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ABSTRACT 

Background: The fast-growing, tremendous amount of data, collected and stored in large and 

massive data repositories, has far exceeded human ability for comprehension without powerful 

tools. As a result, data collected in large data repositories become seldom visited. This in turn, 

calls the application of data mining technology. Every year, more than 7·7 million children die 

before their fifth birthday. However, over three times those of nearly 24 million adults die every 

year. Less attention has been given to adults which are the most productive phase of life for both 

economic and social ramification of families and countries. 

Objective: The general objective of this research is to construct adult mortality predictive model 

using data mining techniques so as to identify and improve adult health status using BRHP open 

cohort database. 

Methods: The hybrid model that was developed for academic research was followed. Dataset is 

preprocessed for missing values, outliers and data transformation. Decision tree and Naïve Bayes 

algorithms were employed to build the predictive model by using a sample dataset of 62,869 

records of both alive and died adults through three experiments and six scenarios.  

Result: In this study as compared to Bayes, the performance of J48 pruned decision tree reveals 

that 97.2% of accurate results are possible for developing classification rules that can be used for 

prediction. If no education in family and the person is living in rural highland and lowland, the 

probability of experiencing adult death is 98.4% and 97.4% respectively with concomitant 

attributes in the rule generated. The likely chance of adult to survive  in completed primary 

school, completed secondary school, and  further education is (98.9%, 99%, 100%) respectively.  

Conclusion: The study suggests that education plays a considerable role as a root cause of adult 

death, followed by outmigration. Further comprehensive and extensive experimentation is 

needed to substantially describe the loss experiences of adult mortality in Ethiopia.  

Key words: BRHP data, Mortality, Adult, predictive model, J48 decision tree, Data Mining. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background  

1.1.1 Health care practice and Butajira rural health programme 

Living long is a much desired aspiration by everyone. This is because living is not only as a state 

of being itself valued, but also it is a necessary requirement for carrying our plans that we have 

reason to value [1]. Promoting health, preventing disease and prolonging life are important 

focuses of public health care practice. It is concerned with addressing threats to the overall health 

of a community through health care planning and intervention. In the broad field of public 

health, epidemiology is concerned with identification of underlying factors with the goal of 

improving health of the population through identifying the cause of death i.e. chain of factors 

that have given rise to an immediate medical conditions [2, 3].   

 

Understanding this phenomenon has an important implication in terms of health promotion, 

disease prevention and treatment of illness by intervening at different levels of factors that helps 

to avoid unnecessary and the unfinished death among the population [3]. However, such 

conceptualization of promotive and preventive aspects of health care depend on  population 

based analysis which usually needs timely, accurate, complete and adequate information on 

demographic characteristics and predisposing factors of health problems in the population [2]. 

 

In most developing countries including Ethiopia, because deaths are unregistered and nearly all 

take place outside health facilities, it is difficult to identify the causes of death among different 

population groups [3]. Consequently, provisions of appropriate interventions and evaluations 

become a difficult task [3]. This is mainly due to lack of accurate knowledge on complete vital 

registration systems of the event [4]. Thus, adult mortality levels and trends in the developing 

countries become hampered.  As a result of the absence of systematically organized registration 

of vital events in developing countries, adequate and reliable health information is often lacking 

[5, 3]. Hence, health service planning and utilization become limited both at national and 
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regional levels. Therefore, population studies can fill this gap of data inadequacy and problem of 

health care utilization in developing countries. This in turn calls longitudinal population based 

studies to generate sound data on morbidity, mortality, and fertility through DSSs (Demographic 

surveillance systems) [6, 7]. 

DSSs have been established during the past 30 years in a number of field research sites in 

various parts of the developing countries where routine vital registration systems were poorly 

developed or nonexistent [3]. In Ethiopia, such a trends were established and data collection on 

vital events like death, birth, and related research has been conducted for the last 22 years (1986-

2008) [3]. This is mainly to track a limited and common set of key variables that deal about 

population dynamics and demographic trends. Therefore, DSSs has an approach to define key 

variables with their relationships and a developed system for collection, storage and analysis of 

surveillance data [8]. 

  

BRHP (Butajira Rural Health Programme) has been established in 1986 as an epidemiological 

study that approaches to identify major variables and their relationship [6]. It is a set of field and 

computing operations to handle the longitudinal follow up of well defined entities (individuals, 

households, and residential units) and all related demographic and health outcomes within a 

clearly circumscribed geographic area [6]. Provision of up to date epidemiological information 

system to improve primary health care management and decision-making, particularly at district 

level is an ultimate aim of the program [2]. Events registered by the BRHP are birth, death, 

marriage, new household, out-migration, in-migration, and internal move (migration within the 

BRHP surveillance villages) [5, 8]. National and international publications and scientific 

conferences are the main routes of dissemination of information. 

  

1.1.2   Data mining and the health care 

The practice of using concrete data and evidence to support medical decisions has existed for 

centuries. For example, in 1839, William Farr took responsibility for medical statistics in the 

office of the registrar general for England and Wales. He extended the epidemiologic analysis of 

morbidity and mortality data, looking at effects of marital status, occupation, and altitude [9]. 

John Snow used maps with early forms of bar graphs in 1854 to discover the source of cholera 
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that resulted to death and prove that it was transmitted through the water supply [10].  Florence 

Nightingale invented polar area diagrams in 1855 to show that many army deaths could be traced 

to unsanitary clinical practices and said that it is preventable [10]. Farr, Snow and Nightingale 

were able to personally collect, sift through and analyze the mortality data during their times 

because the volume of the data was manageable. 

Nowadays, the fast-growing, tremendous amount of data which is collected and stored in large 

and numerous data repositories has far exceeded human ability for comprehension without 

powerful tools [11]. As a result, data collected in large data repositories become seldom visited. 

Consequently, important decisions are often made not based on the information-rich data stored 

in data repositories rather on a decision makers‟ intuition. This is due to decision makers lack the 

tools to extract the valuable knowledge embedded in the vast amounts of data [11].  

 

Though knowledge is a significant asset of any organization especially for information 

technology driven societies, today, the size of the population, the amount of electronic data 

gathered along with globalization and the spread of disease outbreaks and epidemics make it 

almost impossible to accomplish with traditional tools due to the size of the data appearing. As 

the volume of data increases, it is also difficult to use statistical tools to discover unanticipated 

complex relationship in real-world database [10, 11].  

 

To explore unanticipated complex relationships in non-linear data property in which the 

epidemiological tools are inefficient and unable to discover new and interesting patterns, data 

mining has evolved as a new technique and methods to evaluate, analyze, search and discover 

new patterns and relationships hidden in large database [10].  

 

This is where data mining becomes useful to health care and health related activities so as to 

explore hidden knowledge from the real world database that consist records with a complex 

relationship between/among variables [11]. Though data mining and its application to medicine 

and public health is a young field of study, it is becoming a popular and increasingly applied to 

tackle various medical problems through discovering the hidden patterns in health care industry.  

Data mining provides automated pattern recognition and it attempts to uncover patterns in data 

that are impossible to detect with traditional statistical methods. 
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People refer to data mining as the process of acquiring information, where as others refer data 

mining as utilization of statistical techniques within the knowledge discovery process but 

generally, data mining today is the set of procedures and techniques for discovering and 

describing patterns and trends in data [10]. Han and Kamber [11] mentioned that data mining 

tools perform data analysis and may uncover important data patterns, contributing greatly to 

business strategies and knowledge bases as well as scientific, social and medical research areas. 

 

Data mining tasks are in general classified in to two main categories: predictive and descriptive 

data mining [12]. Predictive modeling is one of the data mining tasks that allow learning a 

mapping from an input set of vector measurements to a scalar output in which the training data 

consists of pairs of measurements. The goal of predictive modeling is to estimate (from the 

training data) a mapping or a function that can predict a value given an input vector of measured 

values and a set of estimated parameters for the model [10, 13]. The second category of data 

mining function is descriptive mining task used to characterize the general properties of the data 

in the database [11].  

         1.1.3. Importance and challenges of data mining  

There is a vast potential for data mining applications in healthcare [10]. Such as evaluation of 

treatment effectiveness, management of healthcare, customer relationship management, detection 

of fraud and abuse are some of the health care area where data mining is needed. In public health 

care, data mining has a sound importance such as data overload: in this case data mining are 

best-suited for a wealth of knowledge in medical health records; policy-making in public health: 

it helps to discover patterns among health institutions that lead to policy recommendations and 

better performance in decision-making; early detection and prevention of diseases is another 

importance for instance classification algorithms of DM (Data Mining) help in the early 

detection of disease like heart disease and  use  as a tool to aid in monitoring trends in the clinical 

trials, non-invasive diagnosis and decision support.  

 

With this regard, data mining aids provision of sophisticated treatment for clients through 

avoiding invasive, costly and painful diagnostic and laboratory procedures. Data mining 
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algorithms have a better predictive performance. For example, biopsy in women to detect 

cervical cancer; early detection, public health policy formulation and management in pandemic 

diseases; discovery of knowledge about drug side effects from the large medical database that 

helps to prevent patients from adverse effects of drugs are some of the data mining application  

in health care sectors [10].  

 

Though data mining applications greatly benefiting the health care industry, there are some 

challenges in data mining [10]. Some of these are  first,  health care data mining can be limited 

by the accessibility of data because the raw inputs for data mining often exist in different settings 

and in different formats; second: data problems may arise in data mining application like missing 

values, noises, inconsistent or non-standardized data;  another challenge is a large datasets  with 

many variables will certainly yield random fluctuations i.e. many patterns and relationships that 

may not be useful for domain area; finally, data mining applications in  health care organizations 

need a substantial investment of resources, particularly time, effort, and money otherwise it ends 

with failure.  

 

There are research works performed in Ethiopia on the application of data mining technologies in 

different area. Shegaw [7] conducted application of data mining technology to predict child 

mortality patterns, Amanuel [14] applied data mining techniques to predict household health 

seeking patterns. Taddesse [15] applied data mining techniques to discover knowledge that can 

be used to gain insights in to vital statistic aspects. Helen [16] conducted application of data 

mining technology to identify significant patterns in census or survey data, the case of child labor 

survey Federal Democratic Republic of Ethiopia Central Statistics Authority. Although mortality 

was investigated in earlier studies, exploration on adult predictive model has not yet been 

attempted. In this thesis, we explored data mining technology to build a model that extracts the 

mortality experience of adults through middle age (15-60) over a period of 22years. 

 

 

________________________ 

1    
Dataset is a file of related records held on computer. 
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1.1.4      Adult mortality conditions 

Adult mortality is the probability that a 15 years old person will die before reaching his/her 60th 

birthday or probability of dying between 15 to 60 years per 1000 population [4, 17]. Mortality is 

considered as the most basic health outcome indicator [3]. In particular, age specific mortality is 

a widely used indicator to measure health status of the population and used to compare mortality 

across population groups. In a given population, adults comprise the great majority of the labor 

force, and it is to be expected that adult ill health and death have a deleterious effects on the 

productivity and well being of the population groups since adult women and men are considered 

as care providers of both family and community [3].   

 

Every year, more than 7·7 million children die before their fifth birthday; however, over three 

times of 7.7 million of adults i.e. nearly 24 million die under the age of 70 years [18]. The risk of 

a 15-year-old dying before reaching 60 years of age is 12% for men and 5% for women in 

developed countries where as the risk of dying is double in developing countries which is 25% 

and 22% for men and women  respectively [3].  

 

In Ethiopia, despite a major progresses that have been made to improve the health status of the 

population for the last one and half decades, people still facing a high rate of morbidity and 

mortality and the health status of population is remained poor [21]. The pyramidal age structure 

of the population has remained predominately young i.e. over half (52%) of the population is in 

the age group of 15 and 65 years [21]. 

 

Though adults are care providers and risk takers of a society, reports indicate that adult mortality 

condition are not given much emphasis. This is due to a widespread perception that mortality 

among adults is low [3]. The increase in adult population and related changes in population 

health that follow demographic shift should note attention for adult health. However, there has 

been much less global health focus on the health and survival of adults; this in turn calls planners 

and policy makers to do advocacy efforts on prevention of premature adult death and routine 

monitoring of adult mortality [20]. 
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Interest in adult mortality has been intensified through the MDG (Millennium Development 

Goals). MDG5 declaration on maternal health focuses on one of the important causes of death in 

women aged 15–49 years to track its goal. In order to attain the millennium promise regarding to 

adult health particularly, maternal mortality ratio, adult female mortality rates are pledged as an 

essential component of the measurement [18].  

 

Recognizing adult death as a crucial concern for global health, nations at the millennium summit 

adopted the millennium declaration concerning on causes of adult death which are important 

components of MDGs 5 and 6. Pledges of emphasis on adult health is due to adult mortality has 

received little policy attention, resources and monitoring efforts [18].  

 

The HSDPIV (Health Sector Development Program) of Ethiopia states that preventive care for 

adults is a key intervention and strategy to health system [21]. Therefore, monitoring progress 

towards achievement of MDGs that targets combating disease in promotion of health is crucial. 

Especially, creating a predictive model for adult mortality pattern with associated predictors is 

vital in order to hasten adult health within the context of the national pledges and to inform 

planning, programming and to guide advocacy efforts on adult health. 

 

Thus, applying the data mining techniques is intended to address multifarious problem associated 

with adult health and to extract useful knowledge from the Epidemiological database of BRHP. 

Exploring data mining technology to predict the risk of adult mortality based up on community 

based epidemiological datasets
 
gathered by the BRHP study is considered as the main task to 

build predictive model after identifying socio-demographic and other relevant predictors that are 

associated with adult mortality.  

1.2   Statement of the Problem  

The disease burden from communicable and non-communicable diseases among adult is rapidly 

increasing in developing countries due to ageing, health transitions and some other predictors of 

adult death [4, 17]. With a life expectancy of only 46 years, Ethiopia unfortunately is one of the 

countries with highest adult mortality rates in the world [22].  
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The reason for reversal in the adult life expectancy in Africa and some of the developing nations 

is due to premature adult deaths and the wide gap of ranges in developed and developing 

societies [23]. Death among adult accounts almost 12 fold mortality gaps between developed 

world and developing world [23]. These gaps possibly can be narrowed through improving life 

expectancy of the adult through tackling likely cause of adult death. In Ethiopia adult mortality 

rate per 1000 population is 487 for males and 422 for females [24].  

Though the condition is differing in various studies, adult mortality is high as compared to other 

countries and still needs special emphasis to reverse the conditions [20]. Among the mortality 

indicators, cause of death is one of the most highly problematic, especially for developing 

countries [25]. Tracking change in the basic outcome of adult health is important for assessing 

progress, improving interventions, and driving further investment [18].  

Various studies have been conducted on adult mortality conditions using the BRHP 

epidemiological surveillance data. Mitike et al. [26], shows that lowland residents encountered 

the highest mortality rates, and malaria was the most common of the family reported cause of 

deaths. According to Mitike et al., high mortality among adult was associated with living in the 

rural areas, particularly in the lowlands and using un-piped water sources for daily life. In 

addition, the study [26] also states that survival is associated with improving socio-economic 

conditions and accessibility of the health services in the area.   

 

Another study conducted in Butajira by Yemane et al. [24] reveals that potential markers of 

epidemiological transition like literacy, source of water, distance from Butajira town, house 

ownership, age group, sex, and period are risk factors for mortality. The global pattern of adult 

morality  also indicates that that socioeconomic condition is an important determinants of adult 

survival i.e. the income levels of the populations has direct relationship with adult survival [19]. 

 

Accordingly, there are studies using data mining to explore patterns from BRHP data. Shegew 

[7] applied data mining techniques to predict the risk of child mortality in the area. Amanuel [14] 

also conducted a research in the area by using data mining techniques in order to predict 

household health seeking patterns using BRHP dataset. His intention was to develop a model that 

identifies risk factors and patterns of household health seeking behavior at Butajira district. 
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Recently, Taddesse [15] also applied data mining techniques to discover knowledge to gain 

insights in to vital statistics using 18 years BRHP data. 

 

Knowledge from the bulk of data on trends, in age, gender, geographic variations, and burden of 

disease remains hidden. Inattention of population based information constitutes a major and 

long-standing constraint on the articulation of effective policies and programs. Therefore, 

improving the health of the poor through addressing the problem at the source that perpetuates 

profound inequities in health is becoming vital. 

 

These days, the size of the BRHP database keeps on growing year after year makes it almost 

impossible to accomplish the desired business objectives using traditional statistical and 

visualization tools. This is where data mining methods and techniques are becoming useful to 

health care. One of the greatest triumphs of data mining is anticipating the future by discovering 

the hidden knowledge with in the huge dataset. 

 

Though varies studies have been conducted using epidemiological tools and data mining 

technology, all the available knowledge in the area are insufficient to solve the problem of the 

age-specific adult mortality as it is becoming an important indicator for the comprehensive 

assessment of the mortality pattern in a population. Therefore, the absence of significant attempts 

that has been made so far to carry out investigation using data mining techniques on adult age 

group rationalizes the relevance of this research work.  

 

Therefore, this study aims to construct adult mortality predictive modeling by extracting hidden 

pattern and knowledge related to adult death based on BRHP open cohort database. Identifying 

major determinants and risk factors for adult death helps to alleviate adult mortality problem and 

helps to limit the loss of the productive group.  

 

Hence, this study attempts to explore and answer the following basic research questions. 

 What are the major attributes to consider in applying data mining for adult mortality 

prediction? 
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 Which data mining technique is more appropriate to construct adult mortality 

predictive model that can be used in adult mortality prediction? 

 What are the optimal variables and determinant factors that lead to adult death in the 

area of Butajira district? 

1.3      Objective of the Study 

1.3.1 General objective 

The general objective of this research is to construct adult mortality predictive model using data 

mining techniques so as to identify and improve adult health status using BRHP open cohort 

database. 

1.3.2 Specific objectives 

In order to accomplish the general objective, this study has carried out the following specific 

objectives: 

 To understand the problem domain by reviewing literatures and documents on adult 

mortality, thereby to extract and to prepare the dataset required for mining from the 

database of BRHP. 

 To prepare good quality dataset for analysis by applying preprocessing tasks such as data 

cleaning, data transformation and attribute selection. 

 To build a predictive model using data mining tool and techniques on cleaned BRHP 

epidemiological data. 

 To test the performance of the model using test set and validate mining results with 

domain experts. 

1.4     Scope and Limitation of the Study  

The scope of the research is delimited to one of the rural health program at Ethiopia centered at 

Butajira DSS. The research is aimed to apply data mining techniques for discovering significant 

knowledge using BRHP data and build a model that predicts the status of adult mortality through 

identifying dominant factors related to cause of adult death in the area. 

