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ABSTRACT 

Data mining practicesin medical sciences have brought about improved performance 

in analysis of large and complex datasets.Data mining facilitatesevidence-based 

medical hypotheses. Nowadays, health diseases, especially obstetric fistula, are 

drastically increasing. According to CCBRT report, approximately 3,000 women 

suffer from obstetric fistula annually. Since efforts to eradicate obstetric fistula have 

been inadequate,the researcher was motivated to employ MLA in BIO informatics to 

detect obstetric fistula in patients.The purpose of this dissertation was to use data 

mining techniques to predict obstetric fistula. The datasets were collected from 

CCBRT, Dar es Salaam. In these datasets, there were367 patient records from 

January 2015 to February 2019. Out of the 25 attributes, only eight were considered 

for building the model. These attributes included size of cervix,bigger fetus head, 

position of the fetus, weight of the fetus, weight of the patients, height of the 

patients, size of the birth canal, and timing of pregnancy.The environment that was 

used to evaluate the accurate performance of the predictive model was CV, ROC 

and CM. The model was trained and tested before being proposed for future use.The 

research was performed among six different machine-learning algorithms and passed 

through data cleaning algorithms.The accuracy performance between algorithms 

prediction shows that LR has better classification accuracies of 87.678%, precision 

measures of 0.91 (91%), recall measures of 0.82 (82%), f1-score measures of 0.86 

(86%) and support measures of 74%. The results of LR in this study are better than 

those reported in other works of literatures. Thus, the researcher chose to use LR as 

the proposed obstetric fistula prediction model. LRhas the potential to greatly impact 

current prediction of obstetric fistula and consequents, treatment, care, and future 

interventions. 
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CHAPTER ONE 

INTRODUCTION 

1.0 Introduction 

The performances of different machine learning prediction model of obstetric fistula 

disease and selected features were tested. Feature selection algorithms were used to 

select important features, and from the selected features, the performance of the 

classifiers was tested.  

This chapter consists of the key concepts that discuss the disciplinary subject matter 

concerning the study those design and findings are presented in this dissertation. A 

critical view of some key ideas that were instrumental in the choice of the research 

topic is presented. Background information to the research topic is followed by the 

definition of the research problem, the research objectives as well as the research 

questions that guided the study. This chapter concluded by discussing the purpose of 

the study, the significance of the study and structure of the dissertation. 

1.1 Background of the study 

Datause cannotbe ignored becauseit isan inevitable component of human life. Data 

can be stored in the form of clustering or classification; it can be supervised or 

unsupervised and when processed an important decision is made from it(Soni, 

2016).  

Data mining is a technique of extracting useful information from huge sets of data. It 

is the process of discovering hidden patterns and information from existing data. In 

data mining, one needs to primarily concentrate on cleaning the data to make it 

feasible for further processing. The process of cleaning the data is also called noise 

elimination, noise reduction, or feature elimination(Diwani & Yonah, 2017). 
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Various tools can be used to perform feature elimination.For this study python 3 was 

used because of the supporting functionality environment.An important 

consideration in data mining is whether the data should be handled as static or 

dynamic. In general, static data is easy to handle as it is known and stored more 

easily. Dynamic data refers to high volume and continuously changing information, 

which is not stored easily for analyzing and processing like static data is. It is often 

difficult to maintain dynamic data because it changes with time(Durairaj & Ranjani, 

2016). Many algorithms are used to analyze the data of interest. Data can be 

sequential, audio signal, video signal, and time series (Gera & Goel, 2015). 

Data Mining is one of the crucial steps in Knowledge Discovery in Databases 

(KDD), which is described as the non-trivial process of identifying valid patterns in 

crude data, and including the use of explorative algorithms to identify meaningful 

patterns in data with acceptable computational efficiency (Zadeh, Rezapour, 

Sepehri, & Cart, 2014).  

Data mining is an area that has taken much of its inspiration and techniques from 

machine learning, which refers to the automated detection of meaningful patterns in 

data and categorized into supervised and unsupervised machine learning as part of 

artificial intelligence. In the past couple of decades, it has become a common tool in 

almost any task that requires information extraction from large data sets. We are 

surrounded by machine learning-basedtechnology.Search engines learn how to bring 

us the best results (while placing profitable ads), anti-spam software learns to filter 

our email messages, and credit card transactions are secured by software that learns 

how to detect fraud. Supervised machine learning is a special case of data mining 

that is concerned with predicting unknown attribute values from a given set of 

known attribute values. For this purpose, a large number of techniques and 



 

3 

algorithms have been developed based on artificial intelligence and statistics 

(Gunnar, 2015).  

The most popular classes of classification algorithms include Naive Bayes 

classifier,which is defined as a simple probabilistic classifier based on applying 

Bayes' theorem (from Bayesian statistics) with strong (naive) independence 

assumptions. A more descriptive term for the underlying probability model would be 

the "independent feature model"(Surya, 2016). 

In Decision Trees (J48), a data-miningflowchart with a treelike structure, each 

internal node represents a test on an attribute, each branch represents an outcome of 

the test, and a class label is represented by each leaf node (or terminal node). Given 

a tuple X, the attribute values of the tuple are tested against the decision tree(Patel B. 

R. & Rana K. K., 2014). 

Logistic regression analysis (LRA) is one of the most preferred regression methods 

that can be implemented in modeling binary dependent variables. Data mining 

Logistic regression is a mathematical modeling approach used to define the 

relationship between such independent variables as X1, X2.., Xn and Y binary 

dependent variable,which is coded as 0or 1 for two possible categories(Korkmaz, 

Guney, & Yigiter, 2015). 

Linear Discriminant Analysis (LDA) is typically used as feature extraction or 

dimension reduction step before classification. It finds the projection directions such 

that for the projected data, a between-class variance is maximized relative to the 

class variance (Qiao, Zhou, & Huang, 2016). 
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K Nearest Neighbors algorithm (KNN) is a data mining method for classifying 

objects based on closest training examples in the feature space. KNN is a type of 

instance-based learning where the function is only approximated locally and all 

computation is deferred until classification (Imandoust & Bolandraftar, 2016). 

Support Vector Machines (SVM)is a group of supervised learning 

methodsestablished as part of the most precise discriminatory methods used in 

classification.They represent an extension to nonlinear models of the generalized 

portrait algorithm, which is based on structural risk minimization, aninductive 

principle of use in machine learning, and data mining (Yahyaoui & Yumuşak, 

2018). 

Gaussian Naive Bayes classifier (GNBC)is a simple probabilistic classifier based on 

applying Bayes' theorem (from Bayesian statistics) with strong (naive) independence 

assumptions. A more descriptive term for the underlying probabilitymodel would be 

the "independent feature model”. In simple terms, a naive Bayes classifier assumes 

that the presence (or absence) of a particular feature of a class isunrelated to the 

presence (or absence) of any other feature (Surya, 2016). 

Data mining is becoming increasingly popular in healthcare-related studies. This 

approach has proved useful in medical sciences for its performance in an in-depth 

analysis of large and complex datasets and for generations of testable evidence-

based medical hypotheses. Data mining is increasingly used in areas such as medical 

diagnosis, prediction of intervention outcomes, and clinical decision-making 

processes(Zhu, Uwa, & Feng, 2019). 
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In the field of urology, data mining is used to identify the factors contributing to 

healthcare. Temporal data mining techniques are used in predicting dialysis failure 

and deriving information from the dialysis data (Boggs, Liam, 2017). 

Data mining as one of many constituents of health care has been used intensively 

and extensively in many organizations around the globe as an efficient technique for 

finding correlations or patterns among dozens of fields in large relational databases 

to producemore useful health information. In healthcare, data mining is becoming 

increasingly popular and essential. Data mining applications can greatly benefit all 

parties involved in the healthcare industry. The huge amounts of data generated by 

healthcare transactions are too complex and expensive to be processed and analyzed 

by traditional methods. Data mining provides the methodology and technology to 

transform a huge amount of data into useful information for decision-making (Salim 

Diwan & Mishol, 2013). 
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Figure 1. The Contribution of Data Mining in Healthcare Prediction 

Diseases(Awadhiya & Agrawal, 2016) 

From Figure 1, it can be observed how data mining can contribute tothe healthcare 

sector, specifically in relation toproblems like blood pressure and Cardiopulmonary 

diseases. Data mining results have been illustrated and the data sets have been tested 

with the different performance of the classifiers for better predictions.  

Data mining techniques and machine learning algorithms have been applied to 

achieve great results in relation to various problems especially in healthcare. They 

have been used to find out the prediction values with accurate prediction resultsfor 

various diseases like heart disease, breast cancer, blood pressure, brain cancer, and 

kidney dialysis (Durairaj & Ranjani, 2016). 
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Figure 2. Chart for Accuracy Level of Using Data Mining Tools for 

Diagnosis(Durairaj & Ranjani, 2016) 

Thechart for accuracy level of data mining tools diagnosis in figure 2shows that the 

contribution of data mining in healthcare has been important as it moves from a 

traditional system of disease diagnosis to the use of automated data mining systems 

in disease predictions. The figure shows that the predictions of data mining tools in 

cancer diseases are more accurate than in other diseases.  

However,data mining can be applied to health data for many different purposes and 

investigations. Effectively integratingand analyzing various forms of healthcare data 

over a period of time can answer many of the impending healthcare 

problems(Mdaghri, et al.,2017). 

