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ABSTRACT 
Diabetes is one of the most prevalent non-communicable diseases when raised levels of glucose in 

the blood because the body cannot produce any or enough of the hormone insulin or use insulin 

effectively. If  the disease is not managed on time, it will born long-term diabetic complications 

like  retinopathy  with  potential loss of vision, nephropathy leading to  renal  failure, peripheral 

neuropathy  with risk of foot  ulcer, amputations and  cardiovascular problem,  as  well as  sexual 

dysfunction.  

 International Diabetes federation 2017 report Ethiopia is the first ranked with 2.6 million from top 

4 African countries for number of people with diabetes. It shows growing of long term complication 

and cause of death.  These problems are lack of awareness, limitation in screening protocols, 

scarcity of specialist, less propaganda for intervention programs and poor accessibility to health 

care services. 

To struggle such problem, this study attempts to design and developed a prototype of an integration 

of prediction model with the knowledge based system that can provide advice for user to facilitate 

the diagnosis and treatment of diabetic patients. The knowledge is extracted for developed this 

knowledge based system using five data mining classification algorithm namely PART, J48, 

REPTree, Random Tree and Jrip, from Debre Berhan referral hospital diabetes dataset. After 

compared those algorithm, J48 decision tree Perform 98.84% correct result than the other and got 

enough rules that can be used for type of diabetes diagnosis. In other way, knowledge extracted 

from domain experts and document analysis for diabetes treatment. Hence, the prototype of 

knowledge based system which provides diabetic patient diagnosis and treatment was developed 

using SWI-Prolog 7.6.4 and Java NetBeans IDE 8.2 with JDK 8 for integrating with graphical user 

interface respectively. The overall performance achieves 91.9% accuracy with an average system 

performance. But, further researches should be done to increase the merits of integrating Data 

mining induced knowledge with knowledge base system.  

Keywords: Data Mining, Knowledge-Based System, Type of Diabetes, Integration with KBS  
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CHAPTER ONE 

INTRODUCTION 

1.1. Background of the Study 

Non communicable diseases (NCDs), such as diabetes,  cardiovascular diseases, cancers, and 

chronic respiratory diseases, are now the leading cause of death in most regions of the world and in 

sub-Saharan Africa, NCDs are projected to be the leading cause of death by 2030 [1]. Diabetes is 

one of the most prevalent non-communicable diseases globally, presenting a significant public health 

burden on the basis of its increasing incidence, morbidity, mortality, and economic costs [2]. 

Diabetes mellitus, more simply called diabetes, is a chronic condition that occurs when there are 

raised levels of glucose in the blood because the body cannot produce any or enough of the hormone 

insulin or use insulin effectively [3]. Insulin is an essential hormone produced in the pancreas gland 

of the body, and it transports glucose from the bloodstream into the body’s cells where the glucose 

is converted into energy. The lack of insulin or the inability of the cells to respond to insulin leads 

to high levels of blood glucose (hyperglycemia), which is the cast of diabetes [4].  

Diabetes is definitely one of the most exciting health problems in the 21st century that obviously is 

widespread in a large number of populations in developing countries and by nature of diabetes 

disease is an asymptomatic in early stage and can remain undiagnosed for 9 to 12 years [3]. Diabetes 

is a long-lasting disease associated with irregularly high levels of glucose (sugar) in the blood. long-

term diabetic complications include:  retinopathy  with  potential loss of vision; nephropathy leading 

to  renal  failure; peripheral neuropathy  with risk of foot  ulcer, amputations and  cardiovascular 

(heart and blood vessel) problem,  as  well  as  sexual dysfunction [3] [4]. Symptoms of high levels 

of blood glucose (hyperglycemia) include repeated urination, weight gain or strange weight loss, 

increased thirst, increased hunger and healing of wounds is not quick, blurred vision, fatigue, 

dizziness, etc [5]. 

The classification, diagnosis and treatment of diabetes are complex and have been the subject of 

much consultation, debate and revision stretching over many decades, but it is now widely accepted 
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that there are three main types of diabetes, type 1 diabetes, type 2 diabetes and gestational diabetes 

mellitus (GDM) [3] [4]. There are also some less common types of diabetes which include 

monogenic diabetes and secondary diabetes [3].  