 

 The inclusion criterion of this study is records of adults whose age group is 15-60 years and the 

exclusion criterion of this research work is adults whose age group is below 15 years and age 
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above 60 years. The inclusion criterion follows the agreement of adult age group from 15-60 

years by scientific community [4, 17]. 

 

The major limitation of this research is, due to time limitation the researcher is unable to apply 

association rule discovery techniques to investigate the internal association exists among the 

different variables considered in this research.  

1.5    Research Methodology 

Research methodology explains how the data is collected and analyzed so as to answer the basic 

research questions. This step of the research contains what research methods are going to be 

used, the choice of the study design and a strategy of data collection, management and analysis. 

The method used to attain the desired goal in one particular study is one of the important tools in 

an academic research.  

1.5.1    Research design  

The study is aimed to uncover hidden patterns in the data records using data from BRHP 

database. This study follows Hybrid methodology of KDP (Knowledge Discovery Process) [27] 

to achieve the goal of building predictive model using data mining techniques. Hybrid Process 

model is selected since it combines best features of CRISP (Cross-Industry Standard Process for 

Data Mining) and KDD (Knowledge Discovery in Data base) methodology to identify and 

describe several explicit feedback loops which are helpful in attaining the research objectives. 

KDP is defined as the nontrivial process of identifying valid, novel, potentially useful, and 

ultimately understandable patterns in data [27].  

 

In addition to these, it is becoming more popular in different settings in knowledge discovery 

process like medicine and software development areas [27]. For example, development of 

computerized diagnostic systems for cardiac SPECT images, analysis of data concerning 

intensive care, cystic fibrosis, and image based classification of cells are some of the area where 

hybrid model is widely used [27]. 
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As depicted in Figure 1.1 Hybrid methodology basically involve six steps such as problem 

domain understanding, data understanding, data preparation, data mining, and evaluation and use 

of discovered knowledge [27].  

 

 

Figure 1.1 Data Mining Model Used in this Research 

 

The initial step in the hybrid model is problem domain to define the problem and determine the 

research goals and learning about current solution to the problem. It also involves learning 

domain-specific terminology and preparation of a description of the problem, including its 

restriction. Finally the research goals are translated in to data mining goals and initial selection of 

data mining tools or data to be used later in the process is performed.  

This is followed by data understanding step which includes collecting sample data and deciding 

which data, including format and size, are  needed. 
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The third step is data preparation which concerns deciding about the data used as input for DM 

methods in the subsequent steps. The cleaned data may be further processed by feature selection 

and extraction algorithms. The end result is a good quality data that meets the specific input 

requirements for the data mining tools selected.  

During data mining the data miner uses various data mining techniques such as classification, 

clustering and association rule discovery to derive hidden knowledge from preprocessed data. 

This step creates predictive and/or descriptive models. The discovered knowledge is evaluated 

for understanding the result, checking whether the discovered knowledge is novel and 

interesting, interpretation of the results by domain experts, and checking the impact of the 

discovered knowledge. Finally there is a need to plan where and how to use the discovered 

knowledge. A plan to monitor the implementation of the discovered knowledge is created and 

the entire research is documented.  

Table 1.1 shows the summary of tasks and methods used at each phase of the hybrid 

methodology. 
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Table1.1 Summary of Phases and Tasks of Hybrid Model 

Phases Descriptions 

Phase 1: 

Domain 

Understanding 

Discussion with domain experts has been  used as the main source and 

reviewing different documents, books, journals and articles that focus on data 

mining techniques in health care were used as supporting sources.  

Phase 2: 

Data 

understanding 

This stage is creating a target dataset focusing on a subset of variables to get 

data samples on which discovery aimed to solve the problem. Relevance 

analysis was done using different des descriptive statistics like data 

visualization. Data incompleteness, redundancy, missing values and noises in 

data are observed. Finally, this phase verify the usefulness of the data with 

respect to the data mining goals. 

Phase 3: 

Data preparation 

This phase is concerned on deciding to make data ready which is used as input 

for data mining process. To this end, data cleaning (such as filling missing 

values, detecting outliers) and data transformation are performed using 

statistical techniques with the help of SPSS tool. 

Phase 4: 

Data Mining 

techniques 

Data mining algorithms and techniques were experimented for searching 

interesting patterns and creating predictive model using J48 decision tree 

algorithm and Naïve Bayes classifier. Weka is used for experimentation. 

Phase 5: 

Evaluation of 

the knowledge 

 

Checking whether the discovered knowledge is novel and interesting and 

interpretation of the results by domain experts. The performance of the 

predictive model created in this study is also measured using accuracy and 

ROC (Receiver Operating Characteristic) area. 

Phase 6: 

Use of 

discovered 

knowledge 

 

Different strategies are used to disseminate the discovered knowledge. First: 

the final report of this research was presented and submitted to School of 

Information Science and Public Health, Addis Ababa University. Second: the 

result is also be sent for publication to international and/or local journals for 

publication. 

 



15 
 

1.6     Significance of the study 

Primarily, the research work has an explicit significance in development of knowledge for the 

researcher and uses as a benchmark for interested researchers to explore the issues in the area.  

Information on adult mortality rates and causes of death is clearly important to inform regional 

and national health police and other stakeholders who are collaboratively doing on adult health to 

monitor the impact of interventions and progress towards millennium development goals. 

 The outcome of the study provides hidden knowledge by extracting large volumes of data and a 

model uses to predict the risk of adult death by realizing the hidden features from BRHP dataset 

which contains socio-demographic, causal and other related factors.   

 

Moreover, the study gives a clue on how the death of adults in their prime productive years is 

affecting household behavior and welfare and also helps to mitigate the impact of adult mortality 

in the rural community and enhances business goal by indicating where the emphasis of adult 

health services might be focused to reduce adult mortality by taking proactive knowledge-driven 

decisions. This further scales up adult health improvement issues through guiding to prevention 

policies and programmes. 

  

The study has a paramount importance for FMoH (Federal Ministry of Health) and other non-

governmental organizations to plan and implement health services focused on adult health 

strategies so as to mitigate the death attributed by avoidable factors through implementing the 

extracted rules form the experimentation.   

1.7 Ethical Considerations  

The research does not require personal identifiers like name and ID of the individuals about 

whom the data is collected.   

The research is fully used for academic purpose; ethical clearance was obtained from School of 

Public Health and Information Sciences. The outcome of the study is supposed to contribute to 

public health promotion in rural Ethiopia. Hence, the research work does not expose anybody to 

be harmed in any way. 
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 1.8 Organization of the Thesis  

The research work is organized in to six chapters. The first chapter deals with aim of health care 

practice, background of BRHP, introducing the burden of adult mortality conditions, statement 

of the problem, objective of the study, methodology, scope of the study, limitation of the study 

and significance of the research work.  

The second chapter discusses briefly about data mining and its techniques, methods and 

algorithms. Application of data mining in health care and some related works with adult 

mortality condition in relation with burden of adult mortality in developed and developing 

countries and associated factors with adult death were also addressed in this section. 

 

The third chapter mainly focuses on how the research conducted including what procedures are 

followed to understand the problem, collect, and analyze the data, build and test the models. 

Generally, the way how data preprocessed, the model and method used in this research work, and 

the algorithm selected were discussed in detail in this chapter.                                         

Chapter four attempted the first two steps of hybrid model (problem domain understanding and 

data understating) to address the driving force of adult mortality through understanding the 

business area. It also shows the task done to generate the good quality dataset ready to apply data 

mining tools and techniques. Therefore, preprocessing tasks including data cleaning, 

transformation and attribute selection are discussed. 

Chapter five presents the experimentation done, performance evaluation and the analysis of the 

result using classification techniques in data mining with selected algorithms  

At the end, chapter six provides concluding remarks and recommendation to show further 

research directions.   
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CHAPTER TWO 

LITERATURE REVIEW 

Nowadays, data mining application is becoming highly visible tools in many fields like e-

business, marketing and retail, medicine and public health. It has led to the popularity of its use 

in knowledge discovery and extraction of interesting patterns from huge amount of data [28]. 

Tremendous amounts of medical data are generated every day from individual research efforts, 

clinical practices, community surveillance and reports from different medical setting like 

laboratory results and patient records. These data are available in hundreds of public and private 

databases. Thus, researchers and practitioners are now facing the problem of data overload. 

These data need to be effectively organized and analyzed in order to extract useful knowledge 

for sound decision making [28]. New computational techniques are needed to manage these large 

repositories of data and extract complex relationship in data which is difficult to analyze by 

traditional statistical tools. This is the main reason why data mining as a new information 

technology technique is emerged [28]. 

2.1  Overview of Data Mining   

Data mining is used intensively and extensively by many fields like agriculture, education, 

business etc [11]. It has also multi-effects in medicine; for example, it can help healthcare 

industry to make customer relationship management decisions, physicians to identify effective 

treatments and best practices, and patients to receive better and more affordable healthcare 

services [29].  

 

Due to voluminous and too complex amounts of data generated by healthcare transactions in 

different setting, the application of traditional tools become inefficient to discover useful 

information from such a huge data. This, in turn calls data mining that enables to explore the 

information buried in the data and creates models to find hidden patterns in large and complex 

collections of data which overwhelms traditional methods of data analysis because of the large 

number of attributes and the complexity of patterns [30].   
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Though there is some confusion about the term „data mining‟ with knowledge discovery, and 

knowledge discovery in databases, many researchers and practitioners use data mining as a 

synonym for knowledge discovery. Others view data mining as simply an essential tool in the 

process of knowledge discovery process [27]. There are several definitions for data mining, but 

the following are the most used ones by the scientific community: 

− Data mining refers to extracting or mining knowledge from large amounts of data [11] 

− Data miming is the exploration and analysis of large quantities of data in order to 

discover meaningful patterns and rules [11]. 

− Data mining is the analysis of large observational datasets to find unsuspected 

relationships and to summarize the data in novel ways that are both understandable and 

useful to the data owner [10]. 

− Data mining is the search for new, valuable, and nontrivial information in large volumes 

of data [12]. 

− Data mining is a process that uses algorithms to discover predictive patterns which is   

useful, previously unknown knowledge by analyzing large and complex datasets [31]. 

− Data mining can be defined as the process of finding previously unknown patterns and 

trends in databases and using that information to build predictive models [29]. 

 

Many other terms carry a similar meaning to data mining such as knowledge mining from data, 

knowledge extraction, data or pattern analysis, data archaeology, and data dredging [11]. In 

summary, data mining is a technology that is used to explore the hidden knowledge/pattern from 

huge dataset. 

2.2. Methodology of Data Mining Research  

One of the greatest strengths of data mining is reflected in its wide range of methodologies and 

techniques that can be applied to a host of problem sets [12]. Data mining tools perform data 

analysis and uncover important data patterns, contributing greatly to different business strategies 

including medical researchers. The widening gap between data and information calls for a 

systematic development of data mining tools that will turn data tombs into golden nuggets of 

knowledge. Thus, patterns and knowledge from data mining is using for sound judgment and 

proactive decision making in different organization including health care sectors. 
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Broadly used methodologies in data mining are KDD (Knowledge Discovery in Data base), 

CRISP-DM (Cross-Industry Standard Process for Data Mining), SEMMA (Sample Explore 

Modify Model Assess), and HYBRID process [27, 32]. 

2.2.1 Knowledge Discovery in Database (KDD)  

The first KDD process was proposed by Fayyad in 1996 [32]. This process consists of several 

steps that can be executed iteratively. KDD has been more formally defined as it is non-trivial 

process of identifying valid, novel, potentially useful, and ultimately understandable patterns in 

data. KDD is the process of knowledge discovery while data mining is a technique applied for 

knowledge discovery considered as just a step in the entire process [32]. As shown in Figure 2.1, 

the KDD process consists of five steps: data selection, data preprocessing, data transformation, 

data mining and interpretation/evaluation. 

 

                                              Figure 2.1 KDD process  

Given data, the first step in KDD is data selection. In this stage creating a target dataset on focus 

of a subset of variables needed on which discovery aimed to solve the problem are selected. For 

discovery purposes, data relevant to the analysis task are retrieved from the database and 

unnecessary data attributes should be   removed. 
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In order to produce effective data mining models in terms of quality and performance, the raw 

data need to undergo preprocessing in the form of data cleaning.  Because  real world data are 

mostly dirty and unclean which need to correct bad data that encountered from data redundancy, 

incompleteness or missing attributes value, noise, and inconsistency in order to make knowledge 

searching paths ease for mining algorithms. Therefore, data quality needs to be assured in this 

step before ahead to next phase of knowledge discovery process in data mining.  

 Because of the use of different sources, data that is fine on its own may become problematic 

when we want to integrate it. In this step data need to be combined from multiple sources, such 

as database, data warehouse, files and non-electronic sources into a coherent store. We need to 

merge different sourced data by keeping uniform format for all before running data mining tools 

and techniques.  

During transformation phase, data are consolidated into forms appropriate for mining to reduce 

data size by dividing the range of data attribute into intervals each containing approximately 

same number of samples or to scale attribute data to fall within a specified range. Therefore, 

values of   attributes are   changed to a new set of replacement values to ease data mining.   

  

Data mining is the next essential process where intelligent methods are applied in order to extract 

hidden patterns in the data. This phase requires analysis of the main problem for patterns of 

interest in the data depending on the business objectives and data mining requirements. Different 

data mining algorithms and techniques are used for searching knowledge or interesting patterns 

to construct predictive or descriptive models. 

 

Model creation is followed by performance evaluation which measures the accuracy rate of the 

system. The mined pattern enables to identify the truly interesting ones. For any errors or 

mismatched result generation as compared to domain area perspectives, the process restarts to 

initial step so as to provide accurate results. 

____________________________ 

2 
Accuracy means the percentage of test set samples that are correctly classified by the classifier. 
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Finally, visualization and knowledge representation are used to present the mined knowledge to 

the users and stored as new knowledge in the knowledge base. Incorporating the knowledge in to 

another system for implementation purpose, documentation and report for presenting the benefit 

of the knowledge to interested parties, incorporating the knowledge with previously known 

knowledge in the area are some of the important activities during this phase. 

 

2.2.2 CRISP-DM (Cross-Industry Standard Process for Data Mining) 

CRISP–DM was developed in 1996 by analysts for fitting data mining into the general problem 

solving strategy of a business or research unit [29]. CRISP–DM is one of the most widely used 

methodologies in extraction of knowledge which has a life cycle consisting of six phases which 

is an iterative and adaptive process [27], as depicted in Figure2.2  

 

Figure 2.2 The CRISP-DM knowledge discovery Process Model 

In CRISP- DM, the sequences of the phases are adaptive i.e. the next phase in the sequence often 

depends on the outcomes associated with the preceding phase.  



22 
 

 Business understanding is the initial phase in the CRISP–DM standard process which focuses on 

understanding business area in which DM objectives and project requirements are assessed as a 

whole from business perspective points of view.  

It also translates these goals and objectives into the formulation of a data mining problem 

definition and prepares a preliminary strategy for achieving the desired objectives. Further, it is 

broken in to determination of what clients really wants to accomplish from business perspectives, 

assessment of the situation for fact finding about the resources, constraints and assumption, 

determination of data mining goals, and states project objectives in technical term and finally 

description of the  project plan for  achieving the data mining and business goals. 

 

 Once the business is well defined and understood, data understanding phase begins with 

collecting the initial data and continues with several activities in order to become familiar with 

the data that helps to identify quality of the data. During this step, the following tasks are 

performed.  First, collecting initial data for modeling; second, data description to get insights 

through descriptive statistics available in the statistical tools; third, exploration of data to capture 

an overall sense of the dataset through computing summary. Lastly, verification, and 

visualization of data quality is checked if any unnecessary data fields with incomplete, 

inconsistent, noisy, and redundant values existed. 

The data preparation step contains all activities needed to construct the final dataset. It starts 

from preparing the initial raw data to the final dataset which is ready for application of data 

mining tools. This step further divided in to four steps. The first step is data selection that is 

appropriate for analysis. This is followed by data cleaning which is making data ready for the 

modeling tools. Data construction is the third step that attempts to produce derived attribute, new 

records and transformed values for existing attributes. Then, data integration is to combine data 

from multiple sources (records or tables), and, finally data formatting for reconstructing data 

values without changing its meaning. 

 

After data being ready to apply data mining tools in proceeding step, various modeling 

techniques are selected and applied at this phase. Since some data mining tools may require 

specific formatting for input, it may needs reiteration into the previous phases for improvement. 
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The modeling step selects first modeling techniques based on data mining objectives and also 

generates test set to evaluate and validate model performance. This is followed by model 

building using the modeling tool. Finally, assess and interpret the pattern according to the 

domain knowledge. 

After models have been built, they need to be evaluated to check whether they fulfill the 

requirements and objectives set at the beginning of the project. The model is also evaluated from 

the point of business objectives. Reviewing of steps executed to build the model and evaluating 

the models for quality and effectiveness before generating them for end users in the field are also 

performed. At the end, decision regarding the deployment and use of the data mining results is 

reached.  

 

2.2.3 SEMMA 

Another well-known methodology developed by the SAS institute is SEMMA (Sample, Explore, 

Modify, Model, and Assess) which refers to the process of conducting a DM project as depicted 

in Figure 2.3. 

 

Figure 2.3 SEMMA Process model 
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The first phase in SEMMA process model is sampling. In this phase, a portion of a large dataset 

is extracted in order to take reliable and statistically representative sample from the huge data for 

optimal cost and computational performance. 

 

Sample data selection is followed by explore. This is a state where searching for unanticipated 

trends and anomalies in order to gain a better understanding of the dataset occurs. This helps to 

refine the dataset and redirect the discovery process. 

 

During the modify phase, user creates, selects, and transforms the variables upon which to focus 

the model construction process. In addition, it manipulates data to include information and 

handle outliers to increase significance of variables and focus on model selection process. 

Once the data is prepared, the modeling phase constructs models that explain patterns in the data 

by applying modeling techniques in data mining. The modeling techniques are selected based on 

the objectives of the data mining project. 

 

This is the assess phase in which the usefulness and reliability of the model is evaluated from the 

data mining process and how well it performs. A common means of assessing a model is to apply 

it to a portion of dataset put aside for testing during the sampling stage. If the model is valid, it 

should work for this reserved sample as well as for the sample used to construct the model. 

Similarly, one can test the model against known data.  