With the promises of predictive analytics in the use of machine learning and data 

mining algorithms, predicting the future is no longera difficult task, especially for 

the health sector, which has witnessed a great evolution following the development 

of new computer technologies that gave birth to multiple fields of research (Haqiq, 

2016). Many efforts exhaust to cope with medical data explosion.In Tanzania, few 

implementations of data mining prediction model have been conducted to obtain 

useful knowledge to predict diseases in the health sector. For instance, a study 

conducted by Salim Diwani & Yonah Zaipuna, (2017), focused on A Novel Holistic 

Disease Prediction Tool Using Best Fit Data Mining Techniques. This study was 

created to develop and test a holistic DM disease prediction (Diagnosis and 

prognosis) tool. Therefore,this studyapplies technical innovation of data mining 

algorithms like predictive analytics and machine learning to extract useful 

knowledge and help in decision making. According to World Health Organization 

(WHO), approximately two to three million women in Sub-Saharan Africa suffer 
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from Obstetric fistula. More specifically, 50,000 to 100,000 new cases of obstetric 

fistula are registered every year (WHO, 2019). Lack of professional midwives and 

lack of predictive tools for obstetric fistula predictions are among the causes of 

increased obstetric fistula in women.  

The disease becomes fatal if undetected at an early stage. Consequently, there is a 

need for a better set of classification tools to assist in diagnosing, detecting, and 

treating obstetric fistula at an early stage. 

1.2 Statement of the Problem 

In the health industry, data mining provides several benefits such as detection of 

fraud in health insurance, availability of low cost medical solutionsfor patients, 

detection of causes of diseases, and identification of medical treatment methods.  

Many studies have been conducted to find solutions for patient diseases using data 

mining techniques such as the study conducted byIdowu, Williams, & Balogun, 

(2015), which focused onbreast cancer risk prediction using data mining 

classification techniques;Kamaraj & Priyaa, (2018), which focused on heart disease 

prediction using data mining, and also Gharibdousti, Azimi, Hathikal, & 

Won(2018), which focused on prediction of chronic kidney disease using data 

mining techniques. Based on the above-suggested approaches toward data mining 

prediction diseases, most studies show that existing approaches are related to data-

mining prediction diseases like kidney failure, heart disease, and breast cancer. Their 

datasets are prepared from the specific problem diseases. Such approaches raise a 

need to conduct a study based on a prediction of obstetric fistula using data mining 

techniques, given the fact that even the government does not put much effort on 

obstetric fistula compared to other diseases like malaria and HIV/AIDS. Obstetric 
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fistula is a childbirth injury usually caused by unrelieved, prolonged, or obstructed 

labor. Obstructed labor can develop during the second stage of laborwhen the 

fetuscannot fit through the birth canal because the pelvis is too small, the baby is too 

big, or because there is a mal-presentation. If the woman in labor does not die, the 

pressure of the baby's head on the mother's pelvis can lead to the death of tissue in 

the birth canal, which creates a hole called an obstetric fistula. From thishole, urine 

and/or feces can constantly leak(Ryan, 2017). 

Despite measures taken by the government, non-governmental organizations, and 

United Nations Agencies,obstetric fistula is rare in developed and industrialized 

countries but remains a public health problem in developing countries including 

Tanzania, which faces challenges of poor access to health facilities. Obstetric fistula 

is preventable and treatable, although untreated conditions remain prevalent in 

developing countries, including Tanzania (Narions, 2017). Ithas been estimated that 

more than 2 million girls and women live with obstetric fistulain Tanzania and the 

cost for surgery, which includes the actual surgery, post-operative care, and 

rehabilitation support, is estimated to be US$300 - $450 per patient(CCBRT, 2016). 

This problem has been described in Table 1 showing the decreasing success rates of 

obstetric fistula closure with multiple attempts in Tanzania as represented below. 

Table 1: Decreasing Success Rates of Fistula Closure with Multiple Attempts in 

Tanzania(CCBRT Obstetric fistula, 2015) 

Successful repair Number of patients 
First attempt 2010 268 (100%) 
Second attempt 2011 340 (100%) 
Third attempt 2012 94/501 (19%) 
Fourth attempt 2013 342/514 (67%) 
Firth attempt 2014 380/466 (82%) 
Sixth attempt 2015 393/527 (75%) 
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Using data mining in healthcare, several studies have been conducted to solve the 

problem of obstetric fistula. These include a study conducted by Tefera, Mola, 

Jemaneh, & Doyore, (2014) that is concerned with the application of data mining 

techniques to predict urinary fistula surgical repair outcome: The case study of 

Addis Ababa Fistula Hospital, Ethiopia. Despite the efforts that have been taken, the 

problem of obstetric fistula is still increasing in Africa and Tanzania. Over 3,000 

Tanzanianwomen a year develop obstetric fistula after childbirth as a result of 

obstructed labor and the unavailability of emergency care and treatments(Sitan, 

2015).  

Therefore, based on the aforementioned shortcomings, there is justification for 

conductinga study in this subject field. The aim of this research, therefore, is to 

develop a data mining prediction model for the detection of obstetric fistula by 

applying appropriate Machine Learning Algorithms (MLA), which will predict 

obstetric fistula in women around Tanzania. This will help to mitigate the problem 

of obstetric fistula by recording the information of the pregnant woman and finally 

the datasets (attributes) will be used by machine learning inthe prediction of 

obstetric fistula before delivery of a baby. 

1.3 Objectives 

1.3.1 Main Objective 

The main objective of this study is to develop a data mining prediction model for the 

detection ofobstetric fistula. 

1.3.2 Specific Objectives 

1. To design a framework for predicting obstetric fistula based on the obstetric 

fistula datasets collected. 
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2. To test a designed framework using different data mining techniques. 

3. To propose a data-miningbased model for the prediction of obstetric fistula 

based on the framework in (i) and the selected data mining technique in (ii). 

4. To evaluate the proposed model 

1.4 Research Questions 

1. What framework can be designed to build a predictive model for the 

detection of obstetric fistula? 

2. Which data mining technique is suitable for analyzing the obstetric fistula 

datasets based on the framework in (i)? 

3. Which model will be suitable for predicting obstetric fistula? 

4. How the data-mining model can be evaluated? 

1.5 Purpose of the Study 

The purpose of this study was to report on an ongoing research work to develop and 

test a data mining disease prediction modelequipped with processes for 

preprocessingdatasets. The obstetric fistula prediction model will predict the 

possibility of pregnantwomento develop obstetric fistula by recordingearly 

symptoms ofthe likelihood of the disease in pregnant women.Finally, data sets will 

be used by machine learningalgorithms in prediction of obstetric fistula before 

delivery of a baby. 

A predictive model for obstetric fistula will help medical doctors in decision-making 

on what obstetric fistula case it is and to suggest a possible treatment strategy within 

a much-reduced timefordetection ofthe disease before delivery. Additionally, in this 

study, results show that the proposed data mining prediction model has the potential 
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to greatly impact current pregnant women, healthcare, and future interventions 

against obstetric fistula. 

1.6 Significance of the Study 

Although there havebeen a great achievements of data mining prediction in 

healthcare, literature reviews reveal that data mining prediction of disease in 

Tanzania, especially predictions on obstetric fistula have received little attention. 

Many of the global studies conducted inrelation to reproductive health issues have 

focused primarily on maternal mortality, eclampsia, and anemia, with less attention 

given to obstetric fistula (Narions, 2017).  

One situational analysis report on obstetric fistula was conducted in 2009 (Kupona 

& Newborn, 2017)and a retrospective study was implemented to describe and 

compare the demographic characteristics of women with obstetric fistula (Harms, 

2018). There is an increasingsurgical failure rate with repeated attempts and 

consequences of obstetric fistula are multiple, with both physical and psychological 

problems. The study findings revealed the need todevelop a data mining prediction 

model for the detection of obstetric fistula in Tanzania. The findings will be used to 

developeducational strategies to improve knowledge of the risk factors of obstetric 

fistula recurrence and behavioral strategies to improve attitudes towards obstetric 

fistula prevention using data mining techniques, whichwill consequently promote 

intention to prevent recurrences. Further, the findings can be used by the Ministry of 

Health, health workers, and non-governmental organizations involved in formulating 

policies and effective strategies to enhance the quality of life of women with 

obstetric fistula. The results from the current study will provide a baseline by filling 

in the knowledge gap. 
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1.7 Structure of the Dissertation 

The dissertation is organized in the following chronological order; chapter two gives 

an analysis of studies conducted in relation to data mining predictions in health 

diseases particularly obstetric fistula. Chapter three covers the methodology part 

(experimental set-up, implementation, analysis and planning, and cost). Chapter four 

sets out the findings and conclusion while the last chapter details the summary, 

conclusion, and future work on the field of a data mining and machine learning 

prediction model in the obstetric fistula.  
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CHAPTER TWO 

LITERATURE REVIEW 

2.0 Introduction 

A literature review discusses revealed information in a very explicit discipline at 

intervals of a period. It provides a new interpretation of previous material with 

previous interpretations. The focus of a literature review is to summarize and 

synthesize the arguments and ideas of others without adding new contributions.  

