This diverges from standard data mining practice,

which simply starts with the data set without an apparent hypothesis.

Also, whereas traditional statistics is concerned about patterns and trends in data sets,
data mining in medicine is more interested in the minority that do not conform to the
patterns and trends. What heightens this difference in approach is the fact that most
standard data mining is concerned mostly with describing but not explaining the patterns
and trends. In contrast, medicine needs those explanations because a slight difference

could change the balance between life and death.

For example, anthrax and influenza share the same symptoms of respiratory problems.
Lowering the threshold signal in a data mining experiment may either raise an anthrax
alarm when there is only a flu outbreak. The converse is even more fatal: a perceived flu
outbreak turns out to be an anthrax epidemic [63]. It is no coincidence that we found that,
in most of the data mining papers on disease and treatment, the conclusions were almost-
always vague and cautious. Many would report encouraging results but recommend
further study. This failure to be conclusive indicates the current lack of credibility of data

mining in these particular niches of healthcare.

The confusion about the definition of data mining also complicates the issue. For
example, we found a couple of papers with the keywords “data mining” in their titles but
turned out to be the simple use of graphs. Shillabeer [59] said that this misunderstanding

is prevalent in the relatively young existence of data mining in healthcare.
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Even if data mining results are credible, convincing the health practitioners to change
their habits based on evidence may be a bigger problem. In one case, it was found that
doctors coming out of autopsy without washing hands and led to a high probability of
deaths in the patients they treated after the autopsy. Presented with this evidence, doctors

still refused to change their habits until only much later.

Shillabeer [59] also reported most doctors prefer to listen to a respected opinion leader in
the medical profession, rather than to the result of data mining. Shillabeer’s observation
can be validated by us, since we have worked with doctors in a medical school in our

capacity as an organizational management consultant.

Privacy of records and ethical use of patient information is also one big obstacle for data
mining in healthcare. For data mining to be more accurate it needs a sizeable amount of
real records.Healthcare records are private information and yet, using these private

records may help stop deadly diseases.
Below are the challenges the data mining technique faces [59]:

» Large databases: Databases with hundreds of fields and tables, millions of
records, and multi-gigabyte size are quite commonplace, and terabyte databases
are beginning to appear. This poses a challenge that how to mine the information
from such a huge database.

» High dimensionality: Not only is there often a very large number of records in
database, but there can also be a very large number of fields (attributes, variables)
so that the dimensionality of the problem is high. This creates problems in terms
of increasing the size of the search space for model induction in a combinatorial
explosive manner.

» Overfitting: When the algorithm searches for the best parameters for one
particular model using a limited set of data, it may overfit the data, resulting in
poor performance of the model on test data.

> Assessing statistics significance: A problem (related to overfiting) occurs when

the system is searching over many possible models.
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» Changing data and knowledge: Rapidly changing (non-stationary) data may make
previously discovered patterns invalid. In addition, the variables measured in a
given application database may be modified, deleted, or augmented with new
measurements over time.

» Missing and noisy data: This problem is especially acute in business databases.
Important attributes may be missing if the database was not designed with
discovery in mind.

» Complex relationship between ficlds: Hierarchically structured attributes or
values, relations between attributes, and more sophisticated means for
representing knowledge about the contents of a database will require algorithms
that can effectively utilize such information.

» Understand ability of patterns: In many applications, it is important to make the
discoveries more understandable by humans.

» User interaction / prior knowledge: Many current KDD methods and tools are not
truly interactive and cannot easily incorporate prior knowledge about a problem
except in simple ways.

» Integration with other systems: A stand-alone discovery system may not be very
uscful. Typical integration issues include integration with a DBMS, integration
with spreadsheets and visualization tools, and accommodating real-time sensor

readings.
2.7 Current DM Research Efforts and Related Works

In the domain of the health care there is relatively little work on what the data mining
work best. Current efforts to turn information into knowledge in health care organizations
are implementing this technology 10 help control costs and improve the efficiency of

health care services.

Even though studies in Butajira have been conducted in a set of nine randomly selected
(probabilily—proponioual-lo—size technique) rural kebeles (known as “peasants’
associations™) and one urban kebele (the Urban Dwellers’ Association), only two

research works done using DM [14, 64]. The rest research work conducted with statistical
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software (like SPSS, EPI-Info) tools that mostly used to show verification (prove or
disprove) instead to find unrecognized new knowledge from monthly visited to cach
household data. So far, three complete censuses of the population (in 1986, 1995, and
1999) have been done. The extent of similarity between the 1994 national census and the
DSS database illustrates the quality of the continuous registration system. Currently, the
surveillance interval is changing from monthly to quarterly. Custom-made software,

based on the dBase system, is used to handle the data [11].

The study base is now well established and is being used for other more focused studices
on essential health problems of the country, using qualitative, as well as quantitative,
research methods. So far, research on childhood respiratory illnesses, other infectious
diseases, reproductive health, and mental health has been conducted using the study-base

infrastructure [5].

This work has contributed to human-resource development and research capacity-

building at the Faculty of Medicine, Addis Ababa University.

Some research works for data mining in health care industry have been carried out but
not yet fully investigated since the work was done at the time the amount of data as such

not huge or large.

As cited by Dibaba [64] Abraham tried o identify determinant risk factors of HIV/ADIS
infection and to find their association by using data mining application. The main
objective of the researcher was 0 explore the potential factor application of DM to search
for the major factors those results in HIV infection and transmission using voluntary
counselling and testing (VCT) dataset in Addis Ababa. The researcher followed only a
three steps methodology (Data collection, Data preparation and Model building and

testing) implementing association rule discovery.

The researcher reported that 75% the data collected were from unmarried people showing
that unmarried people are the major users of VCT services. Even though the size of the
data was not mentioned, the researcher followed three step methodologies- data

collection, data preparation and model building and testing. The researcher has disclosed
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that people suspect and symptom is also associated to HIV negative results with

evidences (36.33% support and 100% confidence).

The first study that was conducted at BRHP database using data mining application is by
Anagaw [14] to predict child mortality patterns with only 1100 records. The researcher
developed a model to support primary health care providers, policy makers and planners
for identifying the major determinants of child mortality and to prevent and control child

mortality.

The researcher has used the methodology suggested by Berry and Linoff [15]. This
methodology assumes that the business problem has already been identified and hence
directly proceeds to the different data mining steps that need to be carried out in order to

develop a model for the data-mining project.

The researcher obtained 93% and 95% accuracy with Neutral network and decision tree
implementation, respectively. From his findings, the researcher reported that the results
from both techniques indicate that data mining is an appropriate technology that should
be employed to support child mortality prevention and control at the district of Butajira

and even in general nationwide.

Recently, Dibaba [64] conducted data mining rescarch to predict household health
sceking patterns using BRHP dataset. The rescarcher aim was to develop a model that
identifies risk factors and patterns of household health secking behaviour at Butajira

district.

A total of 60,446 records were used for the researcher’s experiments with the
implementation of J48 decision tree technique employed cross industry process for data
mining (CRISP) methodology. The findings of the rescarcher indicated that predict
household health secking pattern using data mining techniques is possible. He found that
the accuracy rate is 89.9017%. Even f the researcher tried to increase the accuracy of the
model that was found, it was being unsuccessful and impossible. This implies that there
was limited number of records to apply data mining technology (i.e. less than in hundred

thousands).
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Seen from the existing rescarches above, some methods have been already applied to
information analysis; both domestic scholars regard the BRHP data as an important
information source, and try to find out the hidden patierns through the use of different
methods. However, most studies have stayed at quantitative features statistics with vital
information, and they almost do not take into account the various bias effects of the data.
While as for the utilization of vital information, it is basically on the level of qualitative

analysis and information computational management, it cannot mine the knowledge rules

automatically from the content of data.

Furthermore, the study of the vital statistics data in domestic programs is still at an initial
stage, the actual disparity is greater compared with the developed countries, some of the
rescarches aim at studying a certain vital statistics, yet there is no study on the vital
statistics strength of the countries and it is only to evaluate the projects or analyze the
country's overall situation. This type of analysis is more of vertical comparison with the
health situation in Ethiopia over the past few years, as well as horizontal comparison with
the vital quantity of the other countries, it cannot truly reflect the programs' value of vital

information analysis.

However, the rescarcher of this study found only one related work on vital statistics data
using data mining application that was conducted by Zhang et al. [65] at the state of
California, USA. The researchers used a data mining tool called Cubist to build
predictive models out of two million cases over a nine-year period. The objective of the
study is to discover knowledge that can be used to gain insight into various aspects of
mortality in California, to predict health issues related to the causes of death, to offer an
aid to decision- or policy-making process, and to provide useful information services 10

the customers.