 

By assessing the outcome of each stage in the SEMMA process, one can determine how to 

model new questions raised by the previous results, and thus proceed back to the exploration 

phase for additional refinement of the data. In SEMMA, the sample steps goes equivalently with 

selection step of KDD and continues till to last  assessment phase as interpretation/evaluation of 

the discovered knowledge  in KDD. However, KDD manifests the pre-KDD and Post KDD that 

SEMMA does not. 
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2.2.4 Hybrid model  

The development of academic models such as the nine-step model and eight-step model and 

industrial models such as five-step model and the six-step CRISP-DM model has led to the 

development of hybrid model that combines aspects usable for DM research. It was developed 

by Cios et al. [33]  based on the CRISP-DM model.  

 

Hybrid process is characterized by providing more general, research oriented description of the 

steps. The hybrid model also encourages the application of knowledge discovered for a particular 

domain in other domains and it has a six step process as depicted in Figure 1.1 [27]. 

Summary of correspondences between KDD, SEMMA, CRISP-DM, AND HYBRID models are 

presented in Table 2.1 [32]. 

Table 2.1 Summary of data mining models 

KDD SEMMA CRISP-DM HYBRID  

Pre KDD ------------- 

 

Business understanding  Problem domain 

Understanding 

Selection  Sample   

Data Understanding 

Data understanding  

Preprocessing  Explore  

Transformation Modify  Data preparation Data Preparation  

Data mining Model  Modeling Data mining  

Interpretation/evaluation 

of the discovered 

knowledge   

Assessment  Evaluation Evaluation  

Post KDD -------------  Deployment of 

discovered knowledge  

Use of discovered 

knowledge  

  

From the Table 2.1 by doing a comparison of the models, some of them follow same steps to 

discovery process while others follow different steps. For example in KDD and SEMMA stages 

the first approach is equivalent. Sample can be identified with Selection; Explore can be 
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identified with Pre processing; Modify can be identified with Transformation; Model can be 

identified with Data Mining; Assess can be identified with Interpretation/Evaluation.  

2.3 Data Mining Function 

Data mining is utilized for the intention of finding of hidden information in a database upon 

developing of model which could best fit the data. Data mining functionalities are used to specify 

the kind of patterns to be found in data mining tasks. The ability to extract useful knowledge 

hidden in the data and to act on that knowledge is becoming increasingly important in today's 

competitive world. The entire process of applying a computer based methodology including new 

techniques for discovering knowledge from data is core function of data mining. It searches for 

new, valuable, and nontrivial information in large volumes of data [12]. Data mining tasks are in 

general classified in to two main categories [12]: predictive-oriented and descriptive oriented.    

 

 Predictive data mining tasks produce the model of the system described by the given dataset to 

build a model that permits the value of unknown variable to be predicted from the known values 

of other variables [10]. It is a technique that involves using some variables or fields in the dataset 

to predict unknown or previously unseen future values of other variables of interest. It is usually 

used to create a model based on a set of predictors to relate the dependent variables. Examples of 

predictive modeling includes classification, prediction etc. 

 

The second category of data mining function is descriptive mining task. This is another data 

mining task used to characterize the general properties of the data in the database [11. It 

produces new, nontrivial information based on the available dataset and is to gain an 

understanding of the analyzed system by uncovering patterns and relationships in large datasets. 

The goal of a descriptive model is to describe all of the data or the process generating the data 

[10, 12]. Examples for descriptive data mining are clustering, summarization, association rule 

discovery, and sequence discovery. The followings are some of the examples from both data 

mining tasks how they are working in real pattern discovery process. 
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2.3.1 Classification 

Classification is one of the predictive data mining tasks. It is a technique used to predict group 

membership for data instances by assigning previously unseen records a class as accurately as 

possible. It is said to be the process of finding a model or function that describes and 

distinguishes data classes or concepts for the purpose of being able to use the model to predict 

the class of objects whose class label is unknown [11].  

The derived model is based on the analysis of a set of training data whose class label is known 

and the derived model may be represented in various forms such as IF-THEN rules, decision 

trees, mathematical formulae, semantic network etc [11]. Each technique employs a learning 

algorithm to identify a model that best fits the relationship between the attributes set and the 

class level of the input data. 

 After having an accepted accuracy level, one can use the model for classification of new data 

tuples. Applications examples of classification in health sectors are the following [11]. 

− A hospital may want to classify medical patients into those who are at high, medium or low 

risk of acquiring a certain illness. 

− Classifying the type of drug a patient should be prescribed based on certain patient 

characteristics in hospital. 

− A medical researcher wants to analyze breast cancer data in order to predict which one of the 

specific treatments a patient should receive. 

 

There are various classification algorithms; among which the main ones are the following [11]. 

 

2.3.1.1   Decision   tree induction 

 When decision tree induction is used for attribute subset selection, a tree is constructed from the 

given labeled data. All attributes that do not appear in the tree are assumed to be irrelevant. 

There is a large number of decision-tree induction algorithms described primarily in the 

machine-learning and applied-statistics literatures that construct decision trees from a set of 

input-output training samples. Thus, the algorithm choose the best attribute to partition the data 

into individual classes includes ID3, C4.5, and CART [12]. 
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In decision tree construction, selection of splitting attributes is necessary in order to avoid 

irrelevant attributes by examining the effect of each attribute for the distinct class and its 

likelihood for improving the overall decision performance of the tree, since the feature with 

minimum impact on dependent variable may distort the trees performance and the classification 

accuracy.  

There should be certain requirements before decision tree algorithms become applied [28]. First: 

since decision tree algorithms represent supervised learning, they require pre-defined target 

variables and training dataset which provides the algorithm with the values of the target variable. 

Second: this training dataset should be rich and varied, providing the algorithm with a healthy 

cross-section of the types of records for which classification may be needed in the future.  

 

Decision trees learn by example, and if examples are systematically lacking for a definable 

subset of records, classification and prediction for this subset will be problematic or impossible. 

Third: the target attribute classes must be discrete i.e. one cannot apply decision tree analysis to a 

continuous target variable. The target variable needs to take on values that are clearly 

demarcated as either belonging or not belonging to a particular class. 

One of the most attractive aspects of decision trees lies in their interpretability especially with 

respect to the construction of decision rules which is constructed from a decision tree simply by 

traversing any given path from the root node to any leaf [28]. Therefore, to make a decision tree 

model more readable, a path to each leaf can be transformed into an IF-THEN rule [12]. 

The challenge with decision tree is overfitting. As the dataset grows larger and the number of 

attributes grows larger, we can create trees that become increasingly complex [11]. This 

potentially leads to the concept of overfitting which consequently brings the notion of pruning; 

this implies removing of branches of the classification tree in order to make tree as simple and 

compact as possible, with as few nodes and leaves as possible. This is done through pruning a 

tree by halting its construction by partition the subset of training tuples at a given node or 

removing sub trees from a fully grown tree [11]. 
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2.3.1.2 Rule based classification  

Though the decision tree is a widely used technique for classification purposes, another popular 

alternative to decision trees is classification rules which can be expressed as paths IF-THEN 

rules so that humans can understand them easily [34]. A rule-based classifier uses a set of IF-

THEN rules for classification; it is a relationship between antecedent, and consequent i.e. an 

expression of the form IF condition THEN the conclusion.  

 

The algorithm decision tree is the best known method for deriving rules from classification trees 

[35]. For example, one could have the following set of rules to classify the weather condition. If 

temperature < 50°F, then weather = cold. If temperature > 50°F AND temperature < 80°F, then 

weather = warm. If temperature > 80°F, then weather = hot [36]. Although any of the logical 

expressions are allowed, preconditions are usually connected with the AND operation.  

 

The advantage of IF-THEN rule is the rules are order independent i.e. regardless of the order of 

rules executed, the same classification of the classes is possible to reach [36]. The challenges is 

the generated rules are often more complex than necessary and contain redundant information 

and the rules generated this way may be unnecessarily complex and incomprehensible [36]. 

 

2.3.1.3 Neural network  

It is represented as a layered set of interconnected processors which has a relationship with the 

neurons of the brain with weighted connections between the units. An individual node take the 

input received from connected nodes and use the weights together to compute output values and 

learns by adjusting the weights so as to be able to predict the correct class label of the input 

tuples [11]. 

The inputs to the network correspond to the attributes measured for each training tuple. The 

inputs are fed simultaneously into the units making up the input layer. These inputs pass through 

the input layer and are then weighted and fed simultaneously to a second layer of neuron like 

units, which is hidden layer.  
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The outputs of the hidden layer units can be input to another hidden layer depending on the NN 

3
architecture [37]. The weighted outputs of the last hidden layer are input to units making up the 

output layer, which emits the network‟s prediction for given tuples as depicted in Figure2.5 [11, 

35]. Neural networks are quite robust with respect to noisy data and generating a nonlinear 

response as well as their ability to classify patterns on which they have not been trained. Neural 

networks have been criticized that they involve long training times and for their poor 

interpretability since it is difficult for humans to interpret the symbolic meaning behind the 

learned weights; these features initially made neural networks less desirable for data mining. 

Therefore, it becomes more suitable for applications where this is feasible [11].  

                   

Figure 2.5 Simple Feed Forward Neural Network 

 

 

__________________________ 

3 
The architecture of the neural network is the specific arrangement and connection of the 

neurons that make up the network. 
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2.3.1.4    Naïve Bayes classifier  

Bayesian classifier is statistical classifier and a practical learning algorithm that can predict class 

membership probabilities. It assumes that the effect of an attribute value on a given class is 

independent of the values of the other attributes and classification is based on a probabilistic 

model specification; i.e. it can predict class membership probabilities, such as the probability that 

a given tuple belongs to a particular class [11].  

 

When using the Naïves Bayes method to classify a series of unseen instances the most efficient 

way to start is by calculating all the prior probabilities and also all the conditional probabilities 

involving one attribute though not all of them may be required for classifying any particular 

instance. Naïve Bayesian classifier assumes class conditional independence i.e. it treats each 

variable independently and measure the effect that different values of the variables [38]. 

 The advantage of Naïve Bayes classifier is it reaches the minimum error when the dataset is 

large and the methods for estimating particular probabilities are consistent [36]. However, the 

challenge in Naïve Bayes classifier is that the model used in the classification might not be the 

best estimator of the probability distribution though it has multi-effects in different area where it 

has relatively good performance [36].  

In Bayesian network (Belief network) which is the graphical model of causal relationships that 

represent dependency among the variables and it gives a specification of joint probability 

distribution so that it is used to solve the variables interdependences [39].  

2.3.2 Clustering  

Clustering is concerned with grouping together objects that are similar to each other and 

dissimilar objects belonging to other clusters [35]. Clustering data mining algorithms is useful 

for exploring data, and used to find natural groupings [30]. In many fields, there are obvious 

benefits of grouping similar objects together, like in an economics, financial application, 

marketing and crime analysis application. Also in medical area clustering are used to group 

patients according to their similar symptoms [35]. 
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In machine learning, clustering is considered as an unsupervised learning. Unlike classification, 

clustering does not rely on predefined classes and class-labeled training. It focuses on 

observation rather than learning by examples [11]. Clustering algorithms seek to segment the 

entire dataset into relatively homogeneous subgroups or clusters, where the similarity of the 

records within the cluster is maximized and the similarity of records outside the cluster is 

minimized [35]. 

 

 There are two most commonly used clustering approaches: k-means clustering and hierarchical 

clustering [35]. K-means clustering is an exclusive partitioning clustering in which each object is 

assigned to precisely one of a set of clusters that the user would like to form from the data given 

[35]. The K-means partitioning clustering algorithm is the simplest and most commonly used 

algorithm employing a square-error criterion. A major problem with this algorithm is that it is 

sensitive to the selection of the initial partition and may converge to a local minimum of the 

criterion function if the initial partition is not properly chosen [12]. 

 

 In hierarchical clustering, a treelike cluster structure is created through recursive partitioning or 

combining of existing clusters [12]. The quality of a set of clusters is determined using the value 

of sum of the squares of the distances of each point from the centroid of the cluster to which it is 

assigned [35]. 

 

The quality of a cluster is represented by its diameter which is the maximum distance between 

any two objects in the cluster [11]. 

2.3.3 Association rule discovery  

Association rules are one of the major techniques of data mining in unsupervised learning 

system. While classification and clustering are global pattern discovery of DM task, association 

rule discovery is the most common form of local-pattern discovery [12]. Of the data mining 

tasks, association rule mining method is applied in either supervised or unsupervised manner 

[28]. Association rule mining searches for interesting relationships among items in a given 

dataset and patterns are represented in the form of association rules [11]. Association rules such 
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as the occurrence of some items in a transaction will imply occurrence of other items in the same 

transactions [40]. 

Interestingness of patterns need to be measured to make sense that patterns are easily understood 

by humans, valid, potentially useful, and novel [11]. In the case of classification rules, we are 

generally interested in the quality of a rule set as a whole. It is all the rules working in 

combination that determine the effectiveness of a classifier, not any individual rule but, in the 

case of association rule mining the emphasis is on the quality of each individual rule [24]. 

There are several objective measures of pattern interestingness exist, like support and 

confidence. Support is the percentage of transactions from a transaction database that the given 

rule satisfies and confidence assesses the degree of certainty of the detected association. For 

example let us see how the two measures of pattern interestingness work [11]. 

 Support (XY) ==>P(X U Y); meaning the probability that a transaction containing X also 

contains Y. 

Confidence (XY) ==>P(Y /X); meaning the probability that a transaction containing X also 

contains Y.      

2.3.1   Apriori Approach to pattern mining  

Association rule mining is also one of the pillars of data mining used to uncover relationships 

between inherently unrelated data items. It is an implication that one item is associated with 

another item or one disease occurrence is associated with another disease occurrence. 

 

Formally, given a set of m items I = {I1, I2,…IM} and a database of n transactions D = {t1, t2,…, 

tn}, where a given transaction contains k items ti= {ti1,ti2,… ,tik} and Ii € I, an association rule is 

an implication of the form XY, where X,Y € I are sets of items  and [36]. 

In data mining there are different itemset-mining algorithms such as Apriori [36]. 

 

The Apriori algorithm computes the frequent item sets through several iterations; each iteration 

having two steps [12]. These are candidate generation and candidate counting and selection that 

fit the minimum support requirement to next pass. The algorithm uses prior knowledge of 
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frequent item set properties and states that, non-empty subsets of a frequent item set must also be 

frequent [36,38].  

 

In medical health care, there are certain diseases occurrences that commonly associate with other 

diseases. For example, in most of the cases in health care tuberculosis follows HIV/AIDS, 

hypertension follows heart failure, diarrheal disease followed malnutrition visa versa etc. 

Therefore, association rule mining helps to prove such usual happening conditions whether it is 

real from the business perspective and to discover other events that occur in hidden fashion [41]. 

From an application perspective, association rule discovery will be a base for taking a measure 

depending on the rules with high confidence and high support to ease the sale transaction [36]. 

The challenges in Apriori is that it  assumes that the entire database is memory resident, which 

may be problematic for situations involving large amounts of data and  the maximum number of 

database scans is one more than the size of the largest itemset, resulting in a large number of 

scans and slower the  performance [36]. 

 

2.3.2 FP-Growth approach to pattern mining  

Frequent pattern growth method is an efficient way of mining frequent item sets in large 

databases [12]. The algorithm mines and finds frequent item sets without the time consuming 

candidate generation process.  FP-growth first performs a database projection of frequent items 

then mining the main memory by constructing a compact data structure which is FP-tree [12]. 

Start from each frequent length-1 pattern and construct its conditional pattern base which 

consists of the set of prefix paths in the FP-tree co-occurring with the suffix pattern, then 

construct its conditional FP-tree, and perform mining recursively on such a tree. The pattern 

growth is achieved by the concatenation of the suffix pattern with the frequent patterns generated 

from a conditional FP-tree [11]. 

 

A study on the performance of the FP-growth method shows that it is efficient and scalable for 

mining both long and short frequent patterns, and is about an order of magnitude faster than the 

Apriori algorithm [11]. 
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2.4 Related Works  

Adult mortality remains poorly measured in many developing countries since registration of 

death is incomplete and information regarding age is often inaccurate [5]. As cited in Rajaratnam 

et al.[33], Feachem and colleagues drew attention to deaths in adults aged 15–59 years and stated 

that death in the most economically and socially active groups can also have major effects on 

society. A study conducted based on a database of 3889 measurements of adult mortality for 187 

countries from 1970 to 2010 using vital registration, census and survey data for deaths in the 

household states that, adult mortality varied substantially across countries and overtime [33].  

According to Feachem and colleagues [33], in Iceland, the probability of male death before 60
th

 

birth day is 65 per 1000; in Cyprus, the probability of female death before 60
th

 birth day is 38 per 

1000. The analysis shows that in 1970, there are 430 women adult death per 1000 and 583 male 

death per 1000 before reaching their 60
th

 birth day. However, in 1990, death between male and 

female are inclined to 440 deaths per 1000 for women and 617 deaths per 1000   for male before 

their 60
th

 birth day.  In 2010, 372 female death per 1000 and 484 male death per 1000 before 60
th

 

birth day was occurred [33]. In all the cases, the effect has been larger on male mortality than it 

has on female mortality (480/1000 and 372/1000) respectively. 

According to Kitange HM [3], a study in rural Tanzania showed  that age specific mortality for 

adults was as much as 43 times higher than rates in England and Wales. In some African 

countries example Sierra Leone, the adult mortality risk is more than 50% [3].  Hill  states that 

[3] adult mortality in Mongolia, over 50% of the females who survive to 15 years die before 60 

years whereas the corresponding risk for females in the Republic of Korea is only 7%. Study in 

Senegal indicates that an estimated probability of dying between ages 15 to 60 years is around 

51.8% for males and 43.7% for females [25].  

Adult mortality from communicable and reproductive diseases appears to be much higher in sub-

Saharan Africa than elsewhere in the world [25].  The three broad groups of causes of death were 

communicable and reproductive diseases, non-communicable diseases and injuries [25].WHO 

estimates of causes of adult mortality [42] from 15 to 59 years shows that in sub- Saharan Africa 

communicable diseases and maternal deaths are much higher than non-communicable diseases, 
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whereas in Southeast Asia deaths due to non-communicable diseases are higher than 

communicable diseases. 

 A study in Vietnam and Korea reveals that educational attainment is one of the important factors 

for survival and it was related to mortality in most causes of death [3]. Another study in rural 

Italy reported that men with college education were found to have significantly higher survival 

rates as compared to men who have no formal education [3]. According to a demographic model 

that has been developed for South Africa [43], over 70% of the death among the 15 to 49 year 

olds can be attributed to AIDS.  