This chapterundertakes a critical review and summaryof various concepts related to 

the role of data mining prediction in health sector focusing on the prediction of 

obstetric fistula, the topic thathave received little attention from the researchers. In 

addition, the chapter summarizes various empirical literature, whichare concerned 

with machine learning prediction models,which provide the accuracy of the 

algorithms based on the datasets and Scalability. The chapter categorizes sub-themes 

as ingestion tools used for data captured. An integrated layer, python 3,is used in 

this study as ingestion tools for building of data mining prediction model,and lastly 

the research gap found after reading several works of literature. 

2.1 Theoretical Framework of the study 

The purpose of the activity theory is to provide a detailed account and understanding 

of human activity as enacted collaboratively within the resources and constraints of 

a real-world setting. An activity theory consists of two basic parts: First isa detailed 

studies and observations of a particular setting with a focus on a specific set of 

overall activities;the second is a detailed analysis of selected activity patterns based 

on concepts from Activity Theory (Buchenholz, 2018). 
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Activity Theory offers a holistic and contextual method of discovery that can be 

used. Activity Theory is particularly relevant in situations that have a significant 

historical and cultural context and where the participants, through their purposes and 

their tools, are in a process of rapid and constant change. These interactions may 

have occurred between multiple people, or between people and theirmediated tools 

or artifacts (purpose), which have been shaped by human activity. When these parts 

are distributed in the geographical location theyemploy technology (computer 

facilities) with the Internet to accomplish their argumentation(Hashim & Jones, 

2014). 

Figure 3 depicts the proposed theory that can be applied for the model in the 

detection of obstetric fistula by using data mining techniques.The architecture in 

Figure 3 shows the purpose of pregnant women to accomplish the process of being 

predicted of obstetric fistula which comprises of three main components. These 

main components are includerule, community and division of labour, which are 

coordinated by common artifacts,and show all the processes that should be followed 

by pregnant womento be detected of obstetric fistula(Hashim & Jones, 

2007).Activity Theory has played an important role in carrying out healthcare 

delivery and development on the eHealth system over recent decades. EHealth refers 

to a system with different applications of Information and Communications 

Technology (ICT) that can support healthcare services. The benefits from eHealthfor 

society are vast, such as improving the quality of healthcare services, expanding 

access to diagnostic services, increasing the efficiency of service delivery, reducing 

the cost of healthcare, and contributing to the economies. The underlying idea of 

eHealthis to practically conduct healthcare services by applying electronic processes 
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and communication into different healthcare actors. Here, healthcare actors arethe 

individual persons or organizations that have impacts andare affected by 

eHealthSystems(Guo, Bai, & Eriksén, 2017). 

Therefore, with the concepts illustrated ofthis study will explore the consequences 

and examinethe outcomes that have been influenced by the interactions between 

features of the health sectors system using Activity Theory as represented in Figure 

3 of theoretical framework of the study. 

 

Figure 3. Theoretical Framework of the study 
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2.2 Related Works 

The aim of the studyis to developa data mining prediction model to predict obstetric 

fistula. To the best of my knowledge, there are no other publications on this 

topic,however, several authors have written on many related aspects of obstetric 

fistula. 

Publications byDu & Stephanus(2016) include a study focused on a novel 

classification technique of arteriovenous fistula stenosis evaluation using bilateral 

photoplethysmography (PPG) analysis. This research focused on the common 

treatment for end-stage renal disease (ESRD), and patient’s hemodialysis(HD). For 

this kind of treatment, the functional vascular access called arteriovenous 

fistula(AVF) is conductedthrough surgery to connect the vein and artery. Stenosis is 

considered the major causeof dysfunction of AVF. In the study, a non-invasive 

approach based on asynchronous analysis ofbilateral photoplethysmography (PPG) 

with error-correcting output coding support vector machineone versus rest (ESVM-

OVR) for the degree of stenosis (DOS) evaluation is proposed. An artificialneural 

network (ANN) classifier is also applied to compare the performance with the 

proposedsystem. The testing data has been collected from 22 patients at the right and 

left thumb of the hand.The experimental results indicated that the proposed system 

could provide positive predictive value(PPV) reaching 91.67% and had higher noise 

tolerance. The system has the potential for providingdiagnostic assistance in a 

wearable device for evaluation of AVF stenosis. 

Additionally,a study conducted by Tefera, Mola, Jemaneh, & Doyore, 

(2014)includesthe application of data mining techniques to predict urinary fistula 

surgical repair outcome,the case study of Addis Ababa Fistula Hospital, Ethiopia. 
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The studyfocused on the outcome of surgical repair for urinary fistula.The 

researchalso compared the performance measures of logistic regressionswith that of 

Decision Trees, Decision rules, Naïve Bayes, to come up with a model of arelatively 

higherarea under the ROC (Receiver Operating Characteristics) curve.  

2.3 Other Studies which Employ Data Mining Techniques in the Health Sector 

Studies that have been done by Salim Diwani & Yonah, (2017), focus on A Novel 

Holistic Disease Prediction Tool Using Best Fit Data Mining Techniques. In this 

study, the researcher reported on ongoing research work to develop and test a 

holistic DM disease prediction (Diagnosis and prognosis) tool, equipped with 

processes for preprocessing patients’ data and a learning procedure for selecting a 

disease-specific best classifier, for disease prediction and delivery of speedy and 

cost-effective diagnostic interventions and patient follow up in a hospital 

environment. As diseases are diagnosed, the predictive tool helps medical doctors in 

decision-making on what disease case it is and suggests possible treatment strategies 

within a much-reduced time. Test results for breast cancer and HIV data sets are 

reported. Achieved from the reported work are classification accuracies of 

97.0752% (Classifier acting singly); 97.6323% (fusion of three classifiers). These 

results are better than those reported in the literature. The results show that the 

proposed DM disease prediction tool has the potential to greatly impact on current 

patient management, care and future interventions against deadly diseases.   

Kamaraj & Priyaa, (2018), have developedPrediction of heart disease using data 

mining techniques,The study analyzed various data mining tools and techniques in 

the health care domain that can be employed in the prediction of heart disease 

system and their efficient diagnosis. A heart disease prediction model, which 



 

19 

implements the data mining technique can help the medical practitioners in detecting 

the heart disease status based on the patient’s clinical data. Data mining 

classification techniques for good decision-making in the field of health care 

addressed are namely Decision trees, Naive Bayes’, Neural Networks, and Support 

Vector Machines. Hybridizing or combining any of these algorithms helps to make 

decisions quicker and more precise. 

The study of breast cancer risk prediction using data mining classification 

techniques done byIdowu, Williams, & Balogun, (2015), was focused on breast 

cancer, which poses a serious threat to the lives of people and it is the second 

leading cause of death in women today.It is also the most common cancer in women 

in developing countries, where there are no services in place to aid the early 

detection of breast cancer in women. Several studies have been undertaken to 

understand the prediction of breast cancer risks using data mining techniques, hence, 

this study was focused on using two data mining techniques to predict breast cancer 

risks in Nigerian patients using the naïve bayes’ and the J48 decision trees 

algorithms. The performance of both classification techniques was evaluated to 

determine the most efficient and effective model. The J48 decision trees showed a 

higher accuracy with lower error rates compared to that of the naïve bayes’ method, 

while the evaluation criteria proved the J48 decision trees to be more effective and 

efficient classification techniques for the prediction of breast cancer risks among 

patients of the study location(Idowu et al., 2015). 

The study done byGharibdousti, Azimi, Hathikal, & Won, (2018), come up with the 

prediction of chronic kidney disease using data mining classification techniques in 

healthcare management. The study was focused on applying different machine 
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learning classification algorithm to a datasetswith observations and 25 attributes for 

diagnosis of chronic kidney disease. Various classification techniques that are used 

are decision tree, linear regressing, super vector machine, naive bayesian and neural 

network. Obtaining a correlation matrix, the correlation of the featureswas 

examined. In addition, the performance measurements of different methods before 

and after applying feature selection are calculated and compared to each other 

(gharibdousti et al., 2018). 

The study done by (Sayed & Nasr, 2019)), which focused on Applying Data Mining 

Techniques for Predicting Diseases. In there study, they focused on The Nature of 

the medical field with the knowledge wherever there’s a spread ofdata but untapped 

during a correct. And thus, the foremost serious challenge facing the area of the 

quality ofservice provided which suggests creating and diagnosing during a correct 

manner in a timely manner and supplying acceptable medications to patients. Thus 

Health information technology has emerged, as areplacement technology within the 

health care sector in a short amount by utilizing that could be a data-driven Decision 

Also, there was a study conducted byPriya, Juliet, & Tamilselvi, (2018), which 

focused on Performance Analysis of Liver Disease Prediction Using Machine 

Learning Algorithms. In their study, they involved data mining algorithms and 

techniques to analyze medical data. The study implemented a feature model 

construction and comparative analysis for improving the prediction accuracy of 

Indian liver patients in three phases. In the first phase, the min-max normalization 

algorithm is applied to the original liver patient datasets collected from UCI 

repository. In liver datasets prediction second phase, by the use of feature selection, 

a subset (data) of liver patient datasets from whole normalized liver patient datasets 
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is obtained which comprises only significant attributes. In the third phase, 

classification algorithms are applied to the data set. In the fourth phase, the accuracy 

was calculated using root mean Square value, root mean error value. 

The study of Tefera, Mola, Jemaneh, & Doyore, (2014) focused on the application 

of data mining techniques to predict urinary fistula surgical repair outcome: The 

research was based on a case study of Addis Ababa Fistula Hospital,Ethiopia. The 

research focused on the outcome after the surgical repair and how the treated victims 

feel after the surgery of obstetric fistula.The research applied to data mining 

techniques to build a model that can assist in predicting the surgical outcome of 

urinary fistula repair based on clinical assessments done just before surgical repair. 