Type 1 diabetes is caused by an autoimmune reaction where the body’s immune system attacks the 

insulin-producing beta cells in the islets of the pancreas gland. As a result, the body produces none 

to very little insulin with a relative or absolute deficiency of insulin [3] [6] [7]. The causes of this 

destructive process are not fully understood but a combination of genetic susceptibility and 

environmental triggers such as viral infection, toxins or some dietary factors have been implicated 

and the disease can develop at any age but type 1 diabetes occurs most frequently in children and 

adolescents [3] [4] [5]. 

 Type 2 diabetes is the most common type of diabetes accounting for around 90% of all cases of 

diabetes and in this type of diabetes, the pancreas produces insulin, but it does not yield sufficient 

amount or the body may have difficulty in using it properly [3] [5] [8]. Most of the time, it seen in 

older adults, but it is increasingly seen in children, adolescents and younger adults [5] [8].The 

cornerstone of type 2 diabetes treatment is healthy lifestyle which includes the adoption of a healthy 

diet, increased physical activity, smoking stop plan and maintenance of a healthy body weight [3] 

[6] [7] [8]. If attempts to change lifestyle are not adequate to control blood glucose levels, oral 

medication is usually initiated for treatment of hyperglycemia with metformin and Glibenclamide 

being the most commonly used initial treatment worldwide. If treatment with a single anti diabetic 

medication is not adequate, a range of combination therapy options are now available, including; 

sulphonylureas, thiazolidinedione, metformin, acarbose [3] [6] [7]. When oral hypoglycemic 

medications are unable to control hyperglycemia to recommended targets, insulin injections may be 

prescribed [3] [6] [7]. 

 Gestational diabetes mellitus (GDM) is a type of diabetes that affects pregnant women usually 

during the second and third trimesters (From total pregnant time each trimester contain three month) 

of pregnancy though it can occur at any time during pregnancy [3] [5] [9]. In some women diabetes 

may be diagnosed in the first trimester of pregnancy but in most such cases diabetes likely existed 

before pregnancy, but was undiagnosed [9]. As obvious symptoms of hyperglycemia during 

pregnancy are rare and may be difficult to distinguish from normal pregnancy symptoms, but fasting 
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blood sugar (FBS) oral glucose tolerance test(OGTT) are recommended for screening of GDM 

between the 24th and 28th week of pregnancy [3] [9]. The risk factors for GDM include older age, 

overweight or obesity, excessive weight gain during pregnancy, a family history of diabetes and a 

history of stillbirth or giving birth to an infant with a congenital abnormality [3] [5] [9]. GDM usually 

exists as a temporary disorder during pregnancy and resolves once the pregnancy ends [3] [9]. 

However, pregnant women with hyperglycemia are at higher risk of developing GDM in subsequent 

pregnancies and about half of women with a history of GDM will develop type 2 diabetes within 

five to ten years after delivery [3] [5] [9]. Babies born to mothers with GDM also have a higher 

lifetime risk of obesity and developing type 2 diabetes [3] [9]. Women with hyperglycemia during 

pregnancy can control their blood glucose levels through a healthy diet, moderate exercise and 

insulin injections in order to maintain a glucose level in the proper range [3] [5] [9].  

Pre diabetes (impaired fasting glucose) is raised blood glucose levels above the normal range and 

below the diabetes diagnostic thresholds [10]. Pre diabetes is also characterized by decreased insulin 

sensitivity or increased insulin resistance. Hence, People with pre diabetes are at high risk of 

developing type 2 diabetes [10]. However, not everyone with pre diabetes goes on to develop type 

2 diabetes when we preventing it by healthy diet, increased physical activity, smoking stop plan and 

maintenance of a healthy body weight for avoiding the progression of pre diabetes to diabetes [3] 

[10] [5]. 
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Table 1.1. General Comparison of type 1 and type 2, pre diabetes and gestational diabetes 

mellitus, Adapted from [3] [7] [9]. 