As the rescarchers report the results obtained in the study contain valuable new
information. They wrote as the models produced by Cubist also contain surprising results
that are not found in the official published reports. Most of those surprises represent
valuable new information. Including marital status as an attribute during the mining

process helped unearth valuable new information.
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Considering these ideas, this study explore the use of data mining techniques for vital
event information in our country, using classification method to analyse vital statistics
data. in order to provide information support for the technical innovation activities of
programs, it is an exploratory new idea. As to the researcher knowledge there is no
research that attempt to apply data mining on vital statistics data in our country. Hence
this study has a great contribution for discovering knowledge that can help for effective

Jdecision making and policy recommendations.



CHAPTER THREE
DM TOOL, TECHNIQUES AND ALGORITHMS

3.1 Introduction

As it is mentioned in the methodology section in chapter one, the problem that this
research is going to address is a classification problem. Henee, it is important to explain
the classification implementations for model building and experiments to be carried out

in the data mining process, which also involve data mining tool selection and algorithms

used for modeling.

To demonstrate real practicality in any data mining process, selecting the potential
mining tool is important to understand clearly the techniques and algorithms to be
implemented, and describe them specifically based on the tool used for the research
work. In practical applications one has to decide which models and parameters may, be
appropriate for diagnosis and prediction problems. An algorithm prove useful for a
healthcare database may show not to be useful in a cooperate database. The tools used for
data analysis are different: traditional statistical methods, neuronal nets (BrainMaker,
NeuroShell), case-based reasoning (nearest neighbour), decision trees (See5/C5.0,
Clementine), genetic methods (PolyAnalyst), machine learning algorithms and classifiers

(WEKA), CRUISE, Discover*E, ete [66].

So, in this study the researcher chooses to use the Weka 3.6.2 software. The reason why
this tool is specially selected is that it is the only toolkit that has gained widespread
adoption and survived for an extended period of time and it is freely available for
download (i.c. it is an open source software) and as well it offers many powerful features
(sometimes not found in commercial data mining software), it has become one of the
most widely used data mining systems. Other data mining and machine learning systems
that have achieved this are individual systems, like Xelopes, not toolkits. Weka also
became one of the favorite vehicles for data mining research and helped to advance it by

making many powerful features available to all.
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. residence in the study area has not been recorde

Individual — this entity contains a record for every individual who has ever

resided in the study area. Optionally, this entity may record individuals whose

d but is required to complete a
genealogy or relationship record. Records are uniquely identified through an

individual ID value. Genealogical linkages can be established by storing the IDs
of the individual’s father and mother. This information (mother’s and father’s 1D)
can also be useful for identification purposes, especially where name and date of
birth are not clearly defined, as is often the case in SSA.

Social group — this entity stores information on a defined social group, such as a
household. An individual is associated with one or more social groups, through
one or more membership episodes.

Observation — the observation entity stores the information that a particular
physical location has been observed at a given time. This entity can also store
information on the person making the observation and optional information, such
as the census round. The observation entity is linked to all the events recorded
during the observation.

Events — the events entity may indicate a change in the state of an individual (for
example, from resident to nonresident, in the case of an out-migration). Events
that initiate and terminate a particular state of interest (for example, residency) are
combined and recorded as an episode (for example, resident episode). These types
of events are known as “paired events.” Events that do not record the start or end
of a particular state are known as “point events.” The information common to all
events (such as date of occurrence, type of event, and 1D of the observation during
which the event was recorded) is stored as part of the episode that this event
initiates or ends (in the case of paired events) or as part of the point-event table (in
the case of point events). Additional data associated with an event are stored in a
separate entity. The following event types arc noted in Figure 4.1:

o Birth — this event type records all live births to residents (stillbirths are

recorded as a pregnancy-outcome event). The event is linked to the
resident episode it initiates — it also initiates social-group membership

and relationship episodes.
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o Death — this event type records all deaths of residents. A death event will
terminate all open episodes belonging to the individual. The death-event
record is linked to the resident episode that the event terminates and

contains additional data, such as the location and cause of death.

o Relationship start — this event type records the start of a relationship of
one individual to another. By convention, relationship events are linked to
the female in cases of heterosexual relationships and to the younger
individual in cases of same-sex relationships. In the case of caretaking
relationships, the relationship events are linked to the person receiving
care.

o Relationship end — this event type records the end of a relationship
between two individuals.

o Membership start — this event type records the start of an individual's
membership in a social group.

o Membership end — this event type records the end of an individual’s
membership in a social group.

o In-migration — an in-migration event initiates a new or changed physical
location for an individual. It records the start of a new residence episode
for an individual and can originate within or outside the study area.
Additional data, such as origin, are usually stored in a separate entity
linked to the episode via the episode ID.

o Out-migration — an out-migration event terminates a residence episode at
a physical location for an individual. The destination of an out-migration
can be within or outside the study area. Additional data, such as
destination, are usually stored in a separate entity linked to the episode via
the episode ID.

o Status observation — any number of optional events can be defined to

record status information observed for individuals, such as socioeconomic,

nutritional, educational, or immunization status. Repeated  status

observations make no assumptions aboul the value of observed attributes



during the observation mterval, even if subsequent observations measure

the same values.

o Episodes — As Figure 4.1 shows, episodes can oceur (o residents, relationships,

pregnancies, and memberships in social groups:

o Resident episode — a resident episode records the stay of an individual at
a physical location. A resident episode can be initiated only by a DSS
entry, a birth, or an in-migration event. It can be terminated only by a DSS
exit, a death, or an out-migration event,

o Relationship episode — a relationship episode records a time-dependent
relationship, such as a marital union, between two individuals. The
episode is started by a relationship-start event and concluded by a
relationship-end event, a death, or a DSS exit. The relationship episode
records the IDs of the two individuals involved in the relationship, but the
events initiating and terminating the episode are linked to only one of the
individuals, as described above.

o Pregnancy episode — Pregnancy is recorded as an episode, with certain
altributes recorded on the first observation of the pregnancy and others
recorded when the outcome of the pregnancy is known. One lesson we
have learned is that if you want to do a good job in child registration, you
have to register pregnancies first. However, if a pregnancy is not observed,
but only the outcome, the start of the pregnancy episode is still recorded as
the date of the last menstrual period before the pregnancy. In this case the
start and last observation IDs will point to the same observation instances.
If a pregnancy is terminated by the woman's death or out-migration, the
reason for termination is recorded as the terminating-event type, and the
episode is concluded. In the normal course of events, the pregnancy
outcome could be recorded in the terminating-event type as Spontancous
abortion, induced abortion, normal delivery, assisted delivery, or
caesarean section. The “birth location™ field refers to the delivery

environment (for example, the name of a hospital or clinic where the

delivery took place).
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o Membership episode — a membership episode records the membership of

an individual in a particular social group. A membership episode can be

initiated only by a DSS entry, a birth, or a membership start event. It can

be terminated only by a DSS exit, a death. or a membership end event,

in summary, Figure 4.1 illustrates the entities and relationships of the reference data
model. Mandatory ficlds and entities arc displayed in bold type, whereas optional fields

and entities are displayed in normal (nonbold) type.
4.1.2 Data collection and processing [5]

When the Butajira area was originally established as the DSS at 130 km far from Addis
Ababa there were several reasons. First, it was considered beyond the direct influence of
the municipal area but not too far from the university. Second, as it was in the mid-1980s
civil war raged in northern Ethiopia. Hence a location to the south was preferred in the
interests of long-term continuity. The area also offered a diversity of developmental,
geographic, ethnic, and religious parameters within a fairly discrete area. As time passed,
the extent of this diversity and its major consequences for many population parameters

became increasingly apparent.

The initial census of the population in the selected villages was done in 1987 1o obtain the
baseline population and establish a system of DSS with continuous registration of vital
and migratory events at houschold level. The total population was 28,780, Any adult
member of the household >15 years old was eligible to respond in the monthly household
interviews. These were carried out by a team of secondary-school graduate enumerators
who were based in the kebeles. Each vital event was registered on a separate form at the
household level. Basic demographic, social, housing-condition, and heaith-care-use
household on its entry into the DSS and then

characteristics were recorded for each

during each re- enumeration.

1987 census was not done until 1995,
conducted in 1999.