The idea additionally does not expose the challenge of using data mining techniques 

in predictions of obstetric fistula problems in Tanzania. Therefore, the prediction of 

obstetric fistula using data mining techniques will help to reduce the problems of 

obstetric fistula in Tanzania. 

2.4 Research Gap 

Several research projects have been done to reduce the problem of obstetric fistula 

by using different measures. These studies have concentrated on awareness of 

proper information and conducting surgery onpatients after they have already 

acquired obstetric fistula.  The victims of obstetric fistula are increasing each year as 

reported by CCBRT.  More than 3,000 women develop obstetric fistula each year 

(Zachariah, 2016). This raises the need to conduct a study on data mining prediction 

model by applying machine-learning algorithms, which will predict obstetric fistula 

on women around Tanzania. This will help to mitigate the problem ofobstetric 
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fistula by recording information of the pregnant woman and finally the datasets 

(attributes) will be used by machine learning in the prediction of obstetric fistula 

before delivery of a baby. 
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CHAPTER THREE 

METHODOLOGY 

3.0 Introduction 

For valid results to be attained, the condition under which the experiment was 

conducted is paramount. The current study intends to develop a data prediction 

model for detecting and consequently preventing obstetric fistula suffered by women 

in Tanzania. 

This chapter describes the research setting, research method, research design, data 

collection methods and tools,experimental tools and environment,training the model, 

evaluating the model, data analysis, validity and reliability, external validity,and 

conclusion. 

3.1 Research Setting 

The research setting is a place where research is undertaken or the specific places 

where information is gathered (Polit & Beck, 2009). The datasets were collected at 

CCBRT, Dar es Salaam. The setting was chosen because it is the main center for 

obstetric fistula surgery in Tanzania and has the highest number of women who are 

affected with obstetric fistula (Obstetric Fistula, 2015). CCBRT undertakes surgery 

in the range of 250 – 300 patients of obstetric fistula cases in a year, with a success 

rate reported to be60-70%. In this study, the researcher chosemacOS High Sierra 

version 10.13.6 as an operating system for a platform. All the processes have been 

tested on macOS High Sierra version 10.13.6 to prove that it is working clearly. 

Other tools include Python 3jupyter notebook version 5.5.0. 
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3.2 Research Method 

Data collection technique refers to a method used to systematically gather 

information relevant to the research purpose or the specific objectives, questions or 

hypotheses of the study (Grove & Burns, 2016). Thestudy employed 

aquantitativemethodof research toanalyzethedatacollected and to testand evaluatethe 

proposed data-miningmodel. Thechoicehadbeenmadeduetothe influenceof thedata 

collection methods, analysis,and interpretation.Figure4below shows the complete 

proposed research method. 

 

Figure 4. A CompleteProposedResearchMethod 
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3.3 Research Design 

A research design is an overallplan for obtaining answers to the questions being 

studied and handling some of the difficulties encountered during the research 

process (Polit & Beck, 2017). In this study a descriptive correlational, cross-

sectional study was used. The purpose of a descriptive correlational design is to 

examine the relationships that exist in a situation. Using this design facilitates the 

identification of many relationships in a situation in a short period of time (Grove & 

Burns, 2016). This method aims to describe relationships among variables rather 

than to infer cause and effect relationships(Polit& Beck 2009).Python 3 uses the 

datasets to visualize and show how obstetric fistula has been a serious problem for 

pregnant women in Tanzania. 

3.4 Data Collection Methods and Tools 

Data collection technique refers to a method used to systematically gather 

information relevant to the research purpose or the specific objectives, questions or 

hypotheses of the study (Grove & Burns, 2016). 

In this study, secondary data was used. Secondary data was collected from CCBRT, 

Dar es Salaamand the datasets of obstetric fistula were used to fulfill the research 

objectives by responding to the research questions.  

3.5 Experimental Tool and Environment 

This part looks at the instruments used to conduct the research experiments and how 

the collections of data were done. 
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3.5.1 Data Mining AlgorithmsEmployed in Obstetric Fistula Prediction 

Researchers have employed different data mining techniquesto help specialists and 

physicians to diagnose obstetric fistula. Sometechniques are more common such as 

linear discriminant analysis (LDA), decision tree, andK-nearest neighbor. However, 

there are other classification-based datamining techniques such as Support Vector 

machines (SVM), Gaussian Naive Bayes classifier (GNBC), and Logistic regression 

analysis (LRA). The next section brieflyexplains the techniques that were used in 

this study. 

3.5.1.1 Decision Trees (J48) 

The decision tree is a divide and conquer algorithm, which is a top-down approach. 

The top-down approach works by recursively breaking down the complex problem 

into sub-problems and then finding the solutions of sub-problems by combining 

those solutions to form a complex solution. The decision tree uses decision tables 

built from the data sets used (Diwani & Yonah, 2017). J48 uses the gain ratio as the 

attribute selection measure that has an advantage over information gain used in its 

predecessor ID3. Since ID3 can produce n-ary branch treeson which partitioning of 

data has a unique value, it cannot be used for classification. The attributes of 

obstetric fistulahave to keep in mind before selecting a node isas follows: 

Each attributes of obstetric fistulahas information gain associated with it and can be 

defined as the reduction in entropy of the attribute caused by splitting the instances 

based on the values obtained by that attribute. The information gains for a particular 

attribute say A at a node is calculated as under: 
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Where N is a set of instances at that particular node and |N| is its cardinality. Niis the 

subset of Nfor which attribute A has value i, and entropy of the set N is calculated 

as: 

 

Where Piis proportion of instances in N that have their ith class value as output 

attributes. 

At all the nodes, information gain is calculated and the highest information gain 

isselected for further process.When the node acquisition is done using the steps as 

mentioned above, new branches are added for eachvalue taken by the test attribute 

of obstetric fistulaand their respective nodes. At each node, training instances 

arepassed down the branch along with their associatedtest attribute value.Thissubset 

of training instances is used recursively to create new nodes. If there is no change in 

theoutput value then a leaf is generated to end the recursion of nodes in the branch 

and the outputattributesare assigned to the same class values. In those cases when no 

instances are passed down thena leaf node is created having common class value for 

the output attribute(Bashir & Chachoo, 2017). The above-statedprocess of 

generating nodes recursively continues until all the instances are exhausted i.e., they 

arecorrectly classified or all their attributes have been used or at the time when it is 

not possible todivide the datasets of obstetric fistula. 
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3.5.1.2 Logistic Regression (LR) 

Logistic Regression (LR) extends the techniques of multiple regression analysis to 

research situations in which the outcome variable iscategorical. In practice, 

situations involving categorical outcomes are quite common. In the setting of 

evaluatingthe health sector, forexample, predictions may be made for the 

dichotomous outcome of success/failure or improved/not-improved. Similarly, in a 

medical setting, anoutcome might be the presence/absence of disease(Dayton, 2015).  

The fundamental model underlying Multiple Regression Analysis (MRA) posits that 

a continuous outcome variable is, in theory, a linear combination of a set of 

predictors and error. Thus, for an outcome variable of obstetric fistula, Y, and a set 

of p predictor variables of obstetric fistula, X1 ...Xp , the MRA model is of the form: 

 

Where the Y-intercept (i.e., the expected value of Y when all X's are set to0), b j is a 

multiple (partial) regression coefficient (i.e., the expected change in Y per 

unitchange in Xj assuming all other X's are held constant) and eis the error of 

prediction. If an error is omitted, the resulting model represents the expected, or 

predicted, the value of Y: 

 

Note that Y=Y’ +ethus can interpret the MRA model as follows: each observed 

score, Y, is made up of an expected, or predictable, component, Y’, that is a function 
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of the predictor variables X1 ,...,Xp , and an error, or unpredictable component, e  , 

that represents error of measurement (i.e., unreliability) and/or error in the selection 

model of prediction in obstetric fistula. 

3.5.1.3 Linear Discriminant Analysis (LDA) 

Linear discriminant analysis (LDA) is typicallyused as a feature extraction or 

dimension reduction step before classification. It findsthe projection directionssuch 

that for the projected data, between-class variance and maximized relative within 

class-variance.Once the projection directions are identified, the data can be projected 

to these directions to obtain the reduced data, which are usually called the 

discriminant variable and uses the obstetric fistula attributes as the input instances. 

These discriminant variables of obstetric fistula can be used as inputs to any 

classification method, such as nearest centroid, k - nearest neighborhood, and 

support vector machine. 

3.5.1.4 K Nearest Neighbors Algorithm (KNN) 

K-nearest neighbor algorithm (KNN) is a method for classification based on 

similarity to other cases. Thoseclose to others are called a "neighbor ". When a case 

is new, its distance from each of the cases in the modelis calculated. Applying this 

classification specifies the case as being the nearest neighbor, which is the 

mostsimilar. Therefore, it puts the case into the group that contains the nearest 

neighbors. The algorithm is alsoable to calculate values continuously for a target 

class based on obstetric fistula attributes. In this situation, the average or the median 

target value ofthe nearest neighbor is used to obtain the predicted value of new 

class1 and class 2 as represented in figure 5 of KNN(Abdar et al., 2015). 
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Figure 5.Nearest Neighbors Algorithm(Abdar et al., 2015) 

3.5.1.5 Support Vector Machines (SVM) 

Given the availability of support vectors, Support Vector Machine(SVM) is the 

boundary determining the best data classification andseparation. In SVM, only the 

data lying inside support vectors areused as the base data for machines and building 

a model. This meansthat this algorithm is not sensitive to other data. It aims to find 

the bestdata boundary with the farthest possible distance from all classes 

(theirsupport vectors). SVM transfers data to a new space concerning their 

predetermined classes so that data can be classified and separated linearly (using 

hyperplanes). Then, it searches for support lines (or support planes in multi-

dimensional space) and tries to determine the equation of a straight line that 

maximizes the distance between every two classes of obstetric fistula attributes. 