 Type 1 diabetes Type 2 diabetes GDM  Pre diabetes 

Relative 

frequency  

5-10% of the 

diabetic 

population 

80-90% of the diabetic 

population 

 5- 10% rare 

Age at onset  <35 years  Usually >35years 

Adult, mostly, old 

premy 

At any age, 

mostly adult or 

old 

Clinical 

diagnosis  

Weight loss, 

Polyuria, 

Polydipsia  

Polyphagia 

lack of energy, 

Dry mouth, 

fatigue 

Obese, Strong family 

history type 2 diabetes, 

Ethnicity Previously 

gestational diabetes 

mellitus and or pre 

diabetes  

Obese, Strong family 

history 

type 2 diabetes, 

Ethnicity and   

Previously gestational 

diabetes mellitus  

Obese, Strong 

family history 

type 2 

diabetes, 

Ethnicity  

The blood test 

levels for 

diagnosis of 

diabetes and 

pre diabetes 

FBS  > =126 

mg/dl 

A1C > = 6.5  

RBS >= 

200mg/dl 

 

FBS  > =126 mg/dl 

 

A1C > = 6.5 

RBS >= 200mg/dl 

 

FBS  > = 100 mg/dl 

OGTT = 140-199 mg/dl 

RBS = 140-199 mg/dl 

A1C   >= 5.7 

 

 FBS = 100-

125 mg/dl  

A1C = 5.7-6.4 

RBS = 140-199 

mg/dl 

 

 

Precipitating 

and associated 

risk factors 

Largely 

unknown; 

microbial, 

chemical, 

dietary etc. 

Age, obesity, sedentary 

lifestyle, 

previous gestational 

diabetes 

Age, obesity, sedentary 

lifestyle, 

previous gestational 

diabetes mellitus 

Age, obesity 

and  sedentary 

lifestyle 

 

Endogenous 

insulin 

reserve 

Low or absent  Usually present 

Usually present Usually present 

 

Acute 

complications 

Ketoacidosis  
Non ketosis 

hyperosmolar state 

 

Rare 

  

no 

Pedigree of 

Diabetes 

mellitus 

Infrequent  Frequent 

Frequent Frequent 

Associated 

auto- immune 

diseases 

Yes  No 

 

No 

 

No 

 

 Treatment 

Insulin  

Education 

Diet, exercise, oral 

hypoglycemic 

drugs, may be insulin 

needed 

education 

Insulin 

Education 

Diet, exercise, 

education 
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 Fasting Blood Sugar (FBS) test: It is applied to diagnose and identify diabetes and pre diabetes 

[3] [7] [9]. It is the best screening test applied for diagnosing diabetes since it is easier and faster to 

perform, more convenient and acceptable to patients, and less expensive. It measures the amount of 

glucose in the blood of individuals who hasn’t eat for at least eight hours before testing and is the 

most trustworthy when given in the morning. In the current time this type of testing method apply 

in all governmental hospital of Ethiopia.  

Oral glucose tolerance test (OGTT): An oral glucose tolerance test is a series of blood glucose 

measurements she taken 75g glucose or drink a sweet liquid that contains glucose after two hour [5]. 

This test is not recommended for diagnosing diabetes in a person who is not pregnant [3] [4]. 

1.2. Statement of the Problem 

Diabetes mellitus is a growing public health problem all over the world which greatly contributes to 

heart disease, stroke, chronic kidney failure, leg amputation, foot ulcer, nerve damage and damage 

to the eyes [3] [4] [5] [8]. In 2017,International Diabetes Federation(IDF) atlas report shows that 

425 million world’s adult population had diabetes mellitus and the proportion is expected to increase 

by 48 %( 629 million) by 2045 [3]. Among these 425 million people, 16 million found in sub- 

Saharan Africa countries and in these countries the diabetes mellitus patient will increase by 

156%(41 million) by 2045 and also 77.0% of all deaths attributable to diabetes occurred in people 

under 60 years in this region, the highest proportion in the world [3]. In addition, depending on [3] 

report  Africa region’s most populous countries have the highest numbers of people with diabetes, 

including Ethiopia (2.6  million), South Africa (1.8  million), Democratic Republic of Congo (1.7 ) 

million), and Nigeria (1.7  million). About 45.1% of all adults aged 20-79 years with diabetes in the 

region live in these four countries in 2017. 

 Ethiopia is the first ranked with 2.6 million from top 4 African countries. This is due to number of 

factors, such as lack of awareness, limitation in screening protocols, less propaganda for intervention 

programs, globalization, rapid adaptation to western lifestyle, unhealthy eating habits like skipping 

the breakfast (or) eating junk foods because of financial hardships, and poor accessibility to health 

care services (scarcity of specialists, practitioners, health facilities, less expenditure) on diabetes or 
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pre diabetes in Ethiopia [11]. Moreover, according to [12] explained the number of people living 

with diabetes is increasing due to aging, lack of physical exercise, population growth, development 

and overweight. Similarly, several studies indicate the introduction of health extension program is 

quite helpful for disease control programs with strong activities on the community level [13]. 