In 2006 FMoH AIDS report [44] estimated that AIDS accounts for 34% of all the deaths of adult 

age form 15-49 years in Ethiopia. Mitike et al. [26] shows that the most important socio-

demographic factors that significantly associated with adult mortality are having no educated 

person in the family OR 1.91; 95% CI 1.11, 3.29), the male sex (OR 1.46; 95% CI 1.09, 1.95), 

and living in the rural lowlands (OR1.54; 95% CI 1.03, 2.31). 

 A study that was conducted using a multivariate regression model suggested that young adults 

from the rural highlands and lowlands had a higher risk of death (adjusted rate ratios 1.99 [1.40-

2.83] and 2.58 [1.82-3.66] respectively than young urban adults [45]. 

 By using the information gathered by the BRHP epidemiological surveillance system, several 

studies were conducted. Yemane et al. [5] shows an interesting pattern where the excess male to 

female mortality in the urban area for all age groups while, in the lowlands, there is a shift to the 

disadvantage of females above 45 years of age. The rural to urban mortality differentials are 

somewhat more pronounced for females, especially for adults. And stated that the leading 

perceived causes of death were: malaria, diarrhea, tuberculosis, other causes and unknown 

causes. According to Yemane et al., attributes like period, source of water, literacy, type of 

house, sex, residential area and age are factors that cause disease entity in the area. 

One study [46] shows that the major causes of death were acute febrile illnesses (25.2%), liver 

diseases (11.3%), diarrheal diseases (11.1%), tuberculosis (9.7%) and HIV/AIDS (7.4%). 

Overall communicable diseases accounted for 60.8% of the deaths. The high levels of mortality 

from communicable diseases reflect the poor socioeconomic development of the country, and the 

general poor coverage of health and education services in rural Ethiopia. 
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According to Yemane et al. [24] potential markers of epidemiological transition like literacy, 

source of water, distance from Butajira town, house ownership, together with age group, sex, and 

period were examined as risk factors for mortality which allow for individual person time 

contributed in each residence episode. 

 

 In the area not only statistical methods were used to investigate the novel and interesting 

patterns, but data mining technologies also were applied to discover hidden knowledge that 

might be helpful for business decision making purpose. 

 

Shegaw [7] applied data mining techniques to investigate the potential applicability of data 

mining technology to predict the risk of child mortality based up on community based 

epidemiological dataset gathered by the BRHP epidemiological study. Shegaw used a sample 

dataset consisting 1,100 records taken randomly from the two classes of children (i.e. alive and 

died) of the ten years surveillance dataset of the BRHP epidemiological study which contains a 

total of 64,077 records. To build predictive models he used neural network and decision tree 

techniques and the performances were 93% and 95% respectively. He stated that decision tree 

approach provided simple rules that can be used by nontechnical health care professionals to 

identify cases for which the rule is applicable. 

The researcher has also identified public health and socio demographic determinants that are 

associated with infant and child mortality in rural communities [7]. 

 

Another study has been conducted by Amanuel [14] using data mining techniques to predict 

household health seeking patterns using BRHP dataset. The researcher aim was to develop a 

model that identifies risk factors and patterns of household health seeking behavior at Butajira 

district. He used a total of 60,446 records for experiments with implementation of J48 decision 

tree techniques. The finding of the researcher indicated that with an accurate rate of 89.9017%, 

predicting household health seeking pattern through data mining techniques is possible.  

 

Taddesse [15] applied data mining techniques to discover knowledge that can be used to gain 

insights in to vital statistic aspects based up on community based epidemiological dataset 

gathered by the BRHP Epidemiological study. The researcher  extracted 18 years data  which 
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contains a total of 236,549 records  of which  he used 95,220 cases to build predictive model 

using classification algorithm such as J48 to extract interesting knowledge from temporal data on 

BRHP data base. He used J48 algorithm that over 90% accurate results are possible for 

developing classification rule that can be used in prediction. From this result the researcher 

concluded that prediction is possible using vital statistics data through the application of data 

mining classification techniques. 

 

In all the researches done, scholars tried to search a new knowledge that may help for business 

objectives in relation with magnitude and risk factors for adult mortality using BRHP data as an 

information source on the base of different epidemiological methods like SPSS, EPI-Info, and 

STATA etc. Using such tools become inefficient to detect unanticipated interesting patterns from 

voluminous data. In addition, most of the studies have been stayed at a quantitative feature 

studies with vital information, without considering various bias effects of the data. For utilization 

of relevant information which is hidden in the data, it is obvious that one need to be engaged in 

information computational management (data mining technology) since it is efficient to find 

unrecognized new knowledge and can mine the knowledge rules automatically from the content 

of data. Therefore, the researcher enthused to prepare predictive model based on BRHP that 

predict adult mortality pattern.  

 

 Previously there are researches works that have been carried in application of data mining 

techniques using BRHP data as an important information source. But, to the knowledge of the 

researcher, no previous researches have been done to predict adult mortality by applying data 

mining techniques in the area. 

 

In scaling-up the proven effective interventions for the target of adult health promotion and 

prevention through improved health care service by applying data mining technology is very 

vital. Thus, this research has a great contribution to generate patterns that help in planning a 

better strategy and effective decision making for adult health promotion plans and programs. 
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CHAPTER   THREE 

TECHINIQUES FOR MINING BRHP DATA 

The overall research design is to build a model that predicts the status of the adult that is the 

probability of he/she alive or die. Hybrid methodology was also followed to explore the 

application of data mining on Butajira rural health program. WEKA 3.6 data mining tools and 

techniques are utilized as means to address the research problem. 

Though data mining is newly emerging discipline to handle enormous data which is usually 

difficult to analyze through traditional tools and techniques, it has different methods and 

techniques that makes the data mining more popular in different settings including health care. 

 

 Input: 

BRHP 

      dataset                         

Microsoft office Word 2007  

 Output:  

A model that 

predicts adult      

mortality pattern 

Microsoft office excel 2007 

Statistical package for social science(SPSS) Version 16.0 

 
 

             

                          Research problem: Adult mortality predictive modeling  

Figure 3.1   Diagrammatic Overview of the Overall Research Design and Methodology  
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3.1 Methods of Problem Domain Understanding 

 This initial step has been thoroughly attempted to understand the driving force of adult mortality 

that need to be addressed. To accomplish this target, various tasks have been performed such as 

closely working with domain experts in order to define the problem and determine the research 

goals, identifying key people and learning about current solution to the problem, learning 

domain-specific terminology and preparation of a description of the problem are considered as a 

means of solving the problem.   

3.2 Methods of Data Understanding and Data Preparation  

The task precede DM step such as data cleaning and data transformation were performed in order 

to get the consistent data. It concerned on deciding to make data ready which is used as input for 

data mining process in subsequent steps. To develop first insight into the data, relevance analysis 

like descriptive data visualization was done using statistical tool (SPSS16.0)  

In this particular research, adult ages 15-60 years were considered from the entire database. 

Using stratified random sampling technique, 43,864 study subjects were selected from the ten 

peasant associations of the district.  

As stated by Han and Kamber [11], classification and prediction may need to be preceded by 

relevance analysis, which attempts to identify attributes that do not contribute to the 

classification or prediction process. In order to handle different data related problems in BRHP 

dataset like missing values, noises, and irrelevant features were solved using tools like Microsoft 

Excel, SPSS, and Weka 3.6. Exporting data from existing format (SPSS 16.00) to Weka 

understandable format like arff and csv were also employed.  

The data in the existing classes are not equally distributed i.e. there are imbalance data between 

the classes died and alive. According to Han and Kamber [11], if one class of the target attribute 

has much lower relative frequency than the other class, balancing this class is recommended. 

Unless data in classes being balanced, the classification model could simply predict for some 

class that have more relative frequency to all operation. Therefore, SMOTE technique following 

the explorer preprocess menu bar was implemented in Weka so as to balance the target attribute 

(died, alive).  
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3.3 Methods of Modeling  

These days, data mining is more popular in different settings including health care areas by 

mining knowledge from the massive repositories. Commonly used techniques for data 

classification and prediction in data mining are decision tree induction, Bayesian classification, 

rule-based induction, the neural network support vector machines, and k-nearest neighbor 

classifiers [11]. However, for this particular research problem, classification algorithms such as 

decision tree induction (J48) and Naïve Bayes classifier are selected. 

3.3.1 J48 Decision tree algorithm 

Decision tree algorithms have predictive performance ability and capability to discover patterns 

in huge datasets and understandability of the generated rules by human.  For example, the 

acquired knowledge in tree form using decision tree takes less mental strain to understand the 

path from the root to leaf and one can generate rule from the tree in order to predict the class for 

unknown records. In addition rule assimilation easily by end users, classification steps of 

decision tree induction is simple and fast, and also tree construction does not require any domain 

knowledge [11]. 

Therefore, Weka software based decision tree algorithm (J48) was used which is a greedy 

algorithm i.e. it constructs trees in a top-down recursive or divide-and-conquer manner and 

orders the class rule sets so as to minimize the number of false-positive error [28]. It uses the 

concept of information gain or entropy reduction to select the attribute with the highest 

information gain. 

 

Suppose that we have a variable X whose K possible values have probabilities P1, P2….Pk, the 

smallest number of bits, on average per symbol, needed to transmit a stream of symbols 

representing the values of X observed is the entropy of X. Entropy is the  expected information 

needed to classify a tuple in X: 

                                                                                                                                              

                                                                                                                                     (3.1) 

  

)(2log)( pjPjXH 
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For an event with probability p, the average amount of information in bits required to transmit 

the result is −log2p. For variables with several outcomes, we simply use a weighted sum of the 

log2 pj’s, with weights equal to the outcome probabilities. Therefore, the mean information 

requirement can then be calculated as the weighted sum of the entropies for the individual 

subsets, as follows [28].                                          

                                                                                                                                        (3.2) 

 Information gained by branching on attribute A is  

                                                                                                                                  (3.3) 

At each decision node, C4.5 uses the attribute with the maximum gain ratio as the splitting 

attribute and recursively visits each decision node, selecting the optimal split, until no further 

splits are possible.  J48 also used the same concept to construct the decision tree and it supports 

both numeric and nominal predictors and nominal class attribute. It has the capability to handle 

missing values in datasets [11]. Once the tree is constructed, it is possible to generate the rule in 

order to apply it for new instances which are independent of the training tuples. Figure 3.2 

illustrates the decision tree constructed from which one can easily generate the decision rule.                   

 

                            Figure 3.2 Simple Decision Tree Constructed for Two Class Classification  

 

From  the above simple decision tree, the following  rules   can  easily be  generated as follows. 

− Rule 1: If (A = X1 and B = Y1), then Classification = Class 1; 
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− Rule 2: If (A = X2 and C = Z1), then Classification = Class 2; 

− Rule 3: If (A = X2and C = Z2), then Classification = Class 1. 

 

Conditions for stopping partitioning includes all samples for a given node belongs to the same 

class and there are no remaining attributes for further partitioning.   

However, when decision trees are built, many of the branches may reflect noise or outliers in the 

training data. Considering the goal of research and improving classification accuracy of unseen 

data, tree pruning was attempted in order to identify and remove unnecessary branches that lead 

to over-fitting of the model.  

 

The second algorithm is Naïve Bayes classifier which has found to be comparable in 

performance with other algorithms in data mining like decision tree and neural network 

classifiers [11]. Naïve Bayesian classifier has also exhibited high accuracy and speed when 

applied to large databases and it also assumes that the effect of an attribute value on a given class 

is independent of the values of the other attributes [36]. 

3.3.2 Naïve Bayes classifier  

Naïve Bayes classifier is one of the algorithms that produces  the lowest classification error rate 

on a validation data and produces high accuracy performance as compared with others 

algorithms in classification and prediction in data mining [10].  

In general, Naïve Bayes follows the following steps for classification purpose: first, Collect data 

and estimate parameters such as mean and covariance for each class. Second, choose a set of 

features that a classifier uses to compute a posteriori probability. Third, choose a model to derive 

a decision rule with these parameters. Fourth, train the classifier to test dataset and classify each 

sample. Finally evaluate the decision rule in order to improve the choice of features and the 

overall design of the classifier [36]. 

        3.3.2.1 Bayes Basics Theorem  

Let X is a data sample (evidence): class label is unknown and let H be a hypothesis that X 

belongs to class C. Classification is to determine P (H|X), (posteriori probability), the probability 

that the hypothesis holds given the observed data sample X. 
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P(H) (prior probability) is the initial probability or the prior probability of each class based on 

the training tuples and  P(X|H) (likelihood) is  the probability of observing the sample X, given 

that the hypothesis holds or conditional probabilities of attributes value for each class, P(X):  

                                                                                                                                           (3.4) 

 

probability that sample data is observed and hence from the given training data X, posteriori 

probability of a hypothesis H, P(H|X), follows the Bayes‟ theorem [12].                                                                                                                           

 Informally, this can be written as posteriori = likelihood x prior/evidence 

 

        3.3.2.2 Naïve Bayes Classifier 

Let D be a training set of tuples and their associated class labels, and each tuple is represented by 

an n-dimensional attribute vector X = (x1, x2… xn). Suppose there are m classes C1, C2… Cm. 

Then predict the class label of a tuple using Naïve Bayesian classification and the classification 

is to derive the maximum posteriori, i.e., the maximal P(Ci|X). 

This can be derived from Bayes‟ theorem 

 

            

                                                    (3.5) 

Since P(X) is constant for all classes, only  

                                             (3.6) 

needs to be maximized 

 Therefore, one can predicts X belongs to specific class if and only if the probability P (Ci|X) is 

the highest among all the P (Ck|X) for all the k classes. 

A simplified assumption states that attributes are conditionally independent (i.e., no dependence 

relation between attributes) and yields: 

                                                                                                                                              (3.7)         
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Therefore, due to its lower error rate of predictive accuracy and capacity to provide a standard of 

optimal decision making, Naïve Bayes was implemented in this research experimentation. 

3.3.3 The Weka tool  

In this research work, Weka 3.6.software which is developed at the University of Waikato in 

New Zealand was used. This software is available at www.cs.waikato.ac.nz/ml/Weka site [11]. 

Weka tool is open-source data mining software in Java with a number of collections of 

algorithms for data mining tasks, including data preprocessing, association mining, classification, 

clustering, and visualization [47]. The tool has graphical user interface which consists of buttons 

and menu commands and panels on its interface, where each panel is used to perform different 

tasks. The initiation point in the tool after Weka has been run is graphical user interface with 

supporting tools. Next steps is selecting the application in the menu bar to process data mining 

tasks (explorer, experiment, knowledge Flow and  simple CLI) by double clicking one of the 

options available on menu bar in order to perform the intended tasks. In order to start data 

mining tasks in the Weka, it is necessary to open a dataset from where it is saved and import to 

Weka tool. Once the explorer window is chosen and the application data file is imported, 

different techniques in the menu bar become active and one can perform different tasks 

according to proposed data mining objectives. 

3.4 Methods of Training and Testing  

 The classifiers were evaluated by cross-validation using the number of folds.  K-fold is a natural 

number used to check the performance of the model through k–times. K-Fold is appropriate 

whether the size of the data is very large or not. This is because of its extensive tests on 

numerous datasets with different learning schemes. It is also suggested that in k-fold algorithm, 

„10‟ is about the right number of folds to get the best estimate of error [14]. 

 In 10-folds cross validation, the learning scheme or dataset is randomly reordered and then, split 

into „n‟ folds of equal size. In each iteration, one fold is used for testing and the other n-1 folds 

are used for training the classifier. The test results are collected and averaged over all folds 

giving the estimate of accuracy for cross-validation. Therefore, k-folds minimize the bias effects 

by random sampling of the training and holdout data samples through repeating the experiments 

http://www.cs.waikato.ac.nz/ml/Weka%20site%20%5b
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ten times. To meet the intention of the research work, 70% was used for training purpose and the 

remaining 30% for validation of classifier accuracy. 

3.5 Methods of Analysis and Evaluation of System Performance  

After accomplishing model creation, comparing predictive accuracy of the classifiers for 

unknown tuples is often helpful to evaluate the performance of predictive modeling. It tells us 

how frequently instances of particular classes are correctly classified as actual class or 

misclassified as some other classes.  

3.5.1 Confusion matrix 

Confusion matrix is useful tool for analyzing how well classifier recognized the classes. It is 

body of table with m by m (row and column) matrix the row corresponds to correct classification 

and the column corresponds to the predicted classifications. An entry, CMi,j in the first m rows 

and m columns indicate the number of tuples of class that were labeled by the classifier as class j 

[28]. For a classifier to have good accuracy, ideally, most of the tuples would be represented 

along the diagonal of the confusion matrix with the rest of the entries being closed to zero [11]. 

In confusion matrix, there are classifier evaluation metrics like accuracy, error rate, sensitivity 

and specificity, precision, recall, and F-measure. Table 3.1 shows two class classification result 

simple confusion matrix which contains both predicted and actual classes. 

Table 3.1 Confusion Matrix with Two Classes Classification Result 

                                      PREDICTED CLASS 

 

ACTUAL 

CLASS 

 Class=Yes Class=No 

Class=Yes a 

(TP)  

b 

(FP)  

Class=No c 

(FP) 

d 

(TP) 

 

Key: TN= True Negative TP =True Positive FN =False Negative FP =False Positive  
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Here are some of performance evaluation computational techniques on confusion matrix that are 

used in this study.  Accuracy is the first one which is widely used to check the performance of 

the model. It is the percentage of test set tuples that are correctly classified [48]. 

Accuracy = TP+TN= (TP + TN)/ (TP+TN+FP+FN)                                                      (3.8)                             

The performance of the model enables it to classify the positive cases correctly is sensitivity. It is 

defined as the probability of having a positive test result among those with a positive diagnosis 

for the disease or true Positive recognition rate [48]. 

True Positive Rate (sensitivity) = TP / (TP+ FN)                                                           (3.9) 

The performance of the model to classify the negative cases is specificity. It is defined as the 

probability of having a negative test result among those with a negative diagnosis for the disease 

or true negative recognition rate:  

True Negative Rate (specificity) or Recall for False class = TN / TN + FP                    (3.10) 

 Recall is what percent of positive tuples the classifier labeled as positive for both True and False 

classes (alive and died). Another detailed performance measure for the classifier is precision 

which measures what percent of tuples that the classifier labeled as positive are actually positive: 

Precision =      TP/ TP+FP---------------------------For True Class                          (3.11) 

Precision =      TN/TN+FN--------------------------For False Class                          (3.12) 

 

Finally, the F measure is the inverse relationship between precision & recall (F1 or F-score): 

harmonic mean of precision and recall. It is the point to conclude that the precision and recall of 

the model are significantly balanced [48]. 