As it happened, the first overall update of the
which was, in retrospect, too long. A further update round was then

: . . enrveillanice Was ied out
From the time of the 1987 census until 1999, continuous surveillance was carried
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during monthly visits to each household. However, in the light of experience, both here

and elsewhere, quarterly household visits were phased in during 1999 and 2000

4.1.3 Databases and records storage

An underlying principle for recording events in a DSS is that of a population at risk.
Mortality fertility, and migration rates are calculated by counting the number of deaths,
births, or migrations occurring within a registered population exposed to the risk. For
cample, an individual who is not resident within the DSA is not considered at risk of
dying within the area. Consequently, DSSs do not observe nonresident individuals or
households and do not record their events. Before the surveillance interval is changing

from monthly to quarterly, monthly visits to each household had provided the data,

Asit is cited by Anagaw [14] Brahane et al stated that it was initially unrealistic to think
of computerization of the data on-site for handling the data were limited at personal
computers were still in early stages of development and very little experience of their use,
So, data for the DSS were initially entered as text strings, but the DSS has, since 1094,
used software based on the dBase IV platform. As developed for Butajira, this program
includes procedures for automatic consistency checking and has more sophisticated
ficilities for data management and retrieval. The indigenous calendar used in Ethiopia
nns behind the international calendar by 2809 days and has 13 months in a year, and this

has presented serious obstacles to using proprietary packages for longitudinal data.

Data are currently entered in Butajira, which allows any inconsistent questionnaires to be
immediately sent back to the field. This is a significant improvement OVer carlier

practice, which was to centralize data operations in Addis Ababa.

The DSS operates as a dynamic open-cohort system. The individual person-years are

dggregated to serve as denominators for calculation of various health and demographic

T . . - P Qe
indices. So far, three complete censuses of the population (in 1986, 1995, and 1999) have

been done, The extent of similarity between the 1994 national census and the DSS

latabase illustrates the quality of the continuous registration system.
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¢yents registered by the BRHP are birth, death, marriage, new household, out-migration
i mmigrﬂliO“ and internal move (migration within the BRHP DSS kebeles). I|m;~schnh;
nndeﬂ"imnmema] variables are measured during the censuses. The study-base is now
well established and is being utilized for other more focused studies on essential health
problems of the country using qualitative as well as quantitative research methods. So far,
esearch in the area of childhood respiratory illnesses, reproductive health, mental health

ad other infectious diseases have been conducted utilizing the study-base infrastructure

Deaths and mortality

Deaths of all registered and eligible individuals are recorded, regardless of the place of
feath. Tt may be impossible to record the deaths of previously eligible individuals who
ien out-migrated. In this case, observation of their survival is censored at the time of
migration. Information about the death of visitors to the DSA is sometimes collected, but
itis only used in mortality estimates if a de facto population estimate is available for cach

day.

Underreporting of deaths is typically less of a problem than that of births, because a death
5 widely known and remembered. Exceptions are the deaths of young (and yet
uregistered) infants, particularly prenatal deaths, if cultural beliefs or grief hinders

reporting.

The DSSs collect more detailed information about deaths to establish the cause of death,

eenerally through the so-called verbal autopsies (VAS).
[he computer systems maintain standard DSS-processing operations:

. .Data entry — Software allows for entry, deletion. and editing of the baseline and

longitudinal data. Baseline household information includes the houschold

location, individuals within the household, relationships between individuals, and

familial social groups. Longitudinal information includes basic information on

. Gz ke " the study area,
pregnancies and their outcomes, deaths, migrations in and out of the SWC:

marriages, and any other measures the investigators specily.
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sdation — Software checks for the logic: :
, Validation — S e checks for the logical consistency of data.

e site has also developed software for reporting outcomes and managing data

. Reports and output — Routine software calculates and displays demographic rates
and life tables and can compute age-specific and overall rates,

, Visitation register — Software prints the houschold-registration book, which s
used by the fieldworkers to update and record information during household
interviews.

. Ulilities — this option is primarily used by the system administrator. It includes
capabilities for adding new user IDs, sefting interview-round information, and
generating reconciliation reports to help track down unreported pregnancy

outcomes and unmatched internal migrants.
4.1.4 Data quality assurance [5]

Duta-quality-assurance mechanisms have been instituted at several points to ensure the
ategrity of the data. The most critical of these mechanisms is field supervision. Field
apervisors daily supervise data collection and check each completed data form. They
Js0 make random visits to selected households each month, using a weekly distributed
imctable, Rescarch assistants supervise the data flow from the houscholds to the
wmputer system. They also check the data at the field level, for randomly selected
huscholds, Researchers work in the field to provide on-site technical assistance and

widance and check data quality.

4.1.5 Method of analysis at DSS [5]

Although the site reported data for longer periods, life tables were constructed in the

tandard faShiOI'l Preston et al [SJ nMx. the agC-SpCCirlC nmrt;tii[y rates for the age group

L 4n were calculated as the ratio of deaths, nDX, 0 person years exposed, nPYXx, in the
R PSS Ty 57 ) ., X+, one

“me age group, When calculating ngx. the pmhabll:ly of dying In age group X, X1, ¢
. e ha noe interval, except for AReS

“Sumes that the average age at death, nax. equals half of the age interval, except 07 4§

S years. In the age intervals 0—<1 and 1-4 years, the values of nax arc calculated using
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the relationships developed by Coale and Demeny, based on the West model life-table
system Preston et al [2]. The open age interval encompassing ages >85 years is closed in
(he usual way, by letting nL85 equal the ratio of 185 to wM85. Standard errors are
calculated using formulae developed by Chiang (1984). For instance let's look at the

following way of mortality data anal ysis.

A. Mortality data

To allow maximum flexibility in analysis, the site provide counts of deaths and person-
years observed in standard 0 to 85+ age groups by sex for single years of observation for
as many years of observation as possible. To adequately capture (he variation in mortality
over time, the data from the sile is grouped into 3-year intervals, or as close to 3-year

intervals as possible and practical

An individual’s probability of dying depends primarily on sex, age, health, genetic
endowment, and the environment, all of which determine the risk of falling victim to
illness or accident |5]. The primary determinants of mortality interact in complex ways
and depend in turn on a large and variable set of complex social determinants. As a result,
it has not been possible to formulate a general, theory-driven model of individual risk of

death.

B. Discussion

The data presented here are the first large compilation of high-quality data collected at
intensively operated longitudinal field sites. In light of the general lack of high-quality
information describing contemporary mortality, this is a unique and useful collection of
data. The writer reported as the level of mortality varies considerably across the sites that
have produced these data and all but one or two appear 1o have produced very reasonable
age-specific mortality schedules. A great deal of additional analysis is applied to these
data in the near future. The first extension of the basic description of the levels and age
patterns of mortality presented here is the identification and thorough examination of the

common underlying age patierns of mortality embodied in these data.
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Furthermore, several Studies have been conducted in Butajira in a set of nine randomly
selected rural kebeles (known as “peasants’ associations”) and one urban kebele (the

Urban Dwellers’ Association) implemented probability-proportional-to-size technique

The intensity and diversity of the research activities have also required a wider
parlicipation of multidisciplinary researchers. The participating researchers have
packgrounds in obstetrics, pediatrics, epidemiology and biostatistics, sociology,

psychiatry, nursing, and public health. At present, more than 50 field staffs are working
in the DSS [11].

The site manipulates and analyzes data with dBase, Epi-Info, and the cohort program,
developed by Umed University, which does person-year-based analyses of events in
dynamic cohorts. For example, 5143 deaths and 15 667 births were registered in the area,
from a total of 336 074 person—years of follow-up during 10 years of surveillance. Thus,
based on the observed total number of deaths in this study base, the crude mortality rate
is 15.3 per 1000 person—years. A total of 71 004 person-years has been observed among
women 15-44 years old, representing 2367 reproductive lifetimes and hence an overall
fertility of 6.6 births/woman. The maternal mortality ratio has been estimated using

several methods and is believed to be around 600 per 100 000 live births [11].

Deaths among children <5 years old represent 48% of all mortality. Half of these deaths
occurred during the first year of life. and 53% before 2 months. From the age-specific
mortality rates we can estimate the cumulative mortality throughout life. Thus, among
live births, an estimated 4.2% dic during the first 2 months of life, 8.0% before | year,
16.6% before 5 years, 36% belore 15 years, and 56% before 65 years, Substantial
variations have occurred between arcas with regard to under-five mortality, with rates
ranging from 80 per 1000 person—ycars in the urban area to 219 per 1000 person-years in
the lowlands. From the age-specific mortality rates, we estimate a current life expectancy
at birth of 50.8 years — 49.3 years for males and 52.3 years for females. From these
result obtained in the studies, national and international publications and scientific

conferences had been the main routes (0 disseminate this information.
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4.2 Data Pre-processing for Mining

At the preprocessing stage missing values can be filled in either by using Weka software
or a separate tool (SPSS software) as explained later in the next section of the chapter
[he training parl of the cleaned data is first passed into the data mining tool
where similarities in the patterns are extracted and model is created. Based on these

patterns and rules obtained, classification of the testing data set takes place,

An objective of this study is to develop a model that can be used for description 1o gain
insight into various aspects of mortality. We can implement these models 1o work well
ona compuler say a desktop or a laptop, but integrating the same tool on a

handheld can be rather tricky.