However, these health workers who are included in the health extension program are not be capable 

enough to give appropriate medical health care services and treatment for diabetes patients because 

the knowledge of these community health care worker about how to diagnosis a patient with diabetes 

and give treatment  adequately is very poor [14]. Due to this, people living with diabetes in rural 

area of Ethiopia to travel long distances to their nearest health center and hospital in order to get 

health service, financial costs of management of diabetes are high or escalating from time to time, 

because diabetes is a long-lasting disease and cannot be treated for once and for everlasting [11] [13] 

[14]. Therefore, patients need reliable diagnosis and treatment method throughout their life.  

So, the importance of conducting this study is to develop prototype knowledge based system for 

diagnosis and treatment of type of diabetes to solving these problem by deploying any health 

management place without any limit. To acquire tacit knowledge from the domain experts using 

interviewing method in order to have detail understanding of the domain knowledge [15]. Even 

though, this tacit knowledge is normally implicit, inside the expert's mind, must be externalized and 

made explicit. However, as Solomon [14] stated the tacit knowledge is personal and the knowledge 

expert may not tell all the knowledge he/she knows during interview, there is still hidden knowledge 

about the problem and also his work did not include GDM and Pre-diabetes. To improve this 

problem, automatic knowledge acquisition is proposed by including GDM and Pre-diabetes on his 

work. Therefore, using appropriate data mining classification algorithm with domain expert for 

extracting potential rule from Debre Birhan referral Hospital diabetes dataset to develop knowledge 

based system. The developed knowledge based system will be help to protect the health of individual 

from morbidity, mortality, reduce diabetes or pre diabetes related complication, reduce treatment 

cost, reduce economic burden and give awareness. The reason, KBS provides the high-quality 

performance which solves difficult problems in a domain expert as good as or better than human 
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experts, can possesses vast quantities of domain specific knowledge to the minute details and 

available anywhere [16]. 

RESEARCH QUESTIONS 

 This study explores and finds answers to the following research questions:  

 Which attributes helps more to classify the diabetes dataset? 

Which classification algorithm is the best for predicting of diabetes types? 

 How to represent the acquired knowledge from data mining algorithm and domain expert for 

developing the knowledge-based systems? 

How data mining results be integrated with Knowledge Based System for Diagnosis type of 

diabetes?  

1.3. Objective 

1.3.1. General Objective 

The general objective of this study to apply the data mining techniques for constructing predicting 

model and integrate with the knowledge Base System for diagnosis and treatment of diabetes 

patients. 

1.3.2. Specific Objectives 

For the realization of the general objective stated above, the following specific objectives are 

formulated to 

1. Review conceptual and related literatures relevant to the study. 

2. Collect the required diabetes patient data from Debre Berhan referral hospital. 

3. Build the model, after cleaning and transforming the dataset into a suitable format by the 

selected data mining algorithms.   
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4.  Acquire knowledge from the best classification algorithm model related to expert advice to 

develop knowledge base system. 

5. Extract type of diabetes treatment knowledge from domain expert and document analysis 

6. Develop prototype that integrates data mining results with knowledge base system for 

diagnose and treat diabetes patients. 

7. Evaluate system performance using different performance metrics  

8. Evaluate user acceptance levels. 

1.4. Scope and Limitation of the Study  

The scope of this research is to develop prototype of an integrating data mining results with 

knowledge base system for diagnosis and treatment of diabetes. The knowledge for the knowledge 

based system is acquired from domain experts’ interview and documents analysis for treatment 

strategy and for diabetic diagnosis using Debre Berhan referral hospital diabetic dataset by 

employing classification data mining techniques. The study focus on Debre Berhan referral Hospital 

diabetes dataset because the researcher works and lives there. That makes the research area 

convenient for this study to get confidential information.  

According to [3] [5], diabetes is classified into four groups. These are Type 1, Type 2, gestational 

diabetes mellitus and other types of diabetes such as monogenic diabetes and secondary diabetes. 