 F-Measure=2xPrecision*recall/ (Precision + Recall)                                                 (3.13) 

Error rate of the classifier is to determine how much percent error is committed by the model 

which is usually computed as the difference of one and accuracy. This is mostly appropriate if 

interpreted for classes with equal data distributions. Otherwise, it is recommended to test the 

model performance using ROC curve analysis. 
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3.5.2 Receiver Operating Characteristic (ROC) Curve 

 A large number of intelligent medical systems (including medical expert systems, neural 

networks, classifiers, knowledge discovery and data mining systems) showed great progress and 

they   are being developed, practically to aid clinician and to improve patient care in areas such 

as diagnosis, prognosis, decision support and screening. To test which classifier is highly 

significant for a given subject is determined by ROC analysis and it becoming widely used tool 

in medical tests evaluation [49].  

This procedure is a useful way to evaluate the performance of classification schemes in which 

there is one variable with two categories by which subjects are classified [50]. For example, it 

can be used to classify adults those who alive and died correctly based on their previous history. 

The following Figure 3.3 shows the performance of classifier B; that it has the maximum area 

under curve [27] 

                        

                                              Figure 3.3 Examples for ROC curve [20] 
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ROC curve is useful visual tool for comparing classification models. It shows the trade-off 

between the true positive rate (proportion of positive tuples that are correctly identified) and the 

false-positive rate (proportion of negative tuples that are incorrectly identified as positive) for a 

given model [11, 27]. It is performed by drawing curve in two dimensional spaces by 

representing vertical axis for true-positive rate and the horizontal axis for false-positive rate [11]. 

In ROC curve, plotting starts at the bottom left-hand corner where the true positive rate and 

false-positive rate are zero. To plot an ROC curve for a given classification model, one need to 

rank the test tuples in decreasing order.  

 

To assess the accuracy of a model, one can measure the area under the curve which is a portion 

of the area of the unit square and its value is ranged from 0-1. It is assumed that increasing 

numbers on the scale represents that the subject belongs to one category while decreasing 

numbers on the scale represent the increasing belief that the subject belongs to the other category 

[42]. Thus, from the ROC curve, the closer the ROC curve of a model is to the diagonal line, the 

less accurate the model is closer to the area of 0.5.  

Table 3.2 Performance Measures of ROC Area 

ROC  Area Performance  

0.9-1.0 Excellent(A) 

0.8-0.9 Good (B) 

0.7-0.8 Fair (C) 

0.6-0.7 Poor (D) 

0.5-0.6 Fail(F) 

 

The model with perfect accuracy will have an area of 1.0 i.e. the larger the area, the better 

performance of the model or the larger values of the test result variable indicate the stronger 

evidence for a positive actual state (1.00) [11, 27, and 50]. For example, in Figure 3.3, classifier 

A performs better than B. 

By using ROC analysis one can identify predictors in order to find the one with optimal 

characteristics and their associated cut-points. Therefore, sensitivity, specificity, precision, F-

measure, and ROC area were taken in to account when the classifier performance is evaluated.   
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CHAPTER FOUR 

BUSINESS UNDERSTANING AND PREPARATION OF BRHP DATA 

To alleviate health care planning and strategies in rural Ethiopia in focus of adult health, in-depth 

critical assessment (domain problem understanding) is done to select features for constructing 

adult mortality predictive model. Understanding the problem is the most important step out of 

the six basic literature steps of Hybrid methodology [38]. Because the success of all the other 

steps depending on to what extent the problem is clear and the dataset selected for mining is 

related to the business area. 

4.1 Problem Domain Understanding 

Business understanding were carried out on pertinent issues giving due emphasis on the 

following parameters [27]. Firstly, working closely with domain experts to define the problem 

and determine the goal; secondly, identifying key people and learning about current solutions to 

the problem; thirdly, learning domain-specific terminology and finally, translating it into data 

mining goals and using the selected algorithms to derive knowledge. In this study we attempted 

to understand the problem area by dividing it in to major tasks and accordingly to identify what 

are the inputs used in the area? How inputs are processed? and what outputs area expected in 

return? 

 4.1.1   Task-1:  Health promotion   

It is a general non-specific intervention that enhances health of the individual in order to protect 

oneself from harm that leads to death; this is usually attained through improving socioeconomic 

and education status, provision of adequate water, clothing, environmental health and community 

development [9]. 

 Education 

It is a component of human development and vital to the all-rounded effort to eradicate 

devastating outcome on the society such as death, poverty, hunger etc. It is becoming a key 

development goal and considered as central to lift up the individual from unhealthy situation; to 
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lead sustainably in healthy and well being conditions. The MDGs have set quantitative targets 

for the reduction of death that related with lack of education through improvements in health. 

 

 Especial focuses on some indicators have given to track progress in achieving education in 

community and to harmonize the intended pledges on the millennium summit. These are, net 

enrollment ratio in primary education, proportion of pupils starting from grade 1 who reach 

grade 5, and literacy rate of  adult particularly age 15-24 year olds [22]. Thus, in adult mortality 

reduction, efforts are being made by considering education as a central role to achieve the 

desired goal by increasing the literacy status of the individual since mortality can be explained 

by education [51]. 

Water supply and safety measures 

 In relation to water source of the individual/community, includes ensuring the availability and 

safety of domestic water supply are another area that need emphasis in adult mortality reduction 

[52]. In this sub section, creating individual/community awareness and sensitization on safety of 

water supply and identifying water sources for communities are important activities to maximize 

adult health through assessing and taking the corrective measures on the contaminated water 

using practice. Proper water handling at household level, inspection of water sources and storage 

including those of public water distribution sources are important areas to mitigate the health 

problem encountered with water sources. In health promotion strategies, ensuring the 

accessibility of the adequate water supply is emphasized to overcome death related with water 

borne in a given population. 

Therefore, availability of safe water in the home with in fifteen minutes walking distance to 

whole population is considered as crucial policy approach to minimize the negative consequence 

on individual/community that resulted from water source [52]. 

Health priorities 

To address the conditions that prevail health problem in individual/ community, setting priority 

is vital notion. Because it is impossible to address the entire problem at the same time due to the 

scarcity of  resources. Here are some priorities given in health promotion in preventive and 

promotive focus [53]. These are development of preventive & promotive components of health 
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care, assurance of accessibility of health care for all segments of population, provision of health 

care for population on a scheme of payment for those who cannot afford to pay, advocacy efforts 

through promotion of participation of the private sector and nongovernmental organization in 

health care and special attention shall be given to the health needs of the family particularly 

women and children. 

 Food hygiene and housing condition  

Hand washing, food storage, preservation, clean use of utensils, methods of food preservation, 

and identification of spoiled food are some of the important area when we talk about health 

promotion since these can independently affect the health of the individual [52]. A study 

conducted in Oslo [51] that aimed to examine the effect of housing conditions in childhood and 

adult cause-specific mortality states that sanitary conditions and economic deprivation appeared 

to be independently associated with mortality. 

 In general, health promotion is non-specific that directly or indirectly enhances the healthy 

condition of the individuals. Researches were conducted in various areas to identify the leading 

causes of adult death in order to tackle the source and to provide specific intervention. Some of 

the previous studies reveal that determinants of adult mortality broadly fall within a holistic 

framework of socio-economic, demographic and behavioral factors [48]. For example, here are 

some scholars‟ affirmation with regards to factors and adult death.  

The three broad groups of causes of death were communicable and reproductive diseases, non-

communicable diseases and injuries [25]. Huge burden for sub-Saharan Africa that results 

significant impact on health systems and social and family structure is HIV/AIDS [25]. 

Socioeconomic development has substantial role on adult health improvement and it needs 

emphasis to enhance adult health condition [18] 

Therefore, studies conducted in different area to assess predictors of adult mortality state that 

there are predisposing factors for adult mortality. The following Table 4.1 shows some of the 

factors identified after business review.  
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Table 4.1 Some of Adult Mortality Predictors Identified during Business Review 

 

4.1.2 Task -2:     Disease prevention  

Virtually, everything around us and everything we do affect our health; such as vital events like 

birth, death, marriage, and divorces, injuries, health related behavior like smoking, alcoholism, 

and social factors such as poverty are some of the examples [9]. Disease prevention is one of the 

important components of the public health promotion that aims to push back the precursors and 

risk factors of disease. In this regard, adverse outcome that is contributed by different factors are 

prevented. Therefore, attributes captured for disease prevention in business area are noted as 

socio-economic, demographic, behavioral and environmental factors which determine whether or 

not a disease developed [9].  In business area, awareness to keep from potentials of disease can 

save the adult from premature death. 

References Attributes During Business Review 

 [5, 24] Period Water 

source 

Type of 

house 

Sex Malaria Diarrhea  

Education 

status 

Type of 

house 

Age Residential 

area  

Tuberculos

is 

Other and 

unknown 

cause 

[46] Marital 

status 

No 

education 

No gainful 

occupation 

Male sex Living In 

rural 

lowlands 

income 

 [1] Educational Sex Type of 

residence 

occupation

al 

Income Marital 

Status 

Smoking Drinking 

alcohol 

Drinking 

alcohol 

Type of 

household 

Type of 

fuel used 

Chewing 

tobacco 

 [15] Distance to 

Butajira 

House 

ownership 

Type of 

roof  

Number of 

rooms 

Timed  Distance to 

Butajira 

Literacy Education Source of 

water 

Type of 

roof 

Windows House 

owner 

[26,45] Education Rural 

lowlands 

Male sex Rural 

highlands 

- - 
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4.1.3 Task-3:   Advocacy efforts 

In this regard, active supports on adult health were given to address the problem by collaborative 

actions i.e. governmental and non-governmental efforts. FMOH has strategies for improvement 

and mitigation of adverse impacts of factors beyond the health sectors. Among the strategies, 

adult illiteracy is considered as a threat of the health sector development program. This leads to 

poor health coverage of the adult and emphasis is being given to mobilize community based 

awareness through education [54]. 

  In addition, there are also efforts to promote healthy behavioral life style in adult including 

reducing prevalence of daily smoking habit, heavy alcohol intake among adults, smoking and 

substance abused behavior [54]. In our country Ethiopia, there is literacy program that aimed 

primarily at literacy to enhance the skills and develop problem solving abilities of youth and 

adults; consequently that leads adult sustainably healthy and productive life [55].  

Hence, comprehensive assessment were made in order to identify variables that role he/she die or 

alive. The intension is to enquire specific health problems in the study by quantifying particular 

issues that mainly affect adult health conditions and become the important issues to evaluate 

adult health care intervention. Therefore, heath promotion and disease prevention have a great 

attention in adult mortality so as to avoid factors which may cause disease and illness and if an 

individual is exposed to them and neglect to take early preventive action that may attribute to 

death. 

 In data mining, it is obvious that one need to select the variables that help to generate important 

rules that become applicable in the domain area.  However, before this step exists, it is crucial to 

address the framework that illustrates the holistic area that need to be addressed in adult 

mortality. This is developed after reviewing the relevant literatures and discussion with domain 

experts. 

Thus, association of adult mortality with different predictors were reviewed from different 

books, journals and  idea from key peoples in the area with regard to adult mortality were gained 

to look the significant effects of predictors on adult health. To analyze the various factors on 

adult mortality, a conceptual framework which is recommended for such type of study by Saikia 
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et al. [1] was used by adding some important variables that determine adult health as depicted in 

Figure 4.1. 

                  

Figure .4.1 Conceptual Framework for Factors Affecting Adult Mortality 

Potential interactions among predictors and adult death were assessed from various sources to 

put forth the predictors affecting adult mortality and to create a model that is useful for 

prediction. Attributes like living in rural area, sex of the individual, marital status, literacy, 

education status of the individual, water source, housing condition, and income of individual, 

exposure to mass media, type of fuel used for cooking, occupational status, behavioral life style 

like smoking, chewing tobacco, and drinking alcohol are some of adult mortality predictors 

identified from problem domain understanding. 
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4.2. Data Understanding 

According to Cios et al. [27], data understanding phase mainly focuses on creating a target 

dataset with selected sets of variables that is relevant to discovery process. Without 

understanding the existing data, it is difficult to draw the target dataset from the origin since the 

world data is unclean and not appropriate at the source to run mining process. 

 Han and Kamber suggested [11] that attention should not be neglected to clean data for 

knowledge mining because the real world data is highly susceptible to noisy, inconsistency and 

incompleteness. Another idea that Han and Kamber added in the above suggestion is that the 

more the size of the data and the more multiple and heterogeneous source, the less the predictive 

performance of a model.  

4.2.1 The raw data descriptions  

 The source data employed for this research purpose is BRHP data which was collected from 

1987-2004 for the purpose of epidemiological surveillance in the rural Ethiopia based on 

different socio demographic and economic variables. This epidemiological surveillance data is 

collected from the nine randomly selected rural 
4
kebeles known as peasants association and one 

urban kebele known as urban dwellers association by implementing probability-proportional-to-

size technique [56]. The aim of this study is to create a model based on secondary data that was 

selected on the base of epidemiological surveillance in the district of Butajira. The entire 

attributes in the original dataset were not concerned for this experimentation. Thus, only relevant 

attributes were considered so as to achieve the objectives of the study. 

 From the whole dataset, only population with age 15-60 years was collected in order to satisfy 

the research goal in the study.  Initially, the dataset is available in SPSS 16.0 format, and it 

contains a total of 320112 episodes (raw) and 34 attributes (column). Once a sample data was 

collected from the whole dataset on which feature selection and preprocessing is conducted, the 

next task is comprehensive assessment of distal and proximal determinants based on their 

significance level with respect to adult mortality. Table 4.2 describes BRHP raw data variables.  

________________________ 

4 
Kebele is the smallest administrative unit in Ethiopia. 
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Table 4.2 List of Variables in the Initial Dataset 

 

Field Field name   Type Width  Measure

ments  

Descriptions 

01 TTYREF String  6 Nominal  22-year record reference number 

02 PA String 3 Nominal Peasant association  code  

03 ENVIR String 1 Nominal Environment of the household located  

04 HOUSENO String 5 Nominal House number for residence 

05 ID String 10 Nominal ID number 

06 NAME String 20 Nominal Name 

07 REL String 2 Nominal relationship with the head of house hold  

08 SEX String 1 Nominal F = female, M = male 

09 MID String 10 Nominal mother‟s id number 

10 FID String 10 Nominal father‟s id number 

11 MARITAL String 2 Nominal marital status during episode 

12 SEREPI Numeric  2 Nominal serial no. of individual‟s episode 

13 DBIRTH Date  12 Scale  date of birth  

14 RSTART String   2 Nominal  reason for episode starting 

15 DSTART Date  12 Scale  date of episode starting 

16 DEND Date  12 Scale  date of episode ending 

17 REND Sting   2 Nominal  reason for episode ending 

18 DDEATH Date   12 Scale  date of death 

19 TIMEX Numeric  4 Scale  days of exposure during episode 

20 CAUSE String  1 Nominal cause of death 

21 RELIG String  2 Nominal individual‟s religion 

22 LITER String 2 Nominal literacy during episode 

23 EDUCATION String  2 Nominal educational status during episode 

24 SOURCEW String  2 Nominal source of water during episode 

25 ROOF String   2 Nominal type of roof during episode 

26 WINDOWS String   2 Nominal windows in the house 

27 RADIUS Numeric  2 Nominal radius of circular house in metres 

28 ROOMS Numeric  2 Nominal number of rooms in house 

29 HOUSEOWN String  2 Nominal house ownership: 

30 OXEN String  2 Nominal number of oxen owned by family 

31 TIMAD Numeric  2 Scale  number of timad of land owned by family 

32 LATITUDE Numeric  8 Scale latitude of household 

33 LONGITUDE Numeric  8 Scale longitude of household 

34 DISTHOSP Numeric  4 Scale distance to Butajira 
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4.2.2 Attributes selection for knowledge discovery  

This is to get a minimum set of best attributes for classification. Related attributes during 

problem understanding were selected for predictive model building. This is because considering 

the effects of predictors (independent variables) with predicted (outcome variable) whether they 

are linearly associated or not. As Han and Kamber suggestion [11], datasets for analysis may 

contain hundreds of attributes, many of which may be irrelevant to the mining task; these 

possibly lead to do with domain expert to pick out some of the useful attributes by ignoring the 

irrelevant attributes. These in fact, maximize the quality of mining result as well as speed up the 

algorithm in mining process. But the question is, how a set of a good subset of the original 

attributes one can possibly find.  

Han and Kamber suggested that [11] one can filter the best and worthy features using tests of 

statistical significance. This means that selecting best features based on their significance level 

potentially explain the class attribute (survive or die). If the attributes are dependent to each 

other, they may spoil the predictive accuracy of the model/classifier. Therefore, identifying how 

far the independent variables are correlated with each other is becoming a pre-requisite of mining 

process. Thus, attributes were checked through multi-colinearity analysis for their 

interdependences in order to make the outcome of interest free of confusion by which the 

outcome is really affected. 

This can be checked using the tolerance and variance inflation factor; based on which one can 

decide the inter-predictors relationship.  For example, it can be said that a tolerance value of one 

indicates that a variable is not correlated with others and a value of zero indicates that it is 

perfectly correlated and for VIF two shows a close correlation and one shows little correlation 

[55].  

Based on this assumption, the colinearity diagnosis was checked and the result shows that there 

is no strong colinearity between the attributes since both tolerance and VIF are in the same 

region. Having bear in mind the above discussion to select the attributes from the original 

dataset, some of the variables removed from the sample dataset since they are less relevant for 

this particular study are house number, ID number, name, mother ID, date of death, date of birth, 

religion, latitude, longitude, father ID, ttyre (serial number of episode), and cause attribute. 



59 
 

Ignoring these attributes is based on business area and discussion with domain experts assuming 

that they are less important for adult mortality predictive modeling.  

For example, religion is removed since it is a sensitive attribute to describe the study variable.  

There are some redundancies in the original dataset; for instance, the attribute distance from 

hospital includes all the information in the attributes of latitude and longitude. Therefore, no 

need of including the latitude and longitude as a risk factors for adult mortality since distance 

from hospital contains the relevant information. Though the cause is important factor for adult 

mortality, it was removed in this particular study because it deals only for died class not for 

alive. Descriptive data visualization was used in this section as presented in 4.2. 

4.2.3 Descriptive data visualization  

                       

Figure 4.2 Comparison between Died and Alive 

After selection of attributes from the entire dataset, statistical summary was done and all the 

attributes were checked for their significance effect on the outcome variable. With this regards, 

survival Cox regression analysis was also used in order to investigate significance   of the 
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selected features on adult mortality. Table 4.3 below shows selected subset of attributes from the 

original dataset on the base of business review. The detail description of selected attributes is 

presented in annex 3. 