Thus, instead of storing all the data and the data mining algorithms on the 1wol,
we run the tool on desktop computers and sample only the run able data that the rule set
on. We then input the data directly and the rule set can be run to provide the required

amswer.

Required cach algorithm data to be submitted in a specified format, the generation of raw
data into machine understandable format is called preprocessing [34]. Other steps that
are performed during preprocessing are the transformation of the attributes in the

database into a single scale and the replacement of all the missing values in the data.

Raw data can be stored in several formats, including text, Excel or other database
types of files. Specifically in this study, data originally obtained in SPSS file format. So,

itis necessary to convert this format to the system understandable format that the analysis

15 performed (i.e. Weka tool).

Having data already in a format understandable by algorithms can result in better time

; sent a
efliciency with respect to processing of the data. In most cases the rows repre

. 3 ithin this casc. In some
single case and columns represent the attributes that are present within this

i : rated value
of the free databases that are available online most of them are in comma sepa

ey . WO commas
(CSV) format, That is all the attributes are scparated by comimas Bt
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gmultancously stands for a missing da

issing, instead of finding an empty space we ma
AR

jissing attribute.

iR
s the Weka tool, the data should be

(ARFF format) as the data type

Joes not automatically classify the : '

4.2.1 The raw data

preprocessing. The data types of the

Table 4.1 Attributes available w-.:. i

# Attribute

AAssmmsss e,

I Year Reference (TTYREF)

2 Peasant Association (PA) CN!B .
L ENVIR

4 HOUSENO

5.1D (Compulsory)
6. NAME

T Relationship (REL) code

8. SEX ;
9. Mother's ID (MID)

10. Father's 1D (F D)

11 Marital Status (MARITAL)

12. Serial foe Individual’s Episode :

13. Date of Birth (DBIRTI)

"




(4. Reason for I‘pisode Starting (RSTART)
5. Date of Episode Starting (DSTART)
16. Date of Episode End (DEND)

17, Reason for Episode Ending (REND)
18, Date of Death (DDEATH)

19, Date of Exposure (TIMEX)

30, Cause of Death (CAUSE)

21, Individuals™ Religion (RELIG)

22, Literacy during Episode (LITER)
21, Fducational Status (EDUCATION)
24. Source of Water (SOURCEW)

25, Type of Roof during Episode (ROOF)
26. WINDOWS

27. RADIUS

28. ROOMS

29. HOUSEOWN

30, OXEN

3L TIMAD

2. LATITUDE

B.LONGITUDE

3. Distance to Butajira (DISTHOSP)

Char
Date
Date
Char
Date
Num
Char
Char
Char
Char
Char
Char
Char
Num
Num
Char
Char
Num
Num
Num

Num

o ot N

L]

ro | ] [ [ 38 ] rJ % [ 5

rd

rd

This data set consisted of, a total of 87,092 records of individuals who were born and
9699 records are about individual who died from January 1, 1987 to December 31, 2004

nall the ten villages of the BRHP study area. The following table shows the distribution

of those birth and death throughout the eighteen periods in all the ten villages of the

BRHP study area.
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{able 4.2 Distribution of birth and death in the ten villages of the Butajira program

No. PA(Pcasant Environment # of birth # of death
Assn.)
[ Meskan H 7,131 862
2 Bido H 9.058 1,066
3 Dirama H 8,785 1,534
4 Wrib H 4,554 589
5 Yeteker H 5,070 624
0o “al] L 8,684 1,049
] Dobena L 10,752 1,184
g Mjarda L 3,056 726
0 Hobe I:4 8,094 I,%z
10 Buta04 U 19,308 1,003
Total 87,092 9,699

Here we should note that all attributes are not important for the mining purpose in this
research objective. So, finding a minimal set of attributes that preserve the class

distribution is one of the main task in data mining preprocess.

4.2.2 Attribute selection

Selecting relevant features (attributes) in any data mining task is important for increasing
the efficiency of the algorithm. As cited by Anagaw [14], Liu and Motoda (1998) wiote
that “the abundance of potential features constitutes a serious obstacle o the efficiency of

most learning algorithms.

Iherefore, eliminating some attributes, which are assumed (o be irrelevant 1o build the
model can increase the accuracy of the classifier, save the computational time, and
smplify results obtained. Based on expert’s opinion, only some of them are considered as
elevant for the specific learning task to be undertaken in this rescarch work. In this
*egard, the original data set consisted of a total of 34 attributes (columns) and 236,549

. . . has been sclected.
ecords (rows) from which the target data set for this research work n
‘ : . ifferent factors
n this rescarch, the main focus is the pattern/relationship between differen

: i ore usc those
“liributes) and death (mortality) based on the research objectives. We theref

: ibutes relevant
“lributes related to the BRHP dataset as our classes and look for other attn
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.+ these classcs. After this step,

we are able to filter out those irrelevant or less relevam

gributes. Our data mining tasks thus become simpler and more 6

Hence the researcher decides to apply dimensionality reduction on the data set created for
i

aalysis by selecting the minimum set of features (attributes) that are associsted with the

leaming task. A total of 27 candidate attributes are selected us relevant features to build

and test the required model. Selection of these relevant features is conducted in

consultation with domain experts/specialists and the researcher's advisor who have good

towledge and experience on the data set of BRHP database.

In the database the attributes that are not contributed any information towards the

machine intelligence in- determining whether the individual has good aspect or not so

the columns have been removed from all the cases within the database. The following

table gives a brief description of the candidate attributes selected as relevant features (o

build and test the required models.

Table 4.3 Attributes selected from the original data file

Attribute
| No
| | TYREF
|
2 | PA
3 | ENVIR
4 | SEX
5 | REL
O | MARITAL
7| SEREPT
¥ | pBIRTH
% |RSTART

Description

Values

A unique reference number given to

each individual

A six digit serial number

| The name of the village in which the

individual is registered

10 unique categorical values

| "The climate of the individual’s village

3 unique categorical values

The gender of the individual

2 symbolic values

individual was born

The reason for episode starting

85

The relationship of the individual 7 unique calcgonf_vilm o
The marital status of the individual 8 unique categorical _‘.df
The serial no. of individual's episode A two digit scrial nw.l_b_cj o
| The month/data/ year in which the Date of the form
DDMMAYYYY

Wﬂiﬁcﬂ values




0 | DSTART

/| | DEND

7 | DDEATH

.1_1 "I'I;d-l_ix
' | RELIG
l.|i T;li_ll_
6 | EDUCAT

The month/data/ year in which episode

starting

Mo et A e
I'he month/data/ year in which episode

ending

The month/data/ year in which the
individual died

Date of the form
DDMM/YYYY
Date of the form

e c—

DD/MM/YYYY

Days of exposure during episode

Up to four digit number

Individual’s religion

5 unique categorical values

Literacy during episode

5 unique categorical values

Educational status during episode

17 | SOURCEW

18 | ROOF

19 | WINDOWS

0 | HOUSEOWN

I | OXEN
2 | LATI
3 | LONGI

LA | DISTHOSP

}—__ ===

25| RADIUS

% | ROOMS

T TIMAD

Source of water during episode

7 unique categorical valucs

Type of roof during episode

3 unique categorical values

‘Windows in the house 3 unique categorical values
| The house ownership 5 unique categorical values
The number of oxen owned by family | 3 unique categorical values
| The latitude of household Continuous .
The longitude of household Continuous
The distance to Butajira km Continuous

The radius of circular house in meters

Up to two digit number

The number of rooms in house

A digit number

| The number of timad of land owned by

family

Up to two digit number

$ unique categorical values

—)

following the successful selection of the required data set from the original eighteen

ears” data, the next important step considered by the researcher is filling up the missing

values of the selected attributes.

4.2.3 Filling up missing and incomplete values

Sometimes there are attributes that are incomplete or missing. A

“esenting missing data, is inpuiting values that cannot be found
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epresent missing data as “?”.
T .