However, this study include Type 1 ,Type 2 , gestational diabetes mellitus and pre diabetes does not 

include other types of diabetes like  monogenic diabetes and secondary diabetes because there is no 

diagnosed dataset of these type of diabetes in Debre Berhan referral hospital. Pre diabetes is not 

diagnose as diabetes but it is risk factor to develop type 2 diabetes waiting without any treatment 

hence it include in this study due to early detection from diabetes complication.  

The main limitation of this study was the availability of the data in manual format. To encode the 

dataset store in Debre Berhan referral hospital from July 2014 up to December 2017 years to MS-

Excel format it took a lot of time and invest more money. Hence, this research didn’t include all of 

the data available in the hospital because of time and financial problems for encoding the data. The 

system gives awareness about clinical, demographic, History of previous condition, past history of 
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diabetes in the patient family and management strategy for the users; it cannot do laboratory for 

example to check fasting blood sugar and gives treatment for instance injection when the injection 

is needed for the patient like experts.  

1.5. Significance of the Study 

Knowledge-based systems are artificial intelligent tools functioning in a specific domain 

to provide advice and consultation in decision making [15]. With the proper utilization of 

knowledge, the knowledge-based systems increase productivity and enhance problem solving 

capacity in a flexible manner. Such systems can also document knowledge for future use [17]. This 

leads to have improved quality in problem solving process. 

 Hence, the developing and implementing Knowledge Base System will provides effective diagnosis 

and treatment of types of diabetes to give benefit directly and indirectly as listed below 

 The direct beneficiaries of this research output is those experts who are involved diabetes 

patient diagnosis activities in hospitals and health centers. The knowledge based system can 

help experts in controlling and managing consistently during diabetes patient diagnosis and 

treats if this system is applied.  

 It is advantageous for remote and rural areas that have scarcity of medical professionals and 

medication facilities for health extension worker. In addition to this, such systems allow 

documentation of one or more expert knowledge and utilize the knowledge for problem 

solving in cost effective way.  

 The indirect beneficiaries of this research output is those patients who receive diabetes 

diagnosis and their family, school teachers, friends and their leaders who work in any 

profession to give awareness about diabetes complication, early detection mechanism and 

treatment to long life.  

1.6. Methodology of the Study 

In this section, the research methodology and type of information gathering method have been 

elaborate. The techniques may be carry out in this study are literature review, domain expert 
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interview, data mining model, knowledge representation and implementation method using 

appropriate knowledge programming tool. 

1.6.1. Literature Review 

In this study; materials such as research paper, thesis, related works and manuals, which are helpful 

for the enhancement of the research. Documents related to type of diabetic and data mining will be 

review and the necessary documents and tools for the development of the prototype also reviewed.  

1.6.2. Interviewing Domain Experts 

Structure and unstructured interviews employed to elicit tacit knowledge from domain experts. Since 

one of the specific objectives of this research is to acquire knowledge about type of diabetes diseases 

treatment strategy from primary sources using interview and secondary source document analysis. 

For this research, six health experts were selected purposively for interview about diabetes diagnosis 

and treatment depending on their professions, educational qualification level, and willingness. 

1.6.3. Knowledge Discovery in Database (KDD) Process  

This study is an experimental and qualitative research and in this study, Knowledge Discovery in 

Databases (KDD) method is used. KDD techniques became the most used in the recent years. KDD 

is the process of extracting and refining useful knowledge from large data. According to [16], KDD 

is the nontrivial process of identifying valid, novel, potentially useful, and ultimately understandable 

patterns in data. I will using five data mining algorithm involving J48, REP Tree, and Random Tree 

are tree based classifiers in WEKA whereas PART and JRip are rule based classifiers. The KDD 

process is an iterative fulfillment of the following steps [18].  

I. Data selection and preprocessing, such as checking for errors, removing outliers, handling missing 

values, and transformation of formats. 

II. Data transformations, for example, discretization of variables or production of derived variables 

III. Selection of a data mining method and adjustment of its parameters. 

IV. Data mining, i.e. application of the selected method. 
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V. Interpretation and evaluation of the results. 