Table 4.3 Selected Subset Attributes from BRHP 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Attributes  Type Measurements  Descriptions       Remark   P-value  

Residence  String Nominal Code of  peasants 

villages 

Living in rural is 

high  risk than 

urban 

P<0.05 

Environme

nt  

String Nominal Environment of the 

house hold is located 

Climate  P<0.05 

Relation 

status  

String Nominal Relationship with the 

head of house hold 

Relation ship P<0.05 

Sex String Nominal F = female, M = male Sex of the 

individual 

P<0.05 

Marital 

status  

String Nominal Marital status during 

episode 

Marital status P<0.05 

Time of 

exposue  

Numeric  Scale  Days of exposure 

during episode 

Days of exposure 

during episode 

P<0.05 

Literacy  String Nominal Literacy during episode Literacy P<0.05 

Education 

status  

String  Nominal Educational status 

during episode 

Education status P<0.05 

Source of 

water 

String  Nominal Source of water during 

episode 

Water source P<0.05 

Roof String   Nominal Type of roof during 

episode 

Types of roof P<0.05 

Windows  String   Nominal Windows in the house Windows in house  P<0.05 

Radius  Numeric  Nominal Radius of circular 

house in metres 

Radius of circular 

House 

P<0.05 

Rooms  Numeric  Nominal Number of rooms in 

house 

Rooms in house P<0.05 

House own String  Nominal House ownership Ownership of the  

house 

P<0.05 

Oxen  String  Nominal Number of oxen owned 

by family 

Number of oxen P<0.05 

Timad  Numeric  Scale  Number of timad  Number of timad  P<0.05 

Dstance to 

Butajira 

Numeric  Scale Distance to Butajira Distance from 

Butajira  

P<0.05 

Age  numeric Scale Age of the adult Age of the 

individual  

P<0.05 

Inmigration String Nominal Moving inside the 

population 

Moving in  P<0.05 

Outmigrati

on  

String Nominal Moving outside the 

population  

Moving out P<0.05 
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After selecting the features that determine adult health in the domain area, the next task is 

deciding on the number of sample dataset. As shown in Figure 4.2, out of the total, 97.6% were 

alive and 2.4% were died. The dataset of adult age 15-60 years for both classes (Alive or Died) 

were observed that they are imbalance. 

According to Han and Kamber, if the data is skewed to one side just like our case, drawing 

representative sample is crucial to ensure each group is represented by equal number of instances 

and one can   search for hidden knowledge on a sample instead of mining entire dataset [12, 32].  

 

In this research work, sample data was drawn from both classes using stratified random sampling 

technique. To get the adequate amount of the sample from the demographic data that has been 

collected for the last 22 years, samples of records were obtained after stratification for ten 

peasant associations in the district. This was done by selecting the sample of cases from each 

peasant associations without replacement techniques available in SPSS statistical software. To 

select proportional samples of died adult from each peasant association; the ten villages were 

stratified into ten strata. From each strata using SPSS statistical tool, 25% sample records of died 

adult were selected randomly.  

 

This process has resulted to a total of 2,715 died cases.  In order to insure an equal representation 

of events for both classes (died and alive), 41,149 sample records about alive adults were also 

randomly selected from each of the ten-villages; a total of 43,864 selected cases from the ten 

villages based on both classes were obtained and used to build and test a model. The number of 

sample records selected and the procedures used to select a sample about both died and alive 

cases from the ten villages of the BRHP study area is summarized in the following Table 4.4. 
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Table 4.4 Dataset Selection Procedures 

PA 

code  

Villages  Frequency  Alive  Selected Died Selected Total 

005 Mmeskan 17667 17192 4298 475 238 4536 

007 Bati 20620 19967 4992 653 327 5319 

008 Dobena 21946 21035 5259 911 456 5715 

011 Bido 10886 10576 2644 310 155 2799 

04B Dirama 13028 12653 3164 375 188 3352 

06A Yeteker 21228 20656 5164 572 286 5450 

06B Wrib 24008 23381 5846 627 314 6160 

09A Mjarda 14916 14488 3622 428 214 3836 

09B Hobe 19069 18548 4637 521 261 4898 

K04 Butajira  61433 60882 1523 551 276 1799 

Total  224801 219378 41149 5423 2715 43,864 

     PA = peasant association code  

4.3 Data Preprocessing for Mining  

In this study, secondary data (BRHP) source was used. This data is organized by collecting facts 

from households located at Butajira rural health program that had been collected from 1986-2004 

for the purpose of epidemiological surveillance in the rural Ethiopia. This contains records on 

socio demographic, sex, income, residences, sources of water, education, housing condition, 

environmental condition, causes etc. The 22 years data is used as a base for data collection, 

which is kept for the study in the school of public health, Addis Ababa University. It contains a 

total of 320,112 records of individuals registered in all the ten villages of the BRHP study area. 

Therefore, no further data collection mechanisms are employed since the collected data is ample 

enough to undertake the planned research. Creating a target dataset focusing on a subset of 

variables or data samples which is relevant on which discovery aimed to solve the problem was 

selected.  Therefore, to increase mining process of the algorithms, understanding the information 

enfolded in the data was undertaken through solving the problems related with incompleteness, 

redundancy, and missing values that are undesirably incorporated with selected dataset. 
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   4.3.1 Handling Missing Values                                                        

Missing attributes values in the data is most likely associated with unavailability of interesting 

information, lack of knowhow on the importance of data at the time of entry, misunderstanding 

of the data, the respondents him/her self may refuse to answer certain questions or they may not 

know the answer exactly or may answer in an unexpected manner. Susceptibility of data for 

noisy, in consistency and incompleteness is becoming dominant in real world; this is mainly 

related with its huge size and heterogeneous source of data [11]. Thus, it is important for the 

researcher to manage missing values efficiently. If the missing values are not handled properly, 

handling data missing values in the dataset in filtering to get quality data that substantially 

improves the overall quality of the patterns mined is very crucial. This contributes for the success 

of timely mining process.  

As it is suggested [11], it is possible to ignore the tuple when the class label is missing especially 

for classification tasks. But, this method is not effective unless the tuple contains several 

attributes with missing values and if the attributes‟ effect is significant for outcome of interest. 

Here in our case there are such kinds of tuples with missing values which are represented by a 

„99‟. These are timad, room, and radius as depicted in Table 4.5 

Table 4.5 Statistical Summary of Attributes with Missing Values 

  Timad  Radius Room 

        N Valid  174736(77.7%) 132804(59.1%) 212560(94.6%) 

Missing  50065(22.3%) 91997(40.9%) 12241(5.4%) 

Total  224801(100%) 224801(100%) 224801(100%) 

Mean 2.95 3.40 1.53 

Median 3.00 3.00 1.00 

Mode 2 3 1 

Std. Deviation 2.512 .724 1.017 

Skewness 18.067 .160 2.705 

Tale 4.6 Missing Values Handling Mechanisms 

 

 

 

No Attribute

s name  

Attribute

s type  

Missing  Substituted 

mean value  

1.  Timad  Numeric  50065(22.3%) 2.95 

2.  Room Numeric  12241(5.4%) 1.53 

3.  Radius Numeric  91997(40.9%) 3.40 
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After missing values have been detected, the next task is filling the missing values with their 

mean for all episodes belonging to the same class using statistical tool (SPSS) as depicted in 

Table 4.6 

4.3.2 Handling outliers  

After replacing missing values, the next task is detecting outliers since data can be over dispersed 

by various factors. Outliers are one of the factors that potentially hinder the knowledge in the 

data which do not comply with the general behavior or model of the data [11, 58]. 

 According to Han and Kamber [11], a common rule of thumb for identifying suspected outliers 

is to single out values falling at least 1:5XIQR (Inter Quartile Range) above the third quartile or 

below the first quartiles which are upper and lower adjusted values respectively. In this case, the 

box plot which is a graphical representation of a dataset was used to develop a visual impression 

of location, spread, and the degree and direction of skewness as depicted in Figure 4.3. 

 

 

Figure 4.3 Box Plot to Detect Outliers 

 

All points outside both lower and upper adjustment layers are represented by circles and 

considered to be outliers [58] for outlier detection was employed for  this sub section. Upper 

adjustment = Q3+(1.5*IQR) and Lower adjusmtent =Q1-(1.5*IQR). Outliers in this section were  

detected based on the statistical analysis of Table 4.7. 

Table 4.7 Table for Twenty Fifth and Sevety Fifth Percentile 

 Median Mode Min. Max.              Percentiles 

Missing Mean 25 50 75 

ROOMS 1.5271 1.0000 1.00 1.00 8.00 1.0000 1.0000 2.0000 

TIMAD 2.9537 3.0000 2.00 0.00 98.00 2.0000 3.0000 4.0000 

RADIUS 3.4070 3.0000 3.00 2.00 10.00 3.0000 3.0000 4.0000 

DISHOP 7.694 7.600 0.9 .4 20.8 1.400 7.600 11.100 
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Therefore, considering the formula shown above, all the values above and below the adjustment 

was considered as outlier. Calculation used for outlier detection is presented in Annex 1. Once 

outliers are detected, all the values were replaced by their respective attribute series mean. The 

following Figure 4.4 indicates box plots used for visualize the outliers in the dataset. Age 

attribute  is used in the plot to ilustrate it has no outliered value. 

 

                           Figure 4.4:  Box Plot used for Numeric attributes to Detect Outliers 

 

4.3.3 Data decoding  

Although the original dataset was organized in rows (episodes) and columns (attributes) using 

SPSS statistical software, it was not possible to import this dataset as it is into the data mining 

software (Weka). Therefore, data decoding is a necessary step in data cleaning process 
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 Data decoding was done through allocating a new set of replacement values for a set of values in 

a given attribute such that each old value can be identified with one of the new values. Specially, 

if numbers represent a unique concepts and non-value with in continuous range of some quantity 

it needs conversion in to symbols [15]. Here in our case there are attributes with numeric codes 

(PA). For the purpose of limiting the confusion during model creation such types of numeric 

codes were converted to their respective symbols. The alphanumeric code given for the peasant 

association for nine rural kebeles and one urban kebele was regrouped in to their actual values as 

depicted in Table 4.8. 

                                            Table 4. 8 Peasant association   Attribute Transformation  

 Peasant association code  New value represented 

005 Meskan 

007 Bati 

008 Dobena 

011 Bido 

04B Dirama 

06A Yeteker 

06B Wrib 

09A Mjarda 

09B Hobe 

K04 Butajira area 04 

4.3.4   Attributes  transformation 

Data transformation has momentous effect on data mining since it helps to fix the problem of 

missing values in the data and brings information to the surface by creating new features to 

represent trends and other ratios [38]. In this study, through data transformation, the following 

attributes are obtained.                                                             

 Age: Considering some variable as relevant for the adult mortality predictive modeling, they 

were   created from the original dataset. Age attribute was derived from date of birth and from 

the last census enumeration by using statistical tool (SPSS). According to the objective of the 

study, individuals ages 15-60 were selected for this research work. This helps to look the 

problem existence in different age groups and helps to bring a solution depending on the clue 

from the study.                                                           
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Residence: It was created from the original dataset of PA (peasant association code) attribute. 

This is considering the business area suggestion. Business tells that residence as one of the 

influential factors in adult mortality. In the existing dataset there is PA attribute which is 

represented by alphanumeric number codes. These codes were regrouped in to two areas, i.e. the 

nine rural kebles as a rural and the K04 as urban kebele; then we have residence as a factor for 

adult mortality                              

 Inmigration: This attribute was created from reason for episode starting. Considering as 

important parameter of reason for episode start inmigration  attribute ws created. 

Outmigration: This attribute was created from reason for end.  Considering Outmigration as 

important parameter in domain area, it was created from reason for end. Using them as they are 

in the original dataset, leads to overlapping of the features(reason for start and reason for end) 

such that it is impossible to mine the knowledge and become obstacle in pattern extraction.  

Status attribute: These are derived from rend (reason for end) since they are variables intended 

in the study (died, alive). 

4.3.5  Weka understandable format  

After all, the next important issue was importing the selected dataset from SPSS document 

format into Ms-Excel format in order to create Weka understandable format (arff and csv) for 

experimentation. Table 4.9 presets comparison of the original dataset and the refined target 

dataset. 

Table 4.9 Summary of Original and Target Datasets 

Parameters Original dataset  Target dataset  

Fields   34 27 

Total Number Of Records  320,112 62,869 

File Format  SPSS 16.0  .xls .csv .arf 

Size of Data  84.3MB 12.1MB 3.05MB 4.83MB 
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CHAPTER FIVE 

EXPERIMENTATION 

5.1 Overview of Experimentation 

In this study different experiments were conducted using various data mining methods to derive 

knowledge from preprocessed data to predict unseen episodes of adults. 

According to the methodology of this study after preparation of the data, the next task is the 

mining process. As it has been stated in the previous sections, from the both classes, 43,864 

cases consists of 41149(97.6%) alive and 2715(2.4 %) died dataset were applied for 

experimentation. 

 To avoid the effect of data imbalance on the model created, Weka based SMOTE technique is 

applied. This is automatic operation where minority classes are over sampled by generating 

synthetic examples of minority class and adding them to the dataset to make the target attribute 

balanced [59].  According to Larose [60], if the class attribute is imbalance, this condition further 

need balancing by different techniques. Unless the classes are proportional, the classification will 

be skewed in dominant classes. Consequently, the new predicted instances will also fall in the 

dominant classes erroneously unless the classes‟ proportionality is considered. 

Therefore, assuming such kind of problem in our case, SMOTE technique on the dataset selected 

for both training and testing have been applied using Weka data mining tool. Thus, the 

classification accuracy of the minority class become increased in the SMOTE technique for 

certain level i.e. the total of  62,869 cases (41,149 alive and 21,720 died) were provided and the 

subsequent experimentations were conducted  based on this sample dataset. Figure 5.1 shows the 

original dataset and the balanced one after applying the SMOTE technique.  
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(a) Before SMOTE                                                       (b) After  SMOTE  

Figure 5.1 Side by side Review of the class variable using SMOTE 

For experimentation, different algorithms were employed considering different parameters for 

model building such as pruning, unpruning and testing model performance with selected 

attributes and all attributes in both training and testing phases as depicted in Table 5.1.  

Table 5.1 Experiments and Scenarios 

 

  

 

 

 

 

 

             Experiments(1-3)              Scenarios(1-6) 

J48 Unpruned Tree Model Generation 

 

J48 unpruned with all attributes  

J48 unpruned with selected attributes  

J48 Pruned Tree Model Generation 

 

J48 pruned tree model with all attributes 

J48 pruned tree model with selected 

attributes 

Naïve Bayes Classifier  

 

Naïve Bayes with all attributes  

Naïve Bayes with selected attributes  
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To build predictive model, 62,869 instances and 21 attributes were used through using both 

Naïve Bayes classifier and decision tree algorithm. The models generated with all attributes were 

compared with models with selected attributes.  

To evaluate the performance of the models, the researcher used ten various number of percentage 

split starting from 10 to 99 since it ranges from 1 to 100 excluding the two extreme borders. In 

this scenario, all the results were closely equal but the only difference observed was variation of 

the execution period. The lowest execution time taken was observed in 70 percentages split.   

Therefore, in this study, the learning procedure was executed by using 10-folds cross validation 

on different training and testing sets with 70 percentage split in the three experiments and six 

scenarios. Moreover, the performance of the models in this study was evaluated using the 

standard metrics of the accuracy, precision, sensitivity, specificity and the ROC area using the 

predictive classification table, confusion matrix.  

Finally, the J48 pruned tree model with an accurate result of prediction 97.127% is selected and 

rule tracing and further analysis was employed. In this section, the importance of attributes in 

adult mortality predictive modeling were checked by maximum gain ratio using Weka attribute 

ranking optimal attributes as depicted in Table 5. 

Table 5.2 Attributes Rank with Information Gain 

Name Of Attributes Information gain Name Of 

Attributes 

Information 

gain 

 Dishop 0.6733  Roof 0.1203 

 Age 0.6155 Windows 0.1084 

 Timad 0.554  Source of Water 0.0905 

 Radius 0.4863  Residence 0.0877 

 Rooms 0.3224  Relation 0.0819 

 Time of Exposure  0.3218 Outmigration 0.0787 

 Education 0.2587 Environment 0.0723 

 Marital Status 0.2339 Inmigration 0.0675 

 Literacy 0.1855 House ownership 0.0555 

 Oxen 0.1317 Sex 0.0265 
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5.2 Selecting and Evaluating the Attributes  

Attributes selection involves searching through all possible combinations of attributes in the data 

to find which subset of attributes work best for prediction. To do this, determining CfSubsetEval 

method was used to assign a worth to each subset of attribute by searching ranker style in the 

Weka. With this regards, attributes selected using best first techniques in Weka are sex, literacy, 

education, distance form hospital, age, radius, timad, rooms, in migration and out migration. 

 

During experimentations, all the default parameters that already set in the Weka were used 

except that the unpruned „False‟ was changed to unpruned „True‟ during J48 unpruned tree 

generation in order to experiment the model performance without pruning the tree. 

Table 5.3 J48 Classifier Parameter Options 

Parameters  Descriptions Paramet

er type  

binarySplit When to use binary split on nominal attributes 

when building the trees. 

Boolean  

confidenceFactor The confidence factor used for pruning (smaller 

values incur more pruning). 

Numeric  

Debug If set to true, classifier may out put additional 

info to the console. 

Boolean  

minNumObj The minimum number of instances per leaf. Numeric  

NumFolds Determines the amount of data used for 

reduced-error pruning. One fold is used for 

pruning, the rest for growing the tree.  

Numeric  

reducedEroorPruning  Whether reduced-error pruning is used instead 

of C.4.5 pruning. 

Boolean  

saveInstanceData Whether to save the training data for 

visualization. 

Boolean  

Seed The seed used for randomizing the data when 

reduced-error pruning is used. 

Numeric  

subtreeRaising Whether to consider the sub tree raising 

operation when pruning. 

Boolean  

Unpruned Whether pruning is performed. Boolean  

usedLaplace Whether counts at leaves are smoothed based 

on Laplace. 

Boolean  
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5.3 Model Building  

To build the model, three different experiments were conducted using J48 decision tree and 

Naïve Bayes classifier. The intention here is to investigate the effect of attribute selection on 

classification accuracy as well as model complexity and decision tree size on both pruned and 

unpruned J48 tree classifiers. The second algorithm, Naïve Bayes classifier was evaluated on 

model performance with all and selected attributes. Before conducting different experiments, 

sample dataset was learnt by assigning different dataset for each type of set in model creation 

and model usage. To get the best performance of the model, the researcher conducted using 

different cross validation values on both training and testing schemes as depicted in Table 5.4. 