If an attribute js cmpty usually one may think
gat the casc is less useful than the rest of the cases in the data set. This is not true
{ - ¥

4 cach of the other attributes contributes usefyl information towards the set of
4 (1]

gribute  category.  When there are missing values, instead of leaving them as

missing, there are a number of methods that can be used for filling these missing

attributes.

faving. efficient methods to fill up missing values extends the applicability in
s of accuracy for many data mining methods. The accuracy of the tool is
mereased  and  with a larger training set better rules and decision trees can be

developed which contributes towards better classification of the data.

fhe most common method of filling the attributes quickly and without too much
computation is to replace all the missing values with the arithmetic mean for
mumeric data, the median for ordinal data or the mode for nominal data with respect 1o
that attribute. The other methods are to run a clustering algorithm and replace the
missing attributes with the attributes of cases that appear close in an n-dimensional
space. In this case the researcher apply to use the statistical tool for replacing the missing
values by series mean method since the original dataset is obtained in SPSS file format
and all the attribute missed their values are numeric. That is, there is no need to use any

other method including the above mentioned here for filling the missing values.

Table 4.4 Handled missing values

No. [ Attribute | No. of missing | Attribute Type Substituted Method
| Name | values Values used

' |Radius | 77615(33%) Scale(Numerical) | 3.4 Mean
& Toons Mean
" |Rooms | 6498(3%) Scale(Numerical) | 1.8

" | Timad [ 39363(17%) | Scale(Numerical) |29 ot
k-‘-‘_‘-_‘—l——
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4.2.4 Data decoding and attribute transformation

it is often necessary to transform values of attribute to another for making the attribute
‘ ]
seful in the prediction modeling process. Particularly, if numbers represent unique

«oncepts and not values within a continuous range of some quantity or rating, they should

he converted into symbols or separate columns [65].

I the original data set created for this data mining task, the values of some attributes are
epresented using numerical codes. Such numerical codes that used to represent unique
concepts had 1o be converted into symbols or columns to avoid any confusion during

raining and testing of the model as follows:

Me attribute “PA”™ which stands for “Peasant Association™ is represented as
dphanumerical codes using ten different values. So, for the purpose of this research
work. those numerical codes were converted into their respective symbolic values. The
following table shows the PA code used in the original data file and the reformatied name
of the PA.

Table 4.5 Actual Values of each PA code and the original numeric code.

Original “PA” code | New value represented
005 Meskan
007 Bati
008 Dobena
011 Bido
04B Dirama
06A Yeteker
06 Wrib
09A Mjarda
09B Hobe
K04 Buta04
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- sddition the following data transformation and reformatting operations are employed
It mpioy

 der to create new variables from the existing ones and to reformat the original val
0 ues

( some attributes in the sample data set selected for analysis,

(reating the status attribute: The attribute “status™ is not included in the original data
< instead date of death as an attribute. Using this newly created attribute a5 one
Jependent variable can help to classify individuals into different groups. This
Jussification would help to predict the likelihood that a given individual would die or

avive. So, the status attribute is created from the date of death attribute.

(reating the age attribute: In the original data set “age” is not also included instead
date of birth as an attribute. However, using age as one input (predictor) variable can help
w categorize individuals into different age groups. This categorization would help 10
dentify mortality patterns among individuals with different age groups. So, the age

atribute is created from the date of birth attribute.

Using Weka tool, three numeric attributes (Age, Ystart, and Yend) are discritized. For
example, the created age attribute is discritizzed by using bin method in Weka The
mmber of bin is adjusted to be nine. Similary the rest two numeric attribute is also
discritized in similar fashion to make modeling process easy for the selected technigues

und algorithms in classification purpose.

iorder to build a model that can be used to predict mortality patiemn in the study area
bsed upon environmental, parental, and health related factors, a datu set consisting of
both classes’ of status (Dead, and Alive) is created and prepared for analysis since the

dassifier should be known for the predictor.

Aler the successful preparation of the required data set from the original eighteen years
te i lected,
4, the next important issue considered by the researcher IS importing the s

. . { Weka
‘eated and reformatted data set, which was in SPSS document format mto

SOlwe
ftware understandable format.
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4.2.5 Machine understandable format in Weka

o {he original data set is organized in rows and columns using SPSS statistical
fuware, it is not possible to import this data set as it is into the data mining software that
e used in this research work. Since most data mining tools can use data in the
comma separated value (CSV) format for running the machine intelligent algorithms
[he researcher decided to import the original data set into CSV format, which will then
i imported to Weka software. As a result of this attempt, the researcher has successfully

yported the selected data set into attribute relation file format (ARFF).

fhe data that is used for Weka should be made into the following format shown
o the table below and the file should have the extension dot ARFF (.arfl). For example,
i order to perform decision tree classification technique, which is a supervised leaming
hat required predefined class to train and build models identifying the relevant atiribule,
s important. The last attribute where the classification of the individual is done is made
o a categorical format. That is, the classification attribute ‘status’ takes string

wlues ‘Dead” when death occur and ‘Alive’ when death not occur.

Table 4.6 Sample Weka system understandable ARFF format for BREP dutaset

athtion 'BRUPDataset'

Sl PA {Mmeskan, liui;:{M.Buli.Wrib,DOheﬂaana"dﬂaHOchid"rDim"'a'Yﬂckﬂ}

Bibute ENVIR (11,U,1.}
Wibte REL

WECHRE,SP,GP,UK NR}
Sibute SEX (M, I}
Sibute MARITAL
AMOTY NM,WILPO, DLSE)
LT AGE numeric
:W RSTART {IN,MU,XX,BLST,CM,MO,LLRO,WA}
“::Ic \EI ART numeric
“ute YEND numeric
Sbute TIME: X numeric
;:ﬂ:me RELIG {MU,0C,UK,CH,OT}
"W LITER {IL,L1,TY,UK,RE}
Sibe EDUCAT {UK,NO,PR,SE}

90



\l}lll{l EW {RLLWU,PL LA,UK,WP,0T}
fi{OUl {TH, UK.CO}

\\lM)OW\ {NO,YE,UK}

¢ R;\I)IUS pumeric

RUOMS numeric
null(}USl :0WN {OW,UK,OT,KE,RE}

e OXEN {UK,YE,NO}
se TIMAD numer ic

sgte LATI numeric

e LONGI numeric

suie DISTHOSP numeric
e STATUS {Alive,Dead}

| MmeskanH,HE MUK, 1,51.28,IN,1994,1995,365 MU,IL, UK RI, TH,NO,4.2,0W,UK,28 09585,
$2,35Alive
i Yeteker,HLHE,M, UK. 1,93.69,ST, 1987,1991,1669,MU,IL,UK RLTHNO,2, | OW,UK 4.8 05935,
893,10.4,Dead
i this research work, the essential file for any Weka application, which describes the
atributes selected to build the models and their classes, is created (See Annex A). This

fle contains the cases that are analyzed in order to produce the classifier. The entry for

ach case consists of one or more lines that give the values for all explicitly defined
dirbutes. Values are separated by commas and optionally terminated by a period. For

aumple, the first three cases from the data file prepared for this research work looks as
thove:

A ow represents one individual’s case with values of attributes mentioned above
#panated by a comma. After the cases in the data file have been analyzed, the predictive

suracy of the classifier generated from them can be estimated by evaluating it on new
tases,

, | | &
Veka can yge another kind of file, which consists of new fest cases Of which

dassifier can be evaluated in terms of the error rate on new cases. This file is optional

l.ifused, hag exactly the same format as the training file.

the performance of the

In th;
thig fesearch work, a separate test file is not prepared. Rather,
s validation. Thus, by

Cfass' . -
Hier js evaluated by using the most common test option, ¢ro
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_ . options, training and testing samples
groking these ©f & samples cases are randomly selected from the

.. Although another more optional classifier evaluation is available used by Weka f
€. ¢ 8

L cases file and as such is not used for this research work.,
e L%

4.2.6 Balancing the target attribute with SMOTE

(e the dataset imported into the Weka system, it is important took (he target attribute
Jhether it has a balanced classes or not. According to Larose [16] if one class of the
et attribute has much lower relative frequency than the other class, balancing these
asses i recommended. Because the classification model could simply predict for some

Juss that have more relative frequency to all operations and achieve 99% accuracy,

i this regard, the researcher identify similar problem mentioned above in BRHP dataset
o which 56,424 (85%) are alive while 9,699 (15%) died individuals after sampling of
#,123 cases from the total of 236,549 BRHP dataset is performed. Although there are
dfferent approaches 10 solve the imbalance [17]: under-sampling of the majority class
wdor over-sampling of the minority class, over-sampling of the minority class has been
poposed by creating “synthetic” examples. This helps us as a good means of increasing
e sensitivity of a classifier to the minority class. In this situation, the researcher tries 1o
tlance the cases for the target attribute by using Synthetic Minority Oversampling
lechniques (SMOTTE) which is provided from Weka supervised instance filter option and

wnsiders a total of 95.220 (56,424 alive and 38,796 dead).

following this chapter we are running experiment for the selected mining tool, technique
“dalgorithm using the prepared dataset to build the models and identify the best one for

e research objective.
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CHAPTER FIVE

[XPERIM ENTATIONS AND RESULT DISCUSSIONS
;| System Architecture

iy (his research vital statistics data is mined to extract patterns related to death issucs with
e help of Weka tool. Using the JDM process, a system is designed that courses the
Jyssification.  The system is trained using vital statistical data, We follow CrOsS-
Aidation to evaluate the system. The experiment is run on data set that consists of 2%
stributes and 95,220 records after SMOTE. Based on these sampled dataset, it is ample
wough for understanding the different stages that are used in various data mining

lgorithms.