1.6.4. Knowledge Representation 

Since the knowledge that the researcher acquired from Data mining classification technique are in 

the form of rules and the knowledge that the researcher acquire from document analysis and domain 

experts’ interview about diagnosis and treatment of diabetic are full of a rule based [19]. The 

researcher used this rule-based knowledge representation method which is the most predominant 

knowledge representation methods to develop the Knowledge base. On the other hand, rule based 

reasoning from domain knowledge represented in a set of rules. The basic format of a rule is 

IF <condition> THEN <conclusion>, where <condition> represents premises and <conclusion> 

represents associated action for the given premises. 

1.6.5. Implementation Tools 

In this research work, After preparing the dataset in a form which is suitable for data mining 

techniques then it is preprocessed like handling missing value using Ms. Excel and MAT LAB 

version R2015a and analyze using the WEKA (Waikato Environment for Knowledge Analysis) 

version 3.9.2 for Knowledge Analysis. After mining the hidden knowledge from the pre-processed 

dataset and compared the performance of classifiers, the researcher used SWI-PROLOG version 

7.6.4 programming language used to develop a prototype knowledge based system. Java NetBeans 

IDE 8.2 with JDK 8 was employed to integrate the Knowledge based system with the GUI. 

1.6.6. Evaluation methods 

To evaluate the performance of the developed classifier model the research will use True Positive 

rate, False Positive rate, Precision, Recall and F-measure to evaluate the results and accuracy of the 

data mining model. The researcher also evaluated the Knowledge based system using system 

performance testing by preparing test cases and users’ acceptance testing questionnaire which helps 

the researcher to make sure that whether the potential users would like to use the proposed system 

frequently and whether the proposed systems meets user requirements.  
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 1.7. Organization of the study 

This thesis is organized into seven chapters. The first chapter briefly discusses background to the 

problem area, types of diabetes, states the problem, objective of the study, scope and limitation, 

significance of the results of the research and research methodology. It provides highlight about Data 

mining and Knowledge base system.  

The second chapter deals about literature review. About data mining and Knowledge base system 

methods/techniques and algorithms, the DM process, the different tasks of DM, and its application 

in the health care organization. The literatures focused on employing data mining model for 

construction of knowledge based system are discussed.  

The third chapter mainly focuses on how the research conducted including business understanding, 

data understanding and selection, preprocessed the data, explain which classification algorithm used 

and how to evaluate the model  were discussed in detail in this chapter. 

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

result using classification techniques in data mining and select best model to extract diabetes 

diagnosis rule for developing knowledge based system. 

Fifth chapter discusses Knowledge acquisition, modeling and representation about the diabetes 

treatment and maintain by interviewing the domain experts and document analysis.  

Chapter six discusses about implementation, evaluation and discussion of the proposed systems. In 

this chapter, the researcher discuss the components of the proposed system such as the knowledge 

base, the inference engine, the user interface and the knowledge update facility. Besides to this, the 

researcher discusses how he evaluates the proposed system using test cases and user acceptance 

testing mechanisms. 

At the end, chapter seven provides conclusion and recommendation to show further research 

directions. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1. Background of Diabetes Mellitus 

The diabetes mellitus disease is a metabolic disorder of multiple causes characterized by chronic 

hyperglycemia with disturbances of carbohydrate, fat, and protein metabolism resulting from defects 

in insulin secretion, insulin action or both [4]. A chronic metabolic disorder of multiple etiologies is 

assuming epidemic Proportions both developed and developing countries [2]. WHO report of 2014 

declares that, diabetes has become major health problem in developing countries and has been found 

in a wide variety of atypical forms. Its burden is huge in developing countries due to lack of basic 

means for reaching diagnosis and a reasonable glycemic control [3]. In most developing countries 

there is no diabetes mellitus epidemic control strategies and because the nature of the disease 

asymptomatic unless destruction of the insulin secretion cells or resistances of utilization glucose 

they do not any sign and symptoms [11]. So finally the patient comes with one or two diabetic related 

complication. The developing country majority of people are poor health seeking behaviors in low 

resource countries because of inaccessible health care facility, lack of skilled man power and medical 

supply results in low quality health care [20]. 