Each support vector is characterized by an equationdescribing the boundary line of 

each class. This represented in figure 6 of SVM(Assari, Azimi, & Taghva, 2017). 
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Figure 6.  Support vector machine(Assari et al., 2017) 

3.5.1.6 Gaussian Naive Bayes classifier (GNBC) 

Gaussian Naive Bayes classifier (GNBC)is an easily used to buildamodel and 

particularly useful for very large data sets. Along with simplicity, Naive Bayes is 

known to outperform even highly sophisticated classification methods(Assari et al., 

2017). 

Bayes theorem provides a way of calculating posterior probability P(c|x) from P(c), 

P(x) and P(x|c). Look at the equation below: 

 

Where: 

P(c|x) is the posterior probability of class (c, target) given predictor (x, attributes). 

P(c) is the prior probability of class. 
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P(x|c) is the likelihood which is the probability of predictor given class. 

P(x) is the prior probability of a predictor. 

This technique calculates the prior probability of the responsevariable and the 

conditional probability of other variables. The prior and conditional probabilities of 

the initial training are calculated. Then, for every test datasets sample, the 

probability of the occurrence (presence) of each case of the response variable is 

calculated. Afterward, the response variable with the highest occurrence probability 

is selected. The probability of a test sample for the response variable value, which is 

based on obstetric fistula attributes, is derived from relation between instances of 

obstetric fistula. 

3.5.1.7 Benchmark Baseline Classifiers 

Baseline classifier gives benchmark baseline accuracy on the dataset that must 

always be checked before choosing sophisticated classifiers. It is a method that uses 

heuristics, simple summary statistics, randomness, or machine learning to create a 

prediction for datasets. The resulting metrics are compared with other results for 

better accuracy based on two classfiers, namely: oneR classfier and ZeroR classfier 

OneR classifier 

 

Figure 7: of OneR classifier 

Figure 7 depicts the simple accuracy measure adopted by the OneR classifier with 
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the accuracy results of 0.33 (33%) based on obstetric fistula datasets. It uses the 

training data for evaluation, as OneR does, or it can apply internal cross-validation: 

the number of folds is a parameter. It adopts OneR’s simple discretization method: 

the minimum bucket size is a parameter. Unlike other single-attribute evaluators, 

The Principal Components transform the set of attributes. The new attributes are 

ranked in order of their eigenvalues. Optionally, a subset is selected by choosing 

sufficient eigenvectors to account for a given proportion of the variance (95% by 

default). Finally, the researcher ignores this rule due to lower performance of 

accuracy baseline benchmark. 

ZeroR Classifier 

 

Figure 8: of ZeroR Classifier 

Figure 8 depicts of the simplest of the rule-based classifiers that relies on the target 

and ignores all predictors and it simply predicts the majority class and it is based on 

Frequency Table of the result accuracy with 1.0 (100%).  
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ZeroR classifier takes a look at the target attribute and its possible values. It 

constructs the frequency table and selects its most frequent value. It will ever output 

the value that is most frequently found for the target attribute in the given datasets of 

obstetric fistula. ZeroR as its names suggests; it does not include any rule that works 

on the non-target attributes. So more specifically it predicts the mean or the mode. 

This study focuses on various six machine learning classification techniques used in 

data mining to compare the performance and the interpretation level of confidence 

on different classification techniques applied on obstetric fistula datasets to 

determine which one among the tested algorithms is more suitable for data mining 

prediction model for obstetric fistula. 

From the result performance, researcher used zero rule classifier as the best 

benchmark baseline due to highly accuracy performance compared of one rule 

classifier. This is based on correctly classified instances and prediction accuracy. 

Hence it is concluded that the Logistic Regression algorithmhas performed better on 

obstetric fistula datasets for data mining prediction model.  

3.6 Model Evaluation 

The model evaluation comprises the accuracy for the validity of dataset, which is 

used in machine learning algorithms for predictions of obstetric fistula disease using 

evaluation metrics. The evaluation metrics comprises of classification process; the 

process for finding a model 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. The derived model is based on the analysis of a set of 

training data(Kiranmai & Damodaram, 2016).  
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The accuracy of a classifier on the obstetric fistula test set is the percentage of test 

set tuples that are correctly classified by the classifier. The associated class label of 

each test tuple is compared with the learned classifier’s class prediction for that 

tuple. If the accuracy of the classifier is considered acceptable, the classifier can be 

used to classify future data tuples for which the class label is not known. For the 

accuracy of the obstetric fistula data mining model is evaluated using cross 

validation, Area under ROC curve and confusion matrix. 

3.6.1 Cross Validation 

Cross-validation is a technique for estimating the generalization performance of a 

predictive model. The main idea behind CV is to split data, once or several times, 

for estimating the risk of each algorithm: Part of data (the training sample) is used 

for training each algorithm, and the remaining part (the validation sample) is used 

for estimating the risk of the algorithm. Then, CV selects the algorithm with the 

smallest estimated risk. Cross-validation is an alternative to random subsampling.  

k-fold Cross –validationit is one way to improve the holdout method. The data set is 

divided into K subsets, and the holdout method is repeated k times. Each time, one 

of the k subsets is used as the test set and the other k-1 subsets are put together to 

form a training set.  

The model is evaluated using 10-fold cross-validation. The 10-fold cross-validation 

is the most commonly used in machine learning, hence it is associated to get 

references on it. The 10-fold cross-validation is used in different extensive and 

numerous datasets with different learning techniques, 10 are the right number of 

folds to get the best estimate and has been widely used as the standard method in 
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practical. Indoing this evaluation, the evaluation metric such as the ROC curve, True 

Positive, False Negative, and True Negative will be observed and recorded. 

3.6.2 Area under the ROC Curve (AUC) 

AUC is one of the popular ranking type metrics. The AUC was used to construct 

anoptimized learning obstetric fistula predictive model and also for comparing 

learning algorithms for a predictive model of obstetric fistula. The threshold and 

probability metrics, the AUC value reflects the overall ranking performance of 

aclassifier. For the two-class problem, the AUC value can be calculated as shown in 

the calculation of formula. 

 

Where, Sp is the sum of the all positive ranked, while np and nn denote the number 

ofpositive and negative respectively. The AUC was proven empiricallybetter than 

the accuracy metric for evaluating the classifier performance and discriminatingan 

optimal solution during the classification training. 

Although the performance of AUC was excellent for evaluation and discrimination 

processes, thecomputational cost of AUC is high especially for discriminating a 

volume of generated solutionsof multiclass problems.  

3.6.3 Confusion Matrix 

Aconfusion matrix is a useful tool for analyzing classifier that can recognize the 

tuples of different classes. Given m classes, a confusion matrix is a table of at least 

size m by m. An entry, CMi, j in the first m rows and m columns indicates the 
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number of tuples of class i that were labeled by the classifier as class j. For a 

classifier to have good accuracy, ideally most of the tuples would be represented 

along the diagonal of the confusion matrix, from entry CM1, 1 to entry (Kiranmai & 

Damodaram, 2016). 

To evaluate the prediction rate, there are several indices such as specificity, 

sensitivity,precision, and accuracy to assess the models’ validity. These indices are 

calculated by confusion matrix (Figure 9). This matrix is a useful tool for analyzing 

the performance of the classificationmethod in data diagnosis or observations of 

various categories. The ideal state, most parts of the relevant datawith the 

observations should be located on the main diagonal of the matrix, and the 

remaining values of thematrix are zero or near zero (Abdar et al., 2015). 

FN= the number of positively labeled data, which falsely have been classified as 

"Negative". 

TN= the number of negatively labeled data, which have been classified as "Correct". 

TP= the number of positively labeled data, which have been classified as "Correct". 

FP= the number of negatively labeled data, which falsely have been classified as 

"Positive". 

A number of performance metrics based on obstetric fistula attributes can be derived 

from the confusion matrix. Perhaps, the most common metrics is accuracy defined 

by the following formula: 
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Other perfomance metrics include precition and recall defined as follows: 

 

	

Figure 9. Confusion matrix(Abdar et al., 2015) 

3.7 Data Set 

Datasetsof prediction of obstetric fistula using data mining algorithmswascollected 

from CCBRT, Dar es Salaam. In these datasets, there are 367 patient records 

fromJanuary 2015 to February 2019. Also, there are 25 attributes but only 

eightattributes are considered for building the model. These includesize of cervix, 

Fetus head is bigger, Position of fetus, Weight of fetus, Weight of the woman, 

Height of the woman,Size of birth canal, and early pregnancy.All theseeight 

attributes are used to build the model for prediction of obstetric fistula. 
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3.7.1 Data Pre-processing 

Data Cleaning: The accessibility ofconfidential data fromCCBRT, Dar es Salaam. 