Table 5.4 Performance of the Classifier for Different K-Values 
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Number of cross validation folds (K values) 

2 3 4 5 6 7 8 9 10 

Accuracy 

(%)  

96.8

57   
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97.1

003 

97.1

274 

97.1

083 

97.1

035 

97.0

781 

97.1

894 

97.17

83 

                                                                                                                      

 

Figure 5.2 Learning Progress Curve 

As indicated in Figure 5.2, though the performance variations among different k values are 

minimal i.e. nearly 97% successes, a bit higher performance was observed  in 10 fold k-folds 

with its minimal error rate to classify the instances in wrong classes. 

The following Table 5.5 indicates the performance summary of the experimental results for all 

experiments.  

 

96.6

96.8
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97.2

97.4
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Table 5.5 Performance Summary of the Models 

 

Various results have been executed using J48 unpruned tree, J48 pruned tree, and Naïve Bayes 

models. The first experiment shows that J48 unpruned decision tree algorithm with all attributes 

is capable in adult mortality predicting with performance of 96.9%.  The result of J48 unpruned 

decision tree classifier with selecting attributes also has significant effect on classification and 

prediction accuracy of adult mortality (93.6%). The second experiment indicates that J48 pruned 

decision tree algorithm with all attributes is highly competent of 97.2 % in accurate adult 

mortality prediction. J48 prune decision tree classifier with selecting attributes also has 

promising effect on predicting adult mortality which performs 93.7%. Finally, the third 

experiment was designed to evaluate the performance of the Naïve Bayes algorithm in predicting 

adult mortality. The result indicates that the classifier performance with all attributes is slightly 

higher than classifier performance with selected attributes; the respective figure is 95.734% and 

94.6571 %.  The following Figure 5.3 shows variations of accuracy among models.  

                                  Experiments of the detailed accuracy by class 
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Scenario1 96.9 % 97.8%      95.2% 0.969      0.969      0.969      0.973     3984 3046 

 

Scenario2  93.6 % 

 

95.6%      89.8% 0.936      0.936      0.936      0.96      3012 

 

1573 

 

Scenario3 97.2% 98.5 %     94.6%      0.972      0.972           0.972       0.983     1031 

 

715 

Scenario4 93.7 % 96% 89.3%     0.937                0.937                0.937                0.964     2043 

 

1054 

Scenario5 95.7% 98.1%      91.3% 0.957       0.957       0.957       0.983 - - 

Scenario6 94.7% 97.1% 90%  0.946            0.947         0.946          0.976     - - 
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Figure 5.3 Accuracy of All Models in the Experiments 

Moreover, the predictive performances of the models were also compared using different 

performance measures as testing criteria of the models.  

                   

Figure 5.4 Performance Comparison of the Models 

These are TP rate, TN rate, precision, and F-measure and ROC area. With regards to TP rate, J48 

pruned tree score of 98.5% while the lowest score is observed in J48unpruned with selected 
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attributes (95.6%). The highest score of 95.2% TN rate in the experiment is registered by J48 

unpruned tree model with all attributes followed by J48 pruned tree model with all attributes 

which registers 94.6%.  Figure 5.4 shows the comparison of the performance measures.       

In general, J48 pruned tree model, J48 unpruned tree and Naives Bayes are appeared with 

competent predictive performance for adult mortality. From all the scenarios experimented, all 

models reveal the better performance in predicting True positive cases or sensitivity (alive); than 

predictive performance of True negative case or specificity (died). This is the fact due to the 

model committing a bias to majority class over the minority class (alive and died) respectively. 

The next task in testing the model to decide which one of the six models constitutes a better 

model/classifier of the BRHP data is evaluated using ROC analysis. This is Receiver Operating 

Characteristic analysis in which the curve the more to the upper left would indicate a better 

classifier [20]. Here in our case, the ROC area performance of the algorithms show that J48 

pruned tree algorithm with all attributes and Naïve Bayes with all attributes scored the highest 

area of 0.983. The lowest ROC keeps account in J48 unpruned with selected attributes which is 

0.96.  

With regards of ROC area, a model with perfect accuracy will have an area of 1.0 i.e. the larger 

the area, the better performance of the model or the larger values of the test result variable 

indicates the stronger evidence for a positive actual state. Therefore, from the result, J48 pruned 

tree model and Naïve Bayes classifier have a good capability of 98.3% in adult mortality 

prediction. Based on the above assumptions, J48 pruned tree model with all attributes has an 

outstanding performance of 97.2% accurate prediction with 0.983 ROC areas. 

Thus, J48 pruned tree model with all attributes is selected as the best model and its confusion 

matrix and ROC area are presented in the following session. The experimental outputs of others 

are presented in Annex 2.  

5.3.1 Selected model performance and evaluations    

During J48 pruned tree model generation, the effect of the attributes on the model performance 

was investigated. The full training set containing a total of 62,869 instances were used in all and 

selected attributes. In addition to above performance metrics used, in terms of  tree size and 

number of leaves, relatively J48 pruned with all attributes is more understandable and less 
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complex to human than other others model generated. Therefore, the performance of J48 pruned 

tree classifier with all attributes gives a valuable information in predicting adult mortality as 

compared to models with all and selected attributes. The following Figure 5.5 shows the output 

of J48 pruned tree model.  

Scheme:       Weka.classifiers.trees.J48 -C 0.25 -M 2 

Attribute:            21 

Test mode 10-fold cross-validation 

J48 Pruned  Tree 

Number of Leaves  :  715 

Size of the tree :  1031 

Time taken to build model: 5.99 seconds 

Correctly Classified Instances       61095               97.1783 % 

Incorrectly Classified Instances      1774                2.8217 % 

Total Number of Instances            62869 

Detailed Accuracy By Class 

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

0.985     0.054        0.972         0.985        0.979          0.983           Alive 

0.946     0.015        0.971         0.946        0.959           0.983           Died 

0.972      0.04         0.972         0.972        0.972           0.983          Weighted Avg.       

= = = Confusion Matrix = = = 

a     b   <-- classified as 

40540   609 |     a = Alive 

1165 20555 |     b = Died 

                   

                       Figure 5.5 J48 Pruned Tree Model with All Attributes 

In J48 pruned tree predictive model, the predictive performance of the model is 97.2 % i.e.  61, 

1095 instances were classified correctly while 1774 (2.9%) instances were wrongly misclassified 

to other class. The model classified 40540 instances as alive out of 41149 instances that in fact 

they are alive as tested on the test data or which are classified correctly in the class of alive. The 

remaining 609 instances were misclassified to another class as died actually they are alive. 

The model classified 20555 instances as died out of 21720 instances that in fact died and 

wrongly classified 1165 instances to other class as alive while actually they had died. The model 

has a good performance in classifying the instances in True class (TP) than True negative class 
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(TN) (alive and died) with predictive performance of 98.5% and 94.6% respectively. Thus, it is 

possible to conclude that the model is in a good performance to classify True positive than True 

negative. 

 From the precision score of the model, the precision of this model for „Alive‟ class is a bit 

higher than precision of „Died‟ class (0.972 and 0.971) respectively. With an average precision 

of 97.2%, instances labeled as belonging for each class Yes and class No (alive, died ). From 

harmonic mean of precision and recall which is F-score, with value of 0.972, it can be concluded 

that the precision and recall of the model are significantly balanced.  

When we come to the ROC curve of the selected model, the true positive case (sensitivity) and 

false positive case (specificity) are represented by vertical axis and horizontal axis, i.e. instances 

are predicted as alive actually they are alive and predicted as died actually they were died 

respectively. Figure 5.6 shows the ROC area of J48 pruned tree model with all attributes.                                                                                                      

 

Figure 5.6 ROC Area of J48 Pruned Model with all attributes  
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In the above curve, Figure 4.6, initially it moves sharply up from zero showing that the model is 

better in detecting true positive than false positive. At the end,  the curve trade off and become 

more horizontal showing that from the point where the curve starts to bend to onwards, false 

positivity outweighs true positivity i.e. the more the curve bend to the right, the more the false 

positivity rate and the less true positivity rate. The area under the model J48 pruned tree model is 

0.983 which is closer to 1 showing that the class value yes gives ROC accuracy of 98.3%. In 

general, the performance measure of the selected model is depicted in Figure 5.7. 

            

Figure 5.7 Performace Measures  the Selected  Model 

5.4. Discussion 

In this study, three experiments have been conducted using two data mining classification 

algorithms i.e. J48 algorithm and Naïve Bayes classifier in order to build a model that predicts 

adult mortality status. The goal in this study was to explore BRHP dataset in order to build the 

model that can predict adult mortality and to discover interesting patterns which are hidden in 

BRHP dataset, finally to notice the attributes that existed as predictors of adult mortality. 

 Wirth regards of  effect of decision tree pruning, it is obvious that model with grown size of tree 

make the model difficult to understand and interpret by human as well as generating the rule 

become challenging. The experiment was done to reduce the complexity of the tree so as to make 

model more compact and understandable. Therefore, the models were experimented through 
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pruning and unpruning the tree on the training schemes. The result indicates that the effect of 

pruning is strong and number of leaves reduced from 3046 to 715 and size of the tree from 3984 

to 1031. In pruned tree model, not only size of tree and leaves reduced but the accuracy of the 

model is improved from 96.9% to 97.2%. This is due to the fact, avoiding of branches that return 

unnecessary effects on the model 

 J48 pruned tree model was selected with its performance that could predict status of adult (alive, 

die) i.e. 97.2% accurate prediction with the respective concordant (True positive and True 

Negative) with the lower mean absolute error (0.0412) which measures the error between actual 

and predicted value and with high kappa statistic measures (0.9372); it is usually 1.0 which implies 

complete agreement. In this study, the model created using J48 pruned tree registers good 

performance and hence selected for further analysis/rule tracing. The first six most important 

parameters/attributes that determine adult mortality are education status, outmigration, 

inmigration, literacy, residence, and distance from the Butajira town. Some previous studies [26, 

45, and 61] also ensure these attributes as predictors of adult death. 

5.4.1 Rule Extraction 

To make a decision tree model more human-readable each path from root to leaf can be 

transformed into an IF-THEN rule. If the condition is satisfied, the conclusion follows. The 

algorithm decision tree is the best known method for deriving rules from classification trees. 

Figure 5.8 shows the partial decision tree generated for BRHP dataset. 

 

 

Figure 5.8 Partial Decision Tree Generated For BRHP Dataset 
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This is simply by traversing any given path from the root node to any leaf. The numbers in 

(parentheses) at the end of each leaf indicates the number of examples in the leaves. The number 

of misclassified examples would also be given, after a slash and hence it is possible to compute 

the success fraction (ratio) to estimate the level of confidence or likelihood of predictability of 

the class that tells how much the rule is strong.  

 

From the entire models that were generated, J48 pruned tree model with all attributes is selected 

as the best model for rule generation. This is due to the rules provided by decision tree models 

can be easily assimilated by human without any difficulty.J48 pruned tree model with all 

attributes produced different rules. However, the researcher selected best rules that cover most of 

the data points in the study. The partial decision tree generated is presented in annex 4. 

 After the rule extraction, the researcher turns back to domain experts to discuss up on the 

generated rules. Some of the rules generated by J48 pruned tree model with all attributes are: 

 

RULE 1: IF EDUCATION = NO AND   TIME OF EXPOSURE <= 1377.333662 AND   AGE <= 43 

AND OUTMIGRATION = NO AND INMIGRATION = NO AND   LITERACY = LI AND   

WINDOWS = NO AND OXEN = UK AND SEX = M AND   ENVIRNMENT = H: THEN the 

class is Died (119.0/2.0).  

The first rule selected from the rules generated by J48 pruned tree model gives correct result of 

119 out of 121 instances that it covers. From this, the likelihood of predictability of the 

individual to die or death attributed by the above predictors is about 98.4%.  

RULE 2: IF EDUCATION = NO AND   TIME OF EXPOSURE <= 1377.333662 AND   AGE <= 43 

AND OUTMIGRATION = NO AND INMIGRATION = NO AND   LITER = LI AND   

WINDOWS = NO AND OXEN = UK AND SEX = M AND ENVIRONMENT= L: THEN the 

class is Died (38.0/1.0). 

The second rule selected from J48 tree pruned model is also shows that if the predictors in the 

above rule 2 are fulfilled, the chance of the person likely to die is 97.4%. All attributes are being 

constant in the first and second rules, the environment in which the adult lives matter the 

condition of adult health pattern and states that, living in rural highland and rural lowland is 

attributable to adult death. The domain experts accepted this rule by saying „rural lowlands and 

rural highlands are known socio demographic factors of adult death than urban‟. When 
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comparing this rule with previous study in Butajira district says “most important socio-

demographic factors that significantly associated with adult mortality are having no educated, the 

male sex, and  living in the rural lowlands” [26].  

 

Therefore, J48 pruned tree model of data mining technology reveals that if no education in 

family and the person is living in rural highland and lowland, the probability of experiencing 

adult death is 98.4% and 97.4% respectively with concomitant attributes in the above rules. 

 

 RULE 3: IF EDUCATION=COMPLETED PRIMARY:THEN the class is Alive(2855.0/33.0) 

RULE 4: IF EDUCATION = COMPLETED SECONDARY: THEN the class is Alive (1446.0/15.0) 

RULE 5: IF EDUCATION = FURTHER EDUCATION: THEN the class is Alive (153.0). 

Rule 3, 4 and 5 state that education alone matter the fate of the adult to live or to die without 

incorporating with other variables. As it has seen in the above rules, the probability of adult to 

survive is increases as the education attainment of the adult increases. Results from J48 pruned 

tree model of data mining algorithm reveals that the likely chance of adult to survive in 

completed primary school, completed secondary school, and  further education is (98.9%, 99%, 

100%) respectively. This in short can be explained as, the more the education the more the 

chance not to die in unfinished old age. The domain experts accepted this rule as education is a 

central role and mortality can be explained by education and adult with no formal education is 

more likely to die than adult with education. 

 

 Again comparing these rules with domain knowledge, study in rural Italy reported that men with 

college education were found to have significantly higher survival rates as compared to men who 

have no formal education [3]. According to Mitike et al. [26], education is one of the most 

important socio-demographic factors that affect adult health. Therefore, rule 3,4,and 5 are also 

strong(98.9%, 99%, 100%) respectively to predict adult mortality pattern.  

 

RULE 6: IF EDUCA = UK AND   OUTMIGRATION = NO AND INMIGRATION = YES AND LITER = 

LI AND   RESIDENCE = Butajira area 04: THEN the class Alive (383.0/4.0).  

The rule gave a correct result for 383 of the 387 instances that it covers; thus its success fraction 

is 383/387(98.9%). This rule states that the likelihood of adult to live is 99% with concomitant 
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attributes in rule 6. In the domain area, this rule is a bit harsh to reality i.e. education 

unknown=>alive. However, assuming all the values of the other attributes, this rule is accepted 

as „the residence in which the adult live determines adult‟s health condition. Previous study in 

Butajira District reveals that “living in Butajira town had a considerable survival advantage 

compared with the surrounding villages” [61]. Another study also reveals that “young adults 

from the rural highlands and lowlands had a higher risk of death than young urban adults” [45]. 

To this end, from the above rules 1 to 6, the J48 pruned tree algorithm with all attributes 

suggested that educations plays a considerable role as a root cause of adult death. Adult mortality 

is also associated with time of exposure, age, outmigration, inmigration, literacy, windows, oxen, 

environment and sex with the combination of education.  

Thus, unfinished adult death by family or society due to early death of adult members can be 

minimized in formulating awareness creation  for the people living at the rural area of the 

socioeconomic strata of the society through giving due emphasis for educational attainment in 

the area.  

5.5 Error Rate of the Selected Model 

Though the predictive performance of the selected model is promising 97.2% of accuracy for 

adult mortality prediction, the model commits 2.8% of the cases to classify wrongly to some 

other class. 

The learning algorithm made bias to the majority class (alive) in our case such that in all the 

modes the predictive performance in identifying True Positive or alive cases of model is higher 

than identifying True Negative or die cases. This is because there is imbalanced between the two 

classes in the dataset. Consequently, the model tends to misclassify instances to some other class.  

The other reason for misclassification is due to the fact that adult mortality status (alive or die) is 

based on the values of other attributes i.e. taking the similarity of the other attributes as a 

predominant predictive values.  Table 5.6 presents instances of predicted and actual class. 
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Table 5.6 Sample of Instances that Shows Predicted and the Actual Class 

 

 

 

 

 

 

 

 

 

 

 

 

 

As shown above Table 5.6, sample 1 and sample 4 were classified correctly as alive and died 

while actually they are alive and died respectively. Including sample 1 and sample 2, there are 

about 61095 instances that were correctly classified by the model. Sample 2 and sample 3 were 

misclassified as died and alive while actually they are alive and died respectively. Including 

sample 2 and sample 3, there are about 1774 instances that were misclassified to other class. 

  

Sample instances #1 #2 #3 #4 
A

tt
ri

b
u

te
s 

RESIDENCE Meskan Meskan Butajira area 

04 
Mjarda 

ENVIR H H U L 

REL HE CH CH HE 

SEX M M F F 

MARITAL NM TY TY PO 

TIMEX 301 1411 686 222 

LITER LI TY TY LI 

EDUCATION NO TY NO UK 

SOURCEW PI WU PI RI 

ROOF CO TH CO UK 

WINDOWS YE YE YE NO 

HOUSEOWN OW OW OW OW 

OXEN NO SI UK NO 

DISTHOSP 2.9 2.9 0.8 17.4 

AGE 31 16 29 34 

RADIUS 3.41 3 3.41 3.41 

TIMAD 0 2 2.95 2 

ROOMS 2 1 2 1 

INMIGRATION YES NO NO NO 

OUTMIGRATION NO NO NO NO 

S
ta

tu

s 

ACTUAL Alive  Alive  Died Died 

PREDICTED  Alive Died Alive Died 
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CHAPTER SIX 

CONCLUSION AND RECOMMENDATION 

6.1 Summary and Conclusion 

Getting accurate data about patients‟ health care seeking conditions remained as a problem for a 

long time. In the times in which now we are living, application of data mining technology has 

increasingly become very popular and proved to be relevant for many sectors such as retail trade, 

health care, telecommunications, and banking. In particular, in the health care sector, data mining 

technology has been applied for patient survival analysis, prediction of prognosis and diagnosis, 

for outcomes measurement, to improve patient care and decision-making etc. Thus, the invention 

of ICT  related technology (data mining), has made domain experts‟ tasks easy with regard to 

patients‟ health seeking data collection, processing, retrieval and application as well as predicting 

their future fate. 