- i Data

RowData |——»X_ Preparation

Formatting data into appropriate
formats required for the tool

A 4
Filling Missing
values

Tool

Y

Knowledge Building models

extraction

figure 5.1 an overview of system Architecture
n order to carry out
of raw data.

e above Figure 5.1 shows the different components of the system- |

i e i L ’ o
e data mining process, the flow of the system starts with the collecti |
Thic - IS : _ the Weka too
"8 data s first preprocessed and converted into formats understood by

that . = 1 o
Hlare used in the DM process as we discussed in chapter three of this pape
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5.1.1 Estimating the Error Rate of the Learned Mogels

A he classification analysis to make prediction i i -
i we run L prediction, it s important ¢
' ' 0 check the

_priateness of dataset for selecting certain validation method for the avajlable
el Because after collecting the dataset learning algorithm s applied in
endntly. Ths the algorithm has used the training set o train the classifier
ey is estimated on the test set. To get an idea of how much data is needed iul

clice, each set of experiments is run on several different training set sizes

. see the appropriateness of the dataset preprocessed and ready for model building, the
warcher tried to observe its learning curve. From the graph on the learning curve, the
wintat which the learning curve converges might show the minimum of sample dataset

heused for training purpose so that the rest is planned for testing purpose,

i this research purpose the experiment started from 10% gone through up to 100% of

» dataset as shown on the learning curve.

ible 5.1: Samples of T'raining Dataset and Corresponding Performance of
Uassifier

Sample (%) | Performance
10% 89.8040
20% 89.9754
30% 90.2717
40% 90.3503
50% 90.5046
60% 90.5967
70% 90.6090
80% 90.6690
90% 90.6788
100% 90.7520 |

7 : 1 . i ining set.

H1¢3.2 shows performance on the test set as a function of the size of the (raining

% basic train: . ing low across
basic lraining set exhibits satisfactory performance with error rates being lo

Hleams cross all
Hming tasks. In general, the learning curve always has lower error rates a

U lagks ;
on the Iurgcr data sets sizes.
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increases. To minimize the effect of the

110 use 10-fold cross validation for !




. cthms as described in the previous se
Mﬁcaﬁon technique.

f1is apparent that as the dimension (size) of t
nalyze, interpret and generate rule sets.
“pmment to looks at the effect of the
ngrma.nce accuracy of the models built.
or diverting attributes that confuse the |

e list of attributes as ranked by their
;nmmg task of the decision tree is realiz

OUSEOWN 0.05925
LIG 0.05658

'.-".I-; —
|'u?




/”/___ 3
—TREL 003852 T Toggm

rﬁﬁf’_ 003115  To0m — -
Tﬁf 0.02869 0.07956 —
S TAGE 0.02223 008603 '
7 |LONGL 0.02132 008693

0.02079 008746

0.02057 0.08768

0.01545 0.0928

0.00683 0.10142

Being familiar with attributes’ importance to the data mining task as portrayed above.
According to the information obtained from the above table, the researcher preferred o
an the experiment using all attributes that are selected in the attribute analysis section of

chapter three.

S0, as we can see from the result of attribute selection using entropy based information
wain method of weka, twenty-four attributes of the dataset are determining for predicting
the STATUS variable that is created for prediction. Seven attributes are separated from
these attributes having high importance for model building by identifying their little
disorderliness (less discriminative). Again, the top two attributes are also took apart from
these significant attributes due to having potential embark to classify the model perfectly

is the class attribute related to their very high disorderliness. Hence the researcher

performs the experiment using these best attributes and the identified 10- fold cross

validation for eight scenarios are conducted.

o in detail in previous chaptet
The details of the decision tree used in WEKA are explained in detail in pre
orithms are required to be executed

; extracted and
from the training data following the te o bl
sclected the best one, the rule is created based on the trec "

: algorithm described 2
\ . o th respect to the
“tween the attributes. The decision trees Wi n on the test data is done

three. For the decision tree to be created, alg
st data. Once [he trees are

C : ificatio
“hapter three for BRHP database research is shown. Classifica

based on the decision tree that is created.
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um number of cases. This is consid

=
E_,;!,l 1]

fyperiments are performed with various method
ision tree. The J48 classifier windo I
ferent decision tree scenarios.

I ';s also important to describe the g

intelligently adjusting them. Bellow i

described which is taken from Weka

iliarity with the data tease out the best

F

Table 5.3: Description of J48 classifier :

ImdﬂcedErrorPruning

lj_sa?ehlstanceData




d on Weka data mining tool impleme
rcher employs J48 algorithm for a




) . #6: Binary Decision Tree pruned wi faat
scenario #6: Binar; p without missing v}
s ue replacement after

SMOTE

Seenario #7: General Decision Tree pruned with missing valye replacement afier
S en

SMOTE

Seenario #8: Binary Decision Tree pruned with missing value replacement after SMOTE

From these experimental scenarios, we obtain the models result to compare them cach
other and finally we find out the outperforming mode] based on the criteria of evaluation.

The data mining experiments are run and the outputs are obtained by the Weka
wol is summarized in table 5.4. This study has attempted to look at the effects of

mortality in a rural context encompassing as many confounding factors or variables as

possible.

Table 5.4 Summary of measures of performance and accuracy of the models

Before SMOTE After SMOTE
wimentation. | \without replacing | Withreplacing | Without replacing |  With replacing
missing value missing value missing value missing value
enarios# 1 2 3 4 5 6 7 8
Tree Type Pruned | Pruned Pruned Pr.uncd Pruned | Pruned Pruned | Pruned
General | Binary | General | Binary | General | Binary General | Binary
“0f leaves 167 71 167 71 321 107 338 112
Sieof Tree | 208 141 208 141|401 23 |44 |28
Time(Sec) | 7.57 31.62 |82 3338|1042 |3801 [1202 |3729
e (9010 o5 (9010 [89s0 |02 [8950 |S030 {88
VG TPR 0.901 0895 |0901 |0.895 |[0902 0.895 [00903 |0.895
WGFPR [ 0.423 oaiz o4z |04 |0413 |08 0112 |0.118
reision [ 0.893 08sc 0893 |osss |0902 |08% 0903 | 0.895
Recall 0.901 0.895 0901 |0895 [0902 0.895 | 0903 o.:f
Whm (0855 Tom50 (0855|0592 oM S ; Z'w
Jsitiviy [ 0.968 0965 0968|0964 [0:936 0936 ﬁ':; 0'3;3
witcy 0305048 (0510 0490|085 JO&% o]
Messwe 0893 [0.887 |0893 | 0887 | 052 [08% 1 o

100




From the eight scenarios, results have ghmmi
_erformed the decision tree that are cr

(Generic ObjectEditor window for build

-_ added advantage of J48 based alg
ory “Alive” than “Dead” to prog
may help in both the validation ¢

knowledge of the problem.

N

(One of the steps in the knowledge disco
system in terms of how correctly the
-1 ssses. Sometimes, the actual class and
record to a certain class label. Hence the
s built using all the eight scenarios ¢
‘we can see from the table 6.4, the accurac

1K

setin the J48 algorithm. .

From this, we can say that scenario #7°
The mean absolute error which mea

value is also lower at this best scenarl

The performance of scenario #5, in al
seven. The first scenario takes small
- maximum number of tree and bigg
experiment 2. The researcher also
performance accuracy’s used to anal
I_Mer discussion and easy underst
models in correctly classifying
‘experiment (scenario) #2, 4, 6 and 8




and time constraint from these

d in this paper with most m!

fication accuracy at the same time

issing value replacement after SMO

Is regard, the accuracy in terms ¢
it which is 90.30 as shown in Fig

leters set in the J48 algorithm.