Data obtained does not contain the names of the attribute, so first they must be 

assigned names. Missing values in the datasets like NA’s or blank values are 

removed by using python3 functionality by use ofPandas that provides the “fillna() 

function“for replacing missing values with a specific value.“Panda replacing values” 

used replaces NA’s with the mean values of that attribute. Figure 10 reflects 

replacing the missing value in python. 

 

Figure 10. Replacing the Missing Value in Python 

Data Reduction: Out of 25 attributes present in the datasets, onlyeight are selected 

important attributes required to build a data mining predictive model. These 

attributes contain missing information coded such as „999‟, „99‟ or „9‟ representing 

the „unknown‟ information. Please note that the statistics in Table 2 do not contain 

fields with „unknown‟ values. The table also shows the fields used in the analysis. 
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Table 2. Patients’ Attributions Applied for Modeling and their Range of Values 

VARIABLE CATEGORIES OF VALUES 

Size of cervix [56] 

Fetus head is bigger [69] 

Position of fetus [48] 

Weight of fetus [33] 

Weight of thewoman [36] 

Height of thewoman [64] 

Size of the birth canal [24] 

Early pregnancy [37] 

Patient repeated cases of obstetric fistula reported in CCBRT 

3.8 Conceptual Framework of data mining model 

To understand the flow of the study, the conceptual framework has been designed to 

show how to go through the problem by following the procedures from stage A1 up 

to A12 as shown in Figure 11.In summary, pregnant women are reported to the 

hospital and the doctor/physician collects attributes with the responsive 

collaboration of tools, which lead to developing obstetric fistula from a pregnant 

woman. More details of the process can be seen from Figure 11. 

These attributes includesize of cervix, Fetus head is bigger, Position of fetus, Weight 

of fetus, Weight of the woman, Height of the woman,Size of birth canal, and early 

pregnancy. From the datasets mentioned above, these attributes are used in machine 

learning algorithms to predict the possibilities of pregnant women to develop 

obstetric fistula. Cleaning algorithms are used to clean the collected data set and 

then transformed into the required format. The cleaned data are annotated by passing 

through different stages from selected raw data set to processed data set. The 

generated cases are used as a training set and test set to configure the case based-
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reasoning. The result from the testing set was analyzed by using python3 analysis 

tool based on statistical metrics. The evaluation results are used as input to propose a 

data-mining prediction model for prediction of obstetric fistula and this has been 

shown in Figure 11 of the general conceptual framework for the study. 

 

Figure 11: A General Conceptual Framework for the Study 
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3.8.1 Attribute Subset Selection with Python3 

The major criterion for selecting an attribute set at this initialstage is to check 

whether each attribute is relevant to the data-miningobjective. Two crows 

corporations also ascertain that usefulness to thedata-mining objective is the major 

criterion in selecting attributes based on symptoms of obstetric fistula (Duchesnay, 

2017). 

The Chi-square attribute also ranks the attributes based ontheir chi-square statistics 

because the selected attributes will be nominalvalues to see the distribution of each 

value of attributes in the datasets toidentify errors and to discern whether there exists 

missing values or not. 

3.8.2 Python GUI 

The python GUI provides a starting point for launching python main GUI 

applications and supporting tools. It includes access to the python main applications, 

Notebook, and Spyder. This is represented in Figure 12 of Python GUI. 

 

Figure 12. Python GUI 
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3.9 Training and Testing Datasets 

The datasets are divided into two sub-datasets both containing eight attributes. 

Training data: Training datasets are derived from the main datasets and contain 267 

out of 367 records in main datasets of obstetric fistula. Testing data: testing datasets 

include 100 out of 367 records from main obstetric fistula datasets. Python 3 is used 

to configure the train and test the model. Some test statisticsare done through the 

data-cleaning algorithms is chi-square tests, Info Gain test, Gain Ratio test and 

Average Rank. 

3.10 Data Analysis 

Since this study used quantitative methods, data analysis is used to analyze the 

collected data for a conclusion. There are various open-source data analysis tools 

like WEKA, Python, and Orange. In this study, the Researcher preferred to use 

python 3 as the experimental environment of data analysis tool to other data analysis 

tools like WEKA and Orange.Also, Python 3 versions has better performance in 

terms of functionality compared to older versions of Python 1, and python 2. This is 

used to produce secondary quantitative data to be used for plotting tables and graphs 

for result interpretation. The performance comparison t-test also is used on 10-fold 

cross-validation to evaluate the model. The study opted to repeat the experiment 16 

times, which makes a total of 160 computations. After the experiments, the average 

result was recorded. Python 3 was used for data analysis and data visualization; also 

data analysis helps to make an inference of models against performance metrics. 

3.11 Ethical Consideration 

Ethical consideration is critically important in any research. With this regard, this 

study was sensitive to ethical grounds at every stage of the research. The 
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researcheradhered to ethical issues by being honest throughout the research process 

from data collection, data analysis, and data interpretation. The information that was 

provided by the respondents was handled with confidence and for the purpose 

intended by this research.This research is for partial fulfillment of a Master’s Degree 

in Information System (Msc.IS). On ethical grounds, the University provided an 

introduction letter that identified and introduced the researcher to the respondents 

during data collection. Furthermore, the researcher was responsible for any 

inconvenient that occurred to the respondents in the course of data collection. 

3.12 External Validity 

Some researchers define validity as the degree to which a test measures what it 

claims to measure (Golofshani, 2003, Stake, 2010). It is very important for a test to 

be valid for the findings to be correctly applied and interpreted.  Golofshani (2003) 

defines reliability as the degree to which findings are consistent over a period of 

time. The findings are referred to as reliable if the same results can be reproduced 

under a similar methodology. 

To ensure reliability and validity in this study, the researcher used secondary data, 

which was collected from CCBRT, Dar es Salaam with multiple formats of data.The 

data was passed through data cleaning algorithm, data reduction, feature selection, 

and data transformation before datasets were processed for machine learning 

algorithm for obstetric fistula prediction model. 
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3.13 Economic Planning and Costs 

3.13.1 Planning 

To achieve all the objectives as mentioned in the chapter (1), all the tasks have been 

mentioned and estimations have been calculated. The Gantt diagram shows in detail 

how the process was conducted from the beginning. The research started in March 

2019. 

In the beginning, the research started with requirement analysis. Python 3 was to 

evaluate all platforms of data analysis and its functionality for machine learning 

algorithm comparison for the best accuracy between algorithms. The comparison 

processes of algorithms include Naive Bayes classifier, Decision tree (J48), Logistic 

regression analysis (LRA), Linear discriminant analysis (LDA), K-nearest neighbor 

algorithm (KNN), Support Vector Machine (SVM), and Gaussian Naive Bayes 

classifier (GNBC).  

The final step of the research was to perform the experiments and evaluate the data 

mining prediction model using 10 cross-validations with test set and training set for 

better prediction model and saving model for the future use of the obstetric fistula 

prediction system. 

3.13.2 Costs 

The cost is divided into two parts namely development costs and infrastructure 

costs. Theseinclude the costs for both hardware and software. 
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3.13.3 Development Costs 

A Software engineer carries out the programming task. Python codes require in-

depth understanding and knowledge in each language particularly C++ and java 

programming language.  

Thus, the average cost for this thesis was approximately $10000 per month, for 12 

hours/day as described in Table 3 of development costs. 

Table 3. Development costs 

Cost per month Number of Months Total 

$10000 5 $50000 

 

3.13.4 Infrastructure Costs 

This can be divided into both software and hardware costs. For this research, all 

software costs were free of charge since the researcher used open-source software. 

The list below gives details of the software. 

1. Anaconda 3- Navigator 

2. Mozila Firefox 

The hardware cost was also zero since the researcher used his laptop (MacBook Air 

(13-inch, mid 2013) to run this articulation research 
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CHAPTER FOUR 

FINDINGS AND DISCUSSION 

4.0 Introduction 

This chapter presents the findings and discussion for each question and objectives.  

4.1 Findings and Discussion after Document Analysis 

The following question was posed to come out with evaluation metrics 

What are the datasets on obstetric fistula that can be collected for a data mining 

prediction model? 

To find the data set for obstetric fistula, these data sets were collected from CCBRT, 

Dar es Salaam include the following:  size of cervix, Fetus head is bigger, Position 

of fetus, Weight of fetus, Weight of the woman, Height of the woman,Size of birth 

canal, and early pregnancy.Each data set was tested using different algorithms or 

groups of algorithms selected for prediction purposes. To get a good performance of 

the selected classification algorithms, it is important to clean the input. The way data 

is cleaned has an impact on classifier performance; which depends on how much 

data can be changed and rearranged. Also, the type of variables in a selected data 

sets are taken into consideration since some algorithms only accept numeric data, 

some accept only nominal, and some algorithms accept both types of data (Diwani 

& Yonah, 2017). Trial and error and Meta-learning approaches were used to select 

the best classification algorithms. In the trial and error approach, available classifiers 

were applied to the data sets and the best-performing ones were selected based on 

classification accuracy, which ranges from 0 – 100%. This was close to 100% 
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accuracy. Figure 13 represents the data set of machine learning algorithms for 

obstetric fistula predictions. 
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Figure13. Example of Data Set for Obstetric Fistula 

4.1.1 Description of Obstetric Fistula Datasets 

The datasets used in this obstetric fistula prediction model had been obtained from 

CCBRT, Dar es Salaam. There are eight attributes used in the prediction of obstetric 

fistula, most of the symptoms of obstetric fistula are clinical as highlighted in figures 

14, and 15.As part of data pre-processing, missing values and outliers are imputed 

with mean value; count value, standard deviation value, and min value, of features 

for continuous data are used in calculating the prediction of each attributes for the 

best accuracy during MLA prediction. Nominal data are converted to numerical 

values for figure 14, and 15. The figures show the types of datasets for obstetric 

fistula data mining prediction model.  
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Figure 14. Data Set for Obstetric Fistula 
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Figure 15. Data Types for Obstetric Fistula Data Set 

4.1.2 Data Pre-processing Based on Obstetric Fistula Datasets 

A major concern surrounding the development of machine learning algorithms for 

medical application is the reliability of such a modelwhen deployed practically(Gao, 

Malik, Santoso, & Zhu, 2016). To evaluate the performance of the obstetric fistula 

predictive model, thesecondary datasets collected fromCCBRT, Dar es Salaam is 

used. 