 

Although various research have been conducted in the area using traditional statistical tools  in 

different aspects, data mining technology has not yet been elucidated in adult mortality condition 

in the area. This study attempted to explore data mining technology on adult predictive modeling 

using data base of BRHP that can help health care providers in the district to identify adults who 

are at risk for certain factors. Furthermore, such a predictive model can then be applied in 

assisting adult health care prevention and control activities in the region. 

 

The hybrid, iterative methodology, was employed in this study which consists of six basic steps 

such as problem domain understanding, data understanding, data preparation, data mining, and 

evaluation of the discovered knowledge and use of discovered knowledge. 

 In order to  generate interesting rule from the huge and massive data collected in the BRHP, a 

total of 43,864 instances  in age group 15-60 years  were taken using stratified simple  random 

technique from each peasant association in respective of both classes(died and alive).   

Knowledge discovery in dataset was employed after having SMOTE technique has been done 

which is automatic operation by filter where minority classes are over sampled to make the target 
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attribute balance. In this particular research, the independent variables used are residence, 

environment, relation, sex, marital status, time of exposure, literacy, education, source of water, 

type of roof, windows in house, house own, oxen, distance from hospital, age, radius, timad, 

rooms, in migration, and outmigration with status attribute of the outcome variable.  

The findings clearly suggest that these attributes have strong positive relationship with adult 

mortality in the program. All the selected attributes were used in the analysis using both decision 

tree and Naïve Bayes algorithms. Several models were built during experimentation that can 

predict the risk of adult mortality. Among the models, J48 pruned tree model with all attributes 

shows an interesting predictive accuracy result of 97.2% and 98.5% correctly predictive 

performance of individual as  alive cases indeed they are alive. The best performing decision tree 

model was then chosen and evaluated using previously unseen records of adult.  

The encouraging results obtained in this study shows that data mining is really a technology that 

should be considered to support adult health care prevention and control activities at the district 

of Butajira in particular, and at a national level in general. 

In summary, it is concluded that the experiments presented in this study show that mortality can 

be reduced substantially by intervening in certain socio-economic and demographic effects so 

that probability of adult loose can be minimized. In formulating health policies, the people living 

at the rural of the socioeconomic strata of the society should get more importance in utilizing the 

education facilities to reduce avoidable mortality. Other differentiated predictors also need 

emphasis to come up adult mortality in the district. Enhancing data mining technology, 

particularly, the decision tree technique is well applicable to predict adult mortality patterns. 

Attributes which are recommended in the domain area like behavioral life style (smoking, 

chewing tobacco, and drinking alcohol), exposure to mass media, and  type of fuel used for 

cooking were need to be integrated with existing variables in BRHP substantially to describe 

adult mortality in a country level.  

Hence, based on the findings of this study, the following recommendations can be forwarded. 
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6.2 Recommendations 

 

In this research work, efforts have been made to apply data mining technology to predict adult 

mortality patterns based on demographic, socioeconomic environmental and epidemiological 

factors. 

 

Thus, based on the result of the research, the following recommendations are made the 

researcher would like to make the following recommendations. This will more enhance 

applicability of data mining technology in adult health prevention and control activities in inline 

with advocacy efforts of adult mortality reduction policy in rural communities of the country. 

Thus, the following recommendations could be made considering as they are important issues for 

further research directions in adult mortality reduction strategies. 

 The present study has considered epidemiological dataset to apply data mining in adult 

mortality prediction. Clinical data that have been gathered from different health care 

institutions should pay attention in adult mortality reduction. So that future study needs to 

discover knowledge and patters in clinical datasets and compare it with the result obtained 

using epidemiological datasets (BRHP).  

 Although both the decision tree and Naives Bayes approaches resulted in an encouraging 

output, still performance improvement is expected. Hence, other classification algorithms 

such as neural networks and Bayesian network (Belief network) which have also been proved 

to be important techniques in the health care sector should be tested in order to investigate 

their applicability to the problem domain in the program by using the entire dataset  

 In this research attempts were made to explore data mining technology to build adult 

mortality predictive modeling based on predefined classes (died, alive). It is appropriate to 

predict the survival years of the individual in the area corresponding to sample data available 

through data mining technology. 

 Although both decision tree and Naïve Bayes reported promising results and hence could be 

applied in the area of adult mortality predictive modeling, decision tree tends to perform 

better. Thus, it would be more optimal for the Butajira Rural Health Program to employ the 

model developed with this technique. 
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 Results found from this research should be given attention so as to have a better decision 

making in the Butajira Rural Health Program particularly the program should give special 

attention to best attribute selected as mortality predictors such as education, time of exposure 

residence, outmigration, inmigration, and literacy. 

 The possibility of incorporating the findings of this study with knowledge based system 

should be explored so that experts can consult the system in their problem solving and 

decision making process. 
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ANNEXES 

Annex 1:  Calculation for Outlier Detection  
Therefore, using quartile statistics from the above Table outliers can be detected as  

       Rooms= Lower adjusment =Q1-(1.5*IQR),   Q1=1, Q3=2,IQR=1(2-1),  

                                                      1-(1.5*1)=-5 

                        =Upper adjusment = Q3+(1.5*IQR),Q3=2,1QR=1,   2+1.5=3.5 

Therefore, all the values in Timad below -5 and above 3.5 is considered as outliers. 

      Timad=  Lowere adjusmtent =  Q1-(1.5*IQR), Q1=2,Q3=3,IQR=3-2=1, 

                                                              2-(1.5*1)= 0.5 

                       =Upper adjusment = Q3+(1.5*IQR),3+(1.5*1)=   4.5 

Therefore, all values in below 0.5 and above 4.5 are considered as outliers. 

         Radius = Lowere adjusmtent =  Q1-(1.5*IQR),Q1=3,Q3=4,IQR=1(4-3) 

                                                                           3-(1.5*1) = 1.5 

                       =Upper adjusment = Q3+(1.5*IQR),4+(1.5*1)=   5.5 

Therefore, all the values below 1.5 and above 5.5 are considered as outliers.  

          Dishop = Lowere adjusmtent =  Q1-(1.5*IQR)= Q1=1.4, Q3=11.1, IQR=9.7 

                                                    = 1.4-(1.5*9.7)= 

                                                      -12.18 

                  =Upper adjusment = Q3+(1.5*IQR), 11.1+(1.5*9.7)=25.35 

There fore, all the values above 25.35 cosnsideered as outliers. 
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Annex 2: Outputs of the Classifiers in Experimentation   

J48 pruned Decision Tree with selected  Attributes 

Scheme:       Weka.classifiers.trees.J48 -C 0.25 -M 2 
Attributes:   11 

Test mode 10-fold cross-validation 

Number of Leaves  :  1054 
Size of the tree :  2043 
Time taken to build model: 7.27 seconds 
Correctly Classified Instances       58896               93.6805 % 
Incorrectly Classified Instances      3973                6.3195 % 
Total Number of Instances            62869      
=== Detailed Accuracy By Class = = = 
               TP Rate   FP Rate   Precision   Recall  F-Measure   ROC Area  Class 
                 0.96      0.107      0.944     0.96      0.952                 0.964           Alive 
                 0.893     0.04       0.922     0.893     0.907                0.964           Died 
Weighted Avg.    0.937     0.084      0.937     0.937     0.937      0.964 
=== Confusion Matrix === 
     a     b   <-- classified as 
 39503  1646 |     a = Alive 
  2327 19393 |     b = Died 

 

J48 Unpruned Decision Tree with all  Attributes 

Scheme:       Weka.classifiers.trees.J48 -U -M 2 
Instances:    62869 
Attributes:   21 
Test mode  = 10-fold-cross validation 
J48 unpruned  Tree 
Number of Leaves  :  3046 
Size of the tree :  3984 
Time taken to build model: 5.12 seconds 
Correctly Classified Instances       60922               96.9031 % 
Incorrectly Classified Instances      1947                3.0969 % 
Total Number of Instances            62869      
=== Detailed Accuracy By Class === 
               TP Rate   FP Rate   Precision   Recall  F-Measure   ROC Area  Class 
                 0.978     0.048      0.975     0.978     0.976      0.973    Alive 
                 0.952     0.022      0.958     0.952     0.955      0.973    Died 
Weighted Avg.    0.969     0.039      0.969     0.969     0.969      0.973 
=== Confusion Matrix === 
     a     b   <-- classified as 
 40251   898 |     a = Alive 
  1049 20671 |     b = Died 
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J48 Unpruned Decision Tree with Selected  Attributes 

Scheme:       Weka.classifiers.trees.J48 -U -M 2 
Instances:    62869 
Attributes:   11 
Test mode:    10-fold cross-validation 
J48 unpruned tree 
Number of Leaves  :  1573 
Size of the tree :  3012 
Time taken to build model: 6.08 seconds 
Correctly Classified Instances       58867               93.6344 % 
Incorrectly Classified Instances      4002                6.3656 % 
Total Number of Instances            62869      
=== Detailed Accuracy By Class === 
               TP Rate   FP Rate   Precision   Recall  F-Measure   ROC Area  Class 
                 0.956     0.102      0.947     0.956     0.952      0.96     Alive 
                 0.898     0.044      0.916     0.898     0.907      0.96     Died 
Weighted Avg.    0.936     0.082      0.936     0.936     0.936      0.96  
=== Confusion Matrix === 
     a     b   <-- classified as 
 39358  1791 |     a = Alive 
  2211 19509 |     b = Died 

 

 

Naïve Bayes with All Attributes 

Scheme:       Weka.classifiers.bayes.NaiveBayes –D 
Instances:    62869 
Attributes:   21 
Test mode:    10-fold cross-validation 
Naive Bayes Classifier 
Time taken to build model: 2.96 seconds 
Correctly Classified Instances       60187               95.734  % 
Incorrectly Classified Instances      2682                4.266  % 
Total Number of Instances            62869     
=== Detailed Accuracy By Class === 
               TP Rate   FP Rate   Precision   Recall  F-Measure   ROC Area  Class 
                 0.981     0.087      0.955     0.981     0.968      0.983    Alive 
                 0.913     0.019      0.962     0.913     0.937      0.983    Died 
Weighted Avg.    0.957     0.064      0.957     0.957     0.957      0.983 
=== Confusion Matrix === 
     a     b   <-- classified as 
 40362   787 |     a = Alive 
  1895 19825 |     b = Died 
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Naïve Bayes with Selected Attributes 

Scheme:       Weka.classifiers.bayes.NaiveBayes –D 
Instances:    62869 
Attributes:   11 
Test mode:    10-fold cross-validation 
Naive Bayes Classifier 
Correctly Classified Instances       59510               94.6571 % 
Incorrectly Classified Instances      3359                5.3429 % 
Total Number of Instances            62869      
=== Detailed Accuracy By Class === 
               TP Rate   FP Rate   Precision   Recall  F-Measure   ROC Area  Class 
                 0.971     0.1        0.949     0.971     0.96       0.976    Alive 
                 0.9       0.029      0.942     0.9       0.921      0.976    Died 
Weighted Avg.    0.947     0.075      0.946     0.947     0.946      0.976 
=== Confusion Matrix === 
     a     b   <-- classified as 
 39955  1194 |     a = Alive 
  2165 19555 |     b = Died 
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Annex 3 : Description of the Selected Attributes  

 

 

No  Field name   Descriptions Corresponding values  

1 PA villages of  peasants Bati, Dobena, Hobe, Mjarda, Bido, Dirama, Mmeskan, Wrib, Yeteker 

Butajira area 04 

2 ENVIR Environment of the house hold is 

located 

U =urban, L = lowland, H = highland 

3 REL Relationship with the head of 

house hold 

HE = head of household, SP = spouse of head, CH = child of 

head/spouse, GP = parent of head/spouse,RE = other relative, NR = 

non-relative, 

UK = unknown 

4 SEX F = female, M = male F = female, M = male 

5 MARITAL Marital status during episode MO = monogamous marriage,PO = polygamous marriage, NM = 

never married, DI = divorced, SE = separated, WI = widowed, TY = 

too young, UK = unknown 

6 TIMEX Days of exposure during episode days of exposure during episode 

7 LITER Literacy during episode LI = literate, RE = reading only 

IL = illiterate, TY = too young to be at school, UK = unknown 

8 EDUCATION Educational status during episode NO = no formal education, PR = completed primary school, SE = 

completed secondary school, TE = further education, UK = unknown  

9 SOURCEW Source of water during episode RI = river, WU = well or spring unprotected, WP = well or spring 

protected, PI = urban supply (piped) 

LA = lake or pond, OT = other 

UK = unknown 

10 ROOF Type of roof during episode TH = thatched roof, CO = corrugated roof, UK = unknown 

11 WINDOWS Windows in the house YE = yes, NO = none, UK = unknown 

12 RADIUS Radius of circular house in metres radius of circular house in metres 

13 ROOMS Number of rooms in house number of rooms in house 

14 HOUSEOWN House ownership OW = owned, KE = kebele or government 

RE = privately rented, OT = other 

UK = unknown 

15 OXEN Number of oxen owned by family NO = none, SI = single animal, TW = two or more, UK = unknown 

16 TIMAD Number of timad of land owned 

by family 

number of timad of land owned by family 

17 DISTHOSP Distance to Butajira distance to Butajira km 

18 AGE Age of the individual  Age of the individual  

19 INMIGRATION Moving inside the population Yes=if inmigration is yes, No=if inmigration is no. 

20 OUTMIGRATION Moving outside the population  Yes=if outmigration is Yes, No=if outmigration is no. 

21 STATUS  Probability to die or survive                 Die or Alive  
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Annex 4: Partial Decision Tree Generated for BRHP                              

J48 pruned tree 

------------------ 

EDUCA = UK 

|   OUTMIGRATION = NO 

|   |   INMIGRATION = YES 

|   |   |   LITER = IL: Alive (595.0) 

|   |   |   LITER = LI 

|   |   |   |   RESIDENCE = Meskan 

|   |   |   |   |   DISHOP <= 6.8: Alive (62.0/1.0) 

|   |   |   |   |   DISHOP > 6.8: Died (4.0/1.0) 

|   |   |   |   RESIDENCE = Bati: Alive (161.0) 

|   |   |   |   RESIDENCE = Dobena: Alive (122.0/2.0) 

|   |   |   |   RESIDENCE = Bido: Alive (101.0/2.0) 

|   |   |   |   RESIDENCE = Dirama: Alive (68.0) 

|   |   |   |   RESIDENCE = Yeteker 

|   |   |   |   |   TIMEX <= 1148 

|   |   |   |   |   |   AGE <= 49.498791: Alive (55.0) 

|   |   |   |   |   |   AGE > 49.498791 

|   |   |   |   |   |   |   ROOF = TH: Died (2.0) 

|   |   |   |   |   |   |   ROOF = UK: Alive (2.0) 

|   |   |   |   |   |   |   ROOF = CO: Alive (0.0) 

|   |   |   |   |   TIMEX > 1148 

|   |   |   |   |   |   SOURCEW = RI: Died (20.0/1.0) 

|   |   |   |   |   |   SOURCEW = WU: Alive (2.0) 

|   |   |   |   |   |   SOURCEW = PI: Died (0.0) 

|   |   |   |   |   |   SOURCEW = LA: Died (0.0) 
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|   |   |   |   |   |   SOURCEW = WP: Died (0.0) 

|   |   |   |   |   |   SOURCEW = UK: Died (0.0) 

|   |   |   |   |   |   SOURCEW = OT: Died (0.0) 

|   |   |   |   RESIDENCE = Wrib: Alive (91.0/1.0) 

|   |   |   |   RESIDENCE = Mjarda: Alive (94.0/1.0) 

|   |   |   |   RESIDENCE = Hobe: Alive (119.0/1.0) 

|   |   |   |   RESIDENCE = Butajira area 04: Alive (383.0/4.0) 

|   |   |   LITER = TY: Alive (397.0/12.0) 

|   |   |   LITER = UK 

|   |   |   |   AGE <= 32.495526: Alive (108.0/3.0) 

|   |   |   |   AGE > 32.495526 

|   |   |   |   |   OXEN = UK 

|   |   |   |   |   |   REL = HE: Alive (8.0) 

|   |   |   |   |   |   REL = SP 

|   |   |   |   |   |   |   TIMEX <= 2178: Alive (7.0) 

|   |   |   |   |   |   |   TIMEX > 2178: Died (2.0) 

|   |   |   |   |   |   REL = CH: Died (47.0/8.0) 

|   |   |   |   |   |   REL = UK: Died (44.0/6.0) 

|   |   |   |   |   |   REL = RE: Alive (18.0/1.0) 

|   |   |   |   |   |   REL = NR: Alive (1.0) 

|   |   |   |   |   |   REL = GP: Died (1.0) 

|   |   |   |   |   OXEN = SI: Alive (5.0) 

|   |   |   |   |   OXEN = NO: Alive (15.0) 

|   |   |   |   |   OXEN = TW: Alive (1.0) 

|   |   |   LITER = RE: Alive (22.0) 

|   |   INMIGRATION = NO 

|   |   |   WINDOWS = NO 
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|   |   |   |   TIMEX <= 1383.609628 

|   |   |   |   |   AGE <= 30 

|   |   |   |   |   |   MARITAL = UK 

|   |   |   |   |   |   |   AGE <= 29.018119 

|   |   |   |   |   |   |   |   LITER = IL: Alive (243.0/3.0) 

|   |   |   |   |   |   |   |   LITER = LI 

|   |   |   |   |   |   |   |   |   TIMEX <= 1338.725978: Alive (143.0/24.0) 

|   |   |   |   |   |   |   |   |   TIMEX > 1338.725978: Died (11.0/3.0) 

|   |   |   |   |   |   |   |   LITER = TY 

|   |   |   |   |   |   |   |   |   ROOF = TH: Died (17.0) 

|   |   |   |   |   |   |   |   |   ROOF = UK: Died (0.0) 

|   |   |   |   |   |   |   |   |   ROOF = CO: Alive (4.0) 

|   |   |   |   |   |   |   |   LITER = UK: Alive (90.0/4.0) 

|   |   |   |   |   |   |   |   LITER = RE: Alive (2.0) 

|   |   |   |   |   |   |   AGE > 29.018119 

|   |   |   |   |   |   |   |   AGE <= 29.99971: Died (43.0) 

|   |   |   |   |   |   |   |   AGE > 29.99971 

|   |   |   |   |   |   |   |   |   LITER = IL: Alive (25.0) 

|   |   |   |   |   |   |   |   |   LITER = LI: Alive (15.0) 

|   |   |   |   |   |   |   |   |   LITER = TY: Died (24.0/1.0) 

 

 