.' rof Leaves : 338
Gize of the tree : 424
taken to build model: 12.12 seconds
- atified cross-validation ===
- Summary ==—
rectly Classified Instances 85985
tly Classified Instances 9235

ot mean squared error
lative absolute error
oot relative squared error
otal Number of Instances
Detailed Accuracy By Class =
TP Rate FP Rate Precision k
0935 0.144  0.904
0.856 0.065 0.901
vg(Wt) 0903 0.112 0.903
*Confusion Matrix ===

e b <. CIaSSiﬁCd as B 'II',I_I

a=A1ive L "

1l A
b = Dead




be labeled by the classifier to other class. This kind of phenomena often reduces the
performance of the system.

Hence as the above figure indicates that out of the unseen instances (test data) supplied
this model, using the best scenario can correctly classify 90.30% of them in their proper
class, while 9.70% of them are misclassified into different classes.

Table 5.5 Sample of instances that show the actual and predicted class difference

Values of the Attribute

Instance ,|— ~ - B

| number 195216 95208 |9s219 [95192 |7 67 i I i
|PA_ Hobe | Hobe | Mmeskan | Mmeskan | Dobena | Dobena | Mmeskan | Mmeskan |
ENVIR L L H H L N -
| REL CH CH CH HE HE HE |CH I|CH
SEX F M M M M M | F g -
'MARITAL | TY TY TY MO MO |MO _ |TY FApE
AGE 0-105 | 0-105 [10521 [31542 |63-73.5 |63-73.5 |0-10.5 | 0-105

_ | RSTART | MU MU XX XX XX XX |MU XX

£ | 5000 11995 | 1993- | 1995- | 1995- |1995- [1997- | 1995-
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As we can perceive here the result of the classifier vary in classifying a certain instan

| < &

differently that is in the actual class. From the incorrectly classified | 4

researcher try 10 identify for which instances the classifier misclassify the instances |
es for

peing reduc ed the performance accuracy measure as depicted in Table 5.5

The result obtained in the study contains valuable new information. This result conveys
some interesting findings. Hence we are able to understand the problem ;»(
misclassification under the considered dataset. As shown in figure 5.5, the live status of
individual as it is indicated by instance number 95208 and 95219 are actually ‘Dead’
whereas instance number 95216 and 95192 are classified as ‘Alive’ by the classifier even
their actual class is ‘Dead’. The researcher observes in similar fashion of the other class
(in this case * Alive’) and clearly identify the problem of misclassification as we do in the
\Dead’ class and presented in Table 5.5 above. In all the cases the misclassification
occurs from the misjudging of a single attribute values calculating the similarity of the
other attributes disregarding their difference as the principal predictive values.

Now, let us discuss at the confusion matrix that contains information about actual and
predicted classifications done by a classifier. The data in a confusion matrix can be used

o evaluate performance of classifiers.

A confusion matrix for the adjusted parameter is observed in addition 10 the error rates
over various data set sizes. The confusion matrix is a matrix showing the predicted
and actual class. In this experiment We have two types of classes. That means the
outcome of the experiment is cither the individuals is ‘Dead’ or ‘Alive’. Thus a

confusion matrix with two classification look like the table given above.

In Table 5.4 it is possible to notice that the table (matrix) shown the columns represent

4
the predicted result and the rows represent the true Of actual result. Hence from TIHC;
the number 52779 and 33206 indicates the pumber of individuals where the actual

L aa
predicted values are similar. The number 3643 represents the number of Iy
ified s being “Dead by the WERA

where the actual outcome is ‘Alive’ but is class
- ber of individuals
Decision tree classifier. Similarly the pumber 5590 represents the num
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here the actual outcome is “Dead’ but wrongly classified as being *Alive’ as sho
wn i
the Table 6.4.

The number of true positives in this confusion matrix is 52779 records. Those records
which are predicted as “Alive’ class by the classifier and also happened true by when
ested on the test data are (True Positives). The number of the records which are
classified to the “Dead’ class by the classifier and they are actually False as tested on the
st data (True Negative) is 33206. The sum of these values (equals 1o 85985) gives us
the correctly classified number of cases even if we provide 95,220 as the total datasets

(cases) to the experiment.

As we can also see from the Table 5.4, sensitivity is a bit high for this selected model
while specificity is next to sensitivity but high across even in all other models. Sensitivity
is the ability of the classifier to identify true positives (in this case the actual Alive),
which is equal to the recall of the classifier whereas specificity of the classifier is the
ability of the classifier to identify the true negatives (Actual Dead in this case).

Precision and recall is also a good performance measure for the model built. The
precision of this model for the ‘Alive’ class is a bit higher than the precision for the
‘Dead’ class. The ROC area of all of the models 1s also above 0.5 is moderately good.
The ROC is a simple graphical plot of the sensitivity, or true positive rate, vs. false
positive rate (1 — specificity or 1 - true negative rate), for a binary classifier system as its
discrimination threshold is varied. The ROC can also be represented equivalently by
plotting the fraction of true positives out of the positives (TPR = true positive rate) vs. the
fraction of false positives out of the negatives (FPR = false positive rate). It is also ’“‘0.‘“'
as a Relative Operating Characteristic curve, because it is a comparison of two operating

characteristics (TPR & FPR) as the criterion changes.

5.3.1 Generating rules from the decision tree

nodes and the number of leaves

The size of the tree given by the number of |

(Classification nodes) that is present in the tree are
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iree it is seen that only 15 of the attributes are required to create the tree which e
ch means

From the decision tree created it is possible to understand the meaning of the patterns and
generate rules from that decision tree. Because rules are more accurate predictors of a
given class than decision trees developed. Rules are generally easier to understand than
irees since each rule describes a specific context associated with a class. Furthermore, a

rule set generated from a tree usually has fewer rules than the tree has leaves,

We take a close look at the decision tree and find that the top level of tree is the attribute
“ROOF™. Therefore we can infer that this attribute is most discernable to the target value
we want to predict. The classifier construct by using 15 attributes has an accuracy of
90.30%. This classifier has used some attributes to construct rules and provided the class

predicted by the rule.

By default rules are ordered by class and sub-ordered by confidence. The number of
instances for each label/class is given at the leave. The numerical value, which appeared
next to the predicted class, indicates the level of confidence of the predictor for the
outcome or the predicted class. Follows the name of the majority class, the number of
instances for the majority class/ number of the minority class is available in brackets,
From this, it is possible to calculate the likelihood predictability of the majority class

from the numbers of instances. For example, Dead (2401.0/35.0) is the first leaf of the

decision tree in the generalized decision tree with pruning using some attributes model, in

which *Alive’ value is 2401/2436= 0.9 likelihood predictability of the majority class.
Similarly, we can calculate level of confidence/likelihood predictability of the outcome
for the other majority classes. The following are a few of the patterns/rules which are
discovered between status and other attributes for which their predictability of the

majority class is relatively high compared to the rest.
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gulel: 1f ROOF is “TH’ (Thached) and TIMEX is ‘<= 138068 and if RSTART = i
N’ (in migration) in which the individual is registered for the study is then the status :
is

ore dicted as “Alive’ (will survive) highly likely.

Rule2: However, If ROOF is “TH’ (Thatched) and TIMEX is ‘<= 1380.978386" and if
RSTART is “MU’ (multiple change) and YEND is within *1995.5-1997") the individual

involves at the study area is then their status is predicted as ‘Dead’ (will not SEvive)

Rule3: However, If ROOF is *“TH’ (Thatched) and TIMEX is ‘<= 1380.978386" and if
RSTART = is ‘XX’ (join between 1995131 and 20050101) and RELIG is ‘MU
(Muslim), and if MARITAL is “TY" (too young) then individuals in the study are highly

likely Dead (will not survive).

Ruled: Those individual However, If ROOF is ‘TH’ (Thatched) and TIMEX is “<=
1380.978386" and if RSTART = is ‘XX’ (join between 1995131 and 20050101) and
RELIG is ‘OC’ (Orthodex), and if AGE is ‘<=10.5" and ‘52.5-63" is then the individuals

have high chance not to survive for the study.

Rules: If ROOF is ‘TH’ (Thatched) and TIMEX is ‘<= 1380.978386' and if RSTART =
is *XX’ (join between 1995131 and 20050101) and RELIG is "MU" (Muslim), and if
MARITAL is “NM’ (never married) and EDUCAT is ‘UK’ if ENVIR is * H' (highland)
then individuals in the study are highly likely Dead (will not survive) whereas if ENVIR

is * L' (lowland) then individuals will survive in the study area.

As it is observed from rules 1 to 5 above, mortality is associated with types of roof

educational background, age of the

n with inmigration.