4.1.3 Features Selection 

In this stage of data processing based on the obstetric fistula data set, the data is 

passed through different metrics like calculation of Chisquire, Info gain, Gain ratio, 

and Average Rank. Furthermore, the demonstration and the application of the data-

miningprediction model are compared with its results based on the machine learning 

algorithms using the obstetric fistula datasets. 
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The analysis and evaluationof machine learning model used different evaluation 

metrics and the result is shown in figure 16 of feature selection and figure 17 of a 

combination of x and y of feature selection. 

 

Figure 16. Feature Selection 

 

Figure 17. Combination of x and y of Feature Selection 
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4.1.4 Pearson Correlation Matrix to be Described Based on Obstetric Fistula 

Datasets 

Before creating data mining model prediction of obstetric fistula to be analyzed, the 

input data is to be deeply understoodto establish types of correlation between 

them.The Pearson correlation matrix is used in box plot and parallel plot (Peretti & 

Amenta, 2016). However, the Pearson coefficient matrix measures how well data are 

related to the attributes. It cannot measure the relation between dependent and 

independent data. In Figure 18, there is attributes representation of the Pearson 

Correlation Coefficient of the input data set, which also shows a relationship 

correlation among the data. Furthermore, due to the independence of the data, 

logistic regression was chosenfor use and deeply analyzed as described in figure 18 

of the Pearson correlation matrix.  
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Figure 18. Pearson Correlation Matrix 

4.2 Findings and Discussion after Experimental Research Study 

By considering the nature of the research, only one experiment was conducted in 

relation to the performance of the seven learning algorithms. This experiment is the 

learning experiment using obstetric fistula datasets. 

4.2.1 Confusion Matrix 

A confusion matrix shows the combination of the actual and predicted classes. Each 

row of the matrix represents the instances in a predicted class, while each column 

represents the instances in an actual class. It is a good to measure whether a data-

miningmodel of prediction obstetric fistula can account for the overlap in class 

properties and understand which classes are most easily confused. This is shown in 
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Figure 19, where along the x-axis are listed the true class labels and along the y-axis 

is the predictions. Along the first diagonal are the correct classifications, where all 

the other entries show misclassifications. The bottom right cell shows the overall 

accuracy. Thus the experiment presented the confusion matrix attribute selection to 

better separate these two classes. The search for a subset of the eight attributes was 

such that the attributes are complementary in the sense described above in Figure 19. 

 

Figure 19: Confusion Matrix for all Classes and all Attributes 

  



 

56 

4.2.2 A Simplified Illustration of Classifiers of the Input Data Based on 

Obstetric Fistula Datasets 

Figures 20 show the various reasons for pregnant women being affected by obstetric 

fistula as reported from CCBRT, Dar es Salaam. Large numbers of pregnant women 

suffer from obstetric fistula due to different factors,The most high-risk factors are: 

Fetus head is bigger, Size of cervix, Height of the woman,Position of fetus, and 

Weight of the woman.This is due to the high frequency of histogram graph as 

represented in the Figure 20. The other factors that have lower risks include early 

pregnancy, Size of birth canal, andWeight of fetus. Therefore, data provided show 

the factors with high risks and lower risks of women to suffer from obstetric fistula 

as described in Figure 20of the histogram graph and Table 4 using obstetric fistula 

attributes.  

 

Figure 20. Histogram Graph using Obstetric Fistula Datasets 
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Table 4. Attributes and frequency using Obstetric Fistula Datasets 

 

Attributes 

Frequency 

Actual class Predicted class 

Fetus header is bigger 154 199 

Size of cervix 153 199 

Height of the woman 151 210 

Position of fetus 148 220 

Weight of the woman  110 230 

Weight of fetus 110 240 

Size of birth canal 240 150 

Early pregnancy 110 240 

 

4.2.3 Learning Experiment Using Obstetric Fistula Datasets 

This section presents the experimental results and analysis done for this study. In 

this work, six classifiers including LR, LDA, NBC, SVM, KNN, and DT are 

conducted. Data were divided into the train set andtest set. The training set is used to 

build the classifier and test set used to validateit. The data mining prediction model 

development is conducted in two main steps including model fitness and model 

accuracy. Tocalculate the model fitness, thecriteria used were the data of training 

set.However, based on a 10-fold cross-validation as a test option, Logistic 

Regression (LR) performs better with a classification accuracy of 87.678% 

compared with other classifiers, followed by Linear Discriminant Analysis (LDA) 

and Support Vector Machine (SVM) classifiers with accuracies of 85.621% and 

84.95%, respectively.The related results of these experiments are demonstrated in 

Table 5. 
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Table 5. Comparison of Model Fitness and Model Accuracy of Six Various 

Applied Machine Learning Algorithms 

 

4.3 Estimate Accuracy on Validation Set 

To address the choice of machine,learning algorithms where bothdata classes are 

equally important was applied to concentrate on a comparisonof measures of the 

algorithm’s performance before selecting the best data mining algorithms to be used 

in building a data-mining model for prediction of obstetric fistula. Also, 

anotheraspect of evaluating the accuracy involves the assessment of how to present 
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resultsis done through the t-test that compares the actual difference between two 

means in relation to the variation in the data expressed as the standard deviation of 

the difference between the means. 

A difference between two means is significant (at the given probability level) if the 

calculated t value isgreater thanthe value given in the table of "two-tailed" t-test. A 

probability of p = 0.05 (95% probability of making a correct statement against 

degrees of freedom) is usually acceptable for statistical work, but p = 0.1 can be 

used for a "one-tailed" t-test.This is done through the calculation of measures such 

as precision, recall, fl-score, and support, which are often calculated via the t-test 

measuresforan overview of the accuracy measures where the total average results of 

precision is 0.91, recall is 0.82, fl-score is 0.86, and support is 74as represented in 

Figure 21 of the results of the experiment. 

 

Figure 21. The Results of the Experiment 
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4.4 Model Bulding 

Due to evaluation andperformance between algorithms, the Logistic Regression has 

a better performance of 87.678%,precision measures of 0.91 (91%), recall measures 

of 0.82 (82%), f1-score measures of 0.86 (86%) and support measures of 74% 

followed by other algorithms that have a lower accuracy performance based on 

obstetric fistula datasets. Hence, the data mining prediction model is prepared with 

Logistic Regression due to its higher accuracy performance of 87.678%. 

The application of the Logistic Regression Model has featured prominently in many 

domains such as the healthcare industry. The Logistic Regression Model is used 

when the objective is to classify data items. Usually, in the data mining Logistic 

Regression Model, the target variable is binary which means that it only contains 

data classified as 1 or 0, which refers to a patient that is positive or negative for 

obstetric fistula datasets. The purpose of the data mining Logistic Regression Model 

is to find the best fit that is diagnostically reasonable to describe the relationship 

between the target variable and the predictor variables as represented in figure 22 of 

the Logistic Regression Model. 

Also, the ROC curve is a graphical plot that represents the performance ofa 

classifier. The ROC allows performance of thedata-mining modelacross all possible 

thresholds. In this experiment, the ROC value is0.60 and the ROC curve is shown in 

Figure23.However, the value statisticsis a metric that compares an observed 

accuracy with an expectedaccuracy in a data mining prediction model. The value 

statistic of obstetric fistula normally holds avalue between 0 and 1 also the 

experiment had a value statistic value of0.60 as shown inFigure 23 of the ROC 

curve of obstetric fistula. 
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Figure 22: Logistic Regression Model 
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Figure 23. The ROC Curve of Obstetric Fistula. 

4.5 Data-Mining Model 

This thesis aimed atdeveloping a data-mining model for the predictionof obstetric 

fistula using Machine Learning Algorithms (MLA). Aproposed data-mining 

modelwill predict obstetric fistula for women around Tanzania. 

The data mining model algorithm is made up of 3 sub-stages. In the first stage of the 

design, there is the performance of dimensionality reduction that is already 

processed datasets (using obstetric fistula datasets). Then,is the cluster of selected 

principal components using python3 as a data analysis tool to address outliers, 

remove any incorrectly classified data, and graphical visualization of datasets. 

Finally, the correctly clustered and classified datasetsare used as input for 
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thesupervised classification using logistic regressionalgorithms. Therefore, all these 

processes of data mining model for prediction of obstetric fistula are finalized by 

saving the model as shown in figure 24 of the Logistic Regression saved model. 