Teason start the episode, days exposed for episode,

individuals, individuals religion, year end the episode, and eve
attributes used to construct those

: i i by rules is
rules, the association of the attributes with the predicted class predicted b3 .
ain experts and reports of previous

To determine the importance of the above rules and the

¢valuated based up on comments given by dom

research works.
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T

ifit is possible it is better to experiment these variables usi

However, the researcher is restricted to perform ﬁm:: using association rule discovery

this research work. Hence the researcher has recomm r study due to time constraint fc:x

next chapter of this thesis for concerned bodies or m:c‘d:::swﬁmher experiment in the
validate the relevancy of

the attributes.
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CHAPTER SIX

CONCLUSIONS AND RECON[N[ENDATIONS
6.1 Conclusion

n this research an attempt is made to investigate the possible application of data Mining
iechnology in developing a model that can support for identifying the patterns of vital
event. Result of the research is an important milestone in placing appropriate
interventions rules and regulations that can minimize the burden of public health
problems. Furthermore, the very interesting and unknown characteristic of the mined

result is igniting further researches to be embarked by public health and IT professionals.

Machine intelligence algorithms are improving as the number of data mining tools
and algorithms increase. Healthcare data is a good test bed for data mining. A great
deal of data in health care is still being gathered and organized using pen and
paper. In this research, we have used the BRHP database as the experimental study
that consists of 25 attributes and 66,123 cases sampled (95,220 cases after SMOTE)

from 236,549 cases.

In this research J48 decision tree algorithm is applied. The main aim of this research is to

identify the best performing scenario of data mining the technique with knowing the most

determining factor/attribute for the given dataset of the research.

Several models are developed as experimental analysis to outperform some of the J48

parameters. The models built allow us more flexibility with our output and can be m0|"c
powerful weapons in our data mining arsenal. Most of the models developed is

i consideration. As
tomparable and have closer performance accuracy for the issue under

90.30% predictive accuracy is

of the test data represents the
d classification in

We can see from experiment (scenario) 7 in figure 3.4,

Obtained for the selected best model. That means 90.30%
' : . ion an

Mmajority class of the training set. The time required for computz®

this method is minimal.
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In this research, the prediction rate of the J48 algorithm has revealed that mining the vital
statistics data in BRHP is possible or applicable with 90% accuracy, To achieve for this
performance accuracy use SMOTE that provides a new approach 10 the given data set
The results show that using the SMOTE approach can improve the scourscy of classifiers

for a dataset.

Hence it is possible to conclude that the vital statistics data (death or mortality dataset)
can be predicted by the application of classification technique (J48 decision tree
algorithm) given the limitation of this study. In general, the result from this study is

encouraging.
6.2 Recommendations

There are a number of different data mining algorithms that produce model 1o extract
“ules that can be used in decision support system. In addition to these algorithms, an
application of SMOTE to data mining is important when class imbalance occurs in the
target attribute to be predicted. There are also several topics to be considered further in

this line of research.

A possibility for future work could be to implement & local database for the analysis
where user can input data directly into their analysis, and based on the rule set, can
deliver the answer back. That means classification can be done using all stored dataset in
the database of the BRHP. This can be a handy tool for health practitioners (if possible to

implement).

s an academic practical exercise, is should be considered as a
dnlnhinimhnlontaﬂr
result obtained, the rescarcher
and future works.

As this research work i
preliminary effort to give insight into the application of
specified area of the research problem. Based on the
forwards the following recommendations for policy makers

y the modelblﬁltmdnebcﬁﬂ&dmew”?
ofhdividull’smmm

» It is important to deplo
as a primary decision support in the identification

and grouping patterns.
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APPENDICES

Annex A: Sample BRHP dataset prepared for model building
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Annex B: A partial decision tree generated for BRHP dataset
J48 pruned tree

ROOF =TH
| TIMEX <= 1380.978386
| | RSTART = IN: Alive (4001.0/402.0)
| | RSTART=MU
| | | YEND= '(-inf-1988.7]": Dead (132.0)

| | YEND ='(1988.7-1990.4]" Dead (311.0)
| | | YENDS '(1990.4-1992.1] Dead (555.0)

| | YEND ='(1992.1-1993.8]" Dead (730.0)
| | | YENDS '(1993.8-1995.5]": Dead (1 134.0)
| | | YEND* '(1995.5-1997.2]": Dead (2401.0/35.0)
| | | YEND= '(1997.2-1998.9]': Dead (3754.0/65.0)
| | | YEND= '(1998.9-2000.6]'
' | RSTART = XX
| | | RELIG=MU

| | | MARITAL = UK: Dead (61.0/25.0)

| MARITAL = MO
| | EDUCAT= UK: Dead (1276.0/122.0)
| | EDUCAT =NO
| | EDUCAT = PR: Alive (15.0/3.0)
| | EDUCAT= SE: Alive (2.0)
| MARITAL = TY: Dead (2100.0/239.0)
| MARITAL = NM
| | EDUCAT =UK
| | | | ENVIR=H:Dead (257.0/94.0)
I ENVIR = U: Alive (1.0)
| | | | ENVIR= L: Alive (153.0/59.0)
| | EDUCAT = NO: Alive (161.0/30.0)
| | EDUCAT= PR: Alive (16.0/3.0)
| | EDUCAT= SE: Alive (3.0)
| MARITAL = WI: Dead (621.0/51.0)
| MARITAL = PO: Dead (123.0/53.0)
| MARITAL = DI Dead (25.0/10.0)
| MARITAL = SE: Dead (12.0/4.0)
RELIG = OC
AGE ='(-inf-10.5]" Dead (47.0/19.0)
AGE ='(10.5-21]': Alive (129.0/52.0)
AGE ='(21-31.5]" Alive (138.0/19.0)
AGE ='(31.542]" Alive (67.0/15.0)
AGE = '(42-52.5]" Alive (51.022.0)
AGE ='(52.5-63]" Dead (41.0720.0)
AGE = (63-73.5]" Dead (50.0/12.0)

I
I
I
I
I
|
I
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|
I
I
|
I
|
|
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|
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|
|
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I
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i
|
|
||
l
|

|
l
l
l
|

|| AGE ='(73.5-84]": Dead (33.0/8.0)
' | | | AGE ='(84-inf): Dead (28.0/2.0)
| | | RELIG = UK: Dead (84.0/33.0)

|
h

l
|
|
|
'|
1

|

|
|
l
|
|

RELIG = CH: Alive (91.0/25.0)
RELIG = OT: Alive (1.0)

RSTART =S8T

AGE ='(-inf-10.5]'": Alive (0.0)
AGE ='(10.5-21]": Dead (299.0/70.0)
AGE ='(21-31.5]'

| AGE ='(31.5-42]'": Alive (384.0/83.0)

AGE = '(42-52.5]": Alive (162.0/70.0)
AGE ='(52.5-63]": Dead (130.0/55.0)
AGE = '(63-73.5]": Dead (108.0/39.0)
AGE = '(73.5-84]'": Dead (107.0/27.0)
AGE ='(84-inf)': Dead (94.0/15.0)

RSTART = MO

|
l
l
l
1
l

YEND = '(-inf-1988.7]': Dead (3.0)

YEND = '(1988.7-1990.4]": Dead (10.0)
YEND = '(1990.4-1992.1]': Dead (12.0)
YEND = '(1992.1-1993.8]': Dead (8.0)

YEND = '(1993.8-1995.5]": Dead (14.0)
YEND = '(1995.5-1997.2]': Dead (50.0/21.0)
VEND = '(1997.2-1998.9]': Dead (47.0/18.0)
VEND = '(1998.9-2000.6]': Alive (287.0/55.0)
YEND = '(2000.6-2002.3)': Alive (88.0/14.0)
YEND = '(2002.3-inf)': Alive (259.0/13.0)

RSTART = LI: Alive (426.0)

| | RSTART =RO: Dead (19.0/9.0)
| | RSTART = WA: Dead (0.0)
ROOF = CO

TIMEX <= 1377
| RSTART = IN: Alive (1637.0/55.0)
| RSTART =MU: Alive (1557.0/258.0)

RSTART = XX

|
|
i
|
|
I

| | AGE = '(-inf-10.5]" Alive (49.0/22.0)
| | AGE="'(10.5-21]" Alive (156.0/37.0)

AGE = '(21-31.5]: Alive (165.0/18.0)
AGE = '(31.5-42]'; Alive (82.0/14.0)
AGE = '(42-52.5]': Dead (56.0/27.0)
AGE = '(52.5-63]": Alive (25.0/9.0)
AGE = '(63-73.5]': Dead (27.0/6.0)
AGE = '(73.5-84]": Dead (20.0/5.0)
AGE = '(84-inf): Dead (12.0/2.0)
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