 

Figure 24: Logistic Regression Saved Model 

4.6 The proposed data mining model for the prediction of obstetric fistula 

The proposed data-mining model has been developed with the aim to predict the 

pregnancy women with the possibility of having obstetric fistula disease before 

delivery of a baby. 

Figure 25 show the proposed Data mining model (with input and output parts) 

toward detecting of obstetric fistula. The input containsthe raw dataset of obstetric 

fistula passed through training set and feature selection algorithms that use to select 

the valid datasets. The output part use to show the results based on the obstetric 

fistula prediction. 

The accuracy performance between algorithms prediction shows that LR has better 



 

64 

classification accuracies of 87.678%, precision measures of 0.91 (91%), recall 

measures of 0.82 (82%), f1-score measures of 0.86 (86%) and support measures of 

74%. The results of LR in this study are better than those reported in other works of 

literatures. Thus, the researcher chose to use LR as the proposed obstetric fistula 

model and has the potential to greatly impact current obstetric fistula treatment, care, 

and future intervention 

Logistic regression algorithm import attributes of obstetric fistula and posses 

through classified valid datasets for the obstetric fistula prediction. The classified 

data of the proposed data-mining model are structured intodifferent stages of 

validationmetrics includeconfusion matrix, cross-validation, and Area under ROC. 

These stages are described in detailsfrom the proposed data-mining modelin Figure 

25. 

 

 Figure 25. Proposed Data mining model 
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CHAPTER FIVE 

DISCUSSION OF THE RESULTS 

5.0 Introduction 

This chapter looks into the dissertation objectives and establishes to what extent the 

study has achieved the objectives.  

5.1 Summary of the Research Objectives 

1. To design a framework for predicting obstetric fistula based on the 

obstetric fistula datasets collected. 

2. To test a designed framework using different data mining techniques. 

3. To propose a data-mining model for the prediction of obstetric fistula 

based on the framework in (i) and the selected data mining technique 

in (ii). 

4. To evaluate the proposed model 

The summary of objectives is reflected below: 

1. To design a framework for predicting obstetric fistula based on the 

obstetric fistula datasets collected. 

The secondary dataof obstetric fistula from CCBRT, Dar esSalaam used to developa 

data-mining model for the prediction of obstetric fistula. In that datasets, records 

of367 patients of obstetric fistulawere included from January 2015 to February 

2019. Also, there are 25 attributes but only eight attributes for building a model was 

considered. These attributes include size of cervix, Fetus head is bigger, Position of 

fetus, Weight of fetus, Weight of the woman, Height of the woman,Size of birth 

canal, and early pregnancy.Using Machine Learning Algorithms (MLA) uses all of 
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the eight attributes to build a model for prediction of obstetric fistula.To understand 

the flow of the study, the frameworks have been designed to show how to go about 

problem and understand the output as shown in Figure 4 of the general conceptual 

framework for the study. Pregnant women reported to hospitals and doctors 

classified and analyzed feedback from them.Additionally, doctors performed 

laboratory tests based on obstetric fistula symptoms. The datasets of obstetric fistula 

was diagnosed before data cleaning algorithms followed by data preprocessing with 

10 cross-validation for validating the model before applying classification 

algorithms.These were used to execute the data-mining model for accepting or 

rejecting the model based on the validity of the datasets of obstetric fistula.  If a data 

mining predictive model   accepted the attributes of obstetric fistula then, the data 

mining model should suggest the appropriate treatment and doctors monitor the 

condition of the patient with the responsive collaboration of predictive data mining 

model of obstetric fistula. 

2. To test a designed framework using different data mining techniques. 

The datasets are divided into two sub-datasets both containing eight attributes. 

Training data:The training datasetsare derived from the main datasets and contains 

267 out of 367 records in the main datasets of obstetric fistula.  

Testing data: Testing datasets contained 100 out of 367 records from the main 

obstetric fistula datasets. Python 3 was used to configure train and test the model. 

Some test statistics, which are done through the data-cleaning algorithms, is chi-

square test, the Info Gain test, the Gain Ratio test, and the Average Rank test also 

underwent data transformation for integrating data, resolving data, and value 

conflicts before data sets were processed. 
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3. To propose a data-mining model for the prediction of obstetric fistula based 

on the framework in (i) and the selected data mining technique in (ii). 

The proposed data mining prediction modelas a part of artificial intelligence is 

developed to solve the problem of obstetric fistulasuffered bypregnant women in 

Tanzania. The performance of the proposed approaches was compared in terms of 

accuracy, sensitivity, and specificity.The proposed data-mining model of the 

obstetric fistula achieved higher accuracy, sensitivity, and specificity than other 

machine learning algorithms. 

4. To evaluate the proposed model 

Thisdata mining model was tested in a training set and test set for the accuracy of 

validation by using 10 cross-validation. Therefore,after investigatingthe results for 

the proposed data mining prediction model of obstetric fistula, thiscould be a great 

opportunity for the health industryto supportdoctors with information to make 

decisionsofobstetric fistula and its consequences. 

Moreover, the model will provide the real birth rate growth for Tanzania in each 

year and help the Tanzania Government to plan and for budget each year based on 

available information on population growth. 
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CHAPTER SIX 

CONCLUSION AND FUTURE WORK 

6.0 Conclusion 

In this study, six different data mining classification techniques were used for the 

prediction of obstetric fistula and their performance was compared to evaluate the 

best classifier.Hence, an efficient and effective classifier for obstetric fistula risk has 

been identified. Thenumber of attributes covered by the classifier can be increased 

by increasing the sample size of thetraining set and hence the development of a more 

accurate model. 

The proposed data-mining model can assist medical doctorsto diagnose obstetric 

fistula at the initial stages of a pregnancy. The main issue here is to save time, 

reduce healthcare costs, deliver quality healthcare, and reduce women’s uncertainty 

over theirpregnancies and the safety of their babies. Moreover,obstetric fistula is not 

only life threatening for pregnant women but also puts the lives of unborn babies at 

risk thus the need to detect the problem as early as possible 

Therefore, the developed model can help doctors to make a more accurate diagnosis 

as well as to get answers they often seek from pregnant women. As diseases are 

diagnosed, the predictive data-mining model helps medical doctors to make 

informed decisions on detected obstetric fistula and suggests possible treatment 

strategies within a much-reduced time.  
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The accuracy performance between algorithms in obstetric fistula prediction shows 

that Logistic Regression (LR) have better classification accuracies of 87.678% 

followed by Linear Discriminant Analysis (LDA) with classification accuracies of 

85.621%. The researcher, performed aboutsix different machine learning algorithms 

and implementations by setting their processed data set through data cleaning 

algorithms that lead to better classification accuracy from selected classification 

algorithms during obstetric fistula prediction.  

Therefore, the results confirm that the proposed data mining prediction model has 

the potential to greatly impact current patient management policies, care, and future 

interventions against obstetric fistula. 

6.1 Future Work 

More work could be done on this implementation of prediction of obstetric fistula 

using data mining techniques, but due to time and financial constraints limitation, 

only creating and proposed of data mining model for prediction of obstetric fistula 

were performed. The training of data set, testing of data set and validation of the 

data mining model was conducted for only 60 successively days and provided the 

interesting results on a prediction of obstetric fistula using the data mining model, 

but much more work can be done for further study. 

Other researchers can continue to do this implementation of the real system for 

prediction of obstetric fistula by using this proposed data-mining model for 

prediction of obstetric fistula, Therefore, Machine learning can be of big help when 

it comes to medical diagnosis, the presented in this thesis is an approach for 

detection and prediction of obstetric fistula by using machine-learning techniques. 
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APPENDICES 

Appendix I: External Examiner Corrections 

Presented Chapters Comments from 

External Supervisor 

Correction Area done 

by Candidate 

Page number. 

Chapter 1: Proposed to edit the 

third specific 

objective and its 

corresponding 

question 

Third specific 

objective with its 

corresponding 

question has been 

edited successful 

Page numbers 

11 

Chapter 2: Literature 

Review 

The contradiction on 

statement in relation 

to avoid using the 

words above/below. 

-To complete 

literature review with 

research gap 

The correction has 

been made to the 

actual removing of 

the words above2.3 

-Research gap added 

at section 2.4 

Page number 

14,21 

Chapter 3: 

Research 

Methodology 

-In methodology one 

presents what is to be 

done, how and why to 

enable another 

researcher to repeat 

what the candidate 

did in realizing the 

different research 

questions. This is not 

coming out clearly.  

 

-The whole chapter 

was restructured and 

improved by 

numbering the table 

and figures using 

chapter-wise format. 

-Conceptual 

framework of the 

study has been added 

at section 3.8 

Page number 22 

-45 
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Chapter 4: 

Findings and 

discussion 

Improve the summary 

by providing 

quantitative findings 

and what it means.  

-Conclusion should 

be sharper and link to 

research objective/ 

questions 

Section was 

improved as 

instructed at sections 

4.1.1 and 4.1.4. 

Page number 46 

-63 

Chapter 5:  

Discussion of the 

results 

Figures and tables 

must be numbered 

using chapter wise 

format. 

Quality of figure 

must be improved 

Figures and tables for 

the whole dissertation 

has been improved,  

Page number 64 

-66 

Chapter 6: 

conclusion and future 

work 

There are a lot of 

grammar, punctuation 

and other issues some 

of which are 

highlighted in the 

dissertation. 

A grammar and 

punctuation mistake 

has been collected. 

Page number 67 

-68 

 

 