Patients with Diabetes Mellitus are at increased risk of developing chronic complication. Most of 

the complications are permanently damage organ or system of the body. Such complication includes 

the following, heart disease patient may die heart disease secondary to diabetic, kidney failure or 

disease, neuropathy or defects nerve function due to this non- emergency amputation [8]. People 

with diabetes carry a risk of amputation that may be more than 25 times greater than that of people 

without diabetes [20]. However, with comprehensive management, a large proportion of 

amputations related to diabetes can be prevented Stroke and loss of vision. Diabetes is the leading 

cause of blindness and visual impairment in adults in developed countries [5]. 
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2.2. Overview of Data Mining 

Knowledge discovery in databases is well-defined process consisting of several distinct steps. In 

Figure: 2. 1 shows the architecture of Knowledge Discovery in Database. Data mining is the core 

step, which results in the discovery of hidden but useful knowledge from massive databases. A 

formal definition of Knowledge discovery in databases is given as follows: Data mining is the non-

trivial extraction of implicit previously unknown and potentially useful information about data [16] 

and it provides a user-oriented approach to novel and hidden patterns in the data. According to [18], 

the discovered knowledge can be used by the medical practitioners to improve the quality of service 

such as, to reduce the number of opposing drug effect, to suggest less expensive medicinally 

equivalent alternatives and anticipating patient’s future behavior on the given history is one of the 

important applications of data mining techniques that can be used in health care organization. 

In an attempt to acquire knowledge using KDD, the following five steps are included in this study; 

data selection, data preprocessing, data transformation, data mining and interpretation/evaluation 

[18], as shown in figure 2.1.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1: Steps of knowledge discovery in the database adopted from [18] 
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According to [18], the five step of KDD included in this study explain briefly as follow. 

Selection of dataset: The first step in KDD is data selection. In this stage creating a target dataset 

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

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

unnecessary data attributes should be removed. 

Data preprocessing: In order to determine effective data mining models in terms of quality and 

performance, the raw dataset need to undergo preprocessing in the form of data cleaning. Because 

real world data are mostly dirty and unclean which need to correct bad data that encountered from 

data redundancy, incompleteness or missing attributes value, noise, and inconsistency in order to 

make knowledge searching paths ease for mining algorithms. Therefore, data quality needs to be 

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

Data Transformation: During transformation phase, data are consolidated into forms appropriate 

for mining to reduce data size by dividing the range of data attribute into intervals each containing 

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

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

Some popular data mining methods are decision trees, rules, artificial neural network, Navies-Bayes   

Data mining: Data mining is the next essential process where intelligent methods are applied in 

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

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

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

patterns to construct predictive or descriptive models. 

Interpretation/ evaluation: This is a post processing step in KDD which interprets mined patterns 

and relationships. If the pattern evaluated is not useful, then the process might again start from any 

of the previous steps, thus making KDD an iterative process. 

Knowledge presentation: Finally, visualization and knowledge representation are used to present 

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

the knowledge with previously known knowledge in the area are some of the important activities 

during this phase. 
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 2.2.1. Applications of data mining to healthcare data 

Data mining scholars have long studied the application of tools and equipment in improving the 

process of data analysis in large and complex datasets. Adopting data mining techniques in the 

medicine field is of high importance in diagnosing, predicting and deeply understanding of 

healthcare data [18] . These applications include treatment centers analysis aimed at improving 

treatment policies and minimize of any mistake in hospitals, early diagnosis of diseases, maintain of 

diseases and hospital death reduction [19].Diabetes specialist’s record and store large amounts of 

patients’ data. This provides a great opportunity for extracting a valuable knowledge from such 

datasets. Researchers are adopting statistical approaches as well as data mining techniques to help 

treatment and healthcare specialists diagnose and determine diabetes disease risk factors in patients. 

Statistical analyses have identified a number of risk factors for diabetes diseases including sex, age, 

blood pressure, alcohol, body mass index, fast blood sugar, renal (kidney) disease, and hypertension, 

diabetes disease background in family, visual complication, ketone, pregnant time (week) and lack 

of physical activity. The awareness of diabetes disease risk factors assists treatment and healthcare 

service to identify patients who have high risk factors [3] [6]. Researchers have employed different 

data mining techniques to analyze and develop model by classifying the diabetic dataset [12]. 

2.2.2. Data Mining Tasks 

There are two major goals in Data Mining: prediction and description. Prediction is often referred to 

as supervised learning, while descriptive includes the unsupervised learning and visualization 

aspects of Data Mining [21]. Most data mining techniques are based on supervised learning, where 

a model is constructed explicitly or implicitly by generalizing from a sufficient number of training 

examples [12]. The underlying assumption of the supervised approach is that the trained model is 

applicable to future cases. Maimon and Rokach [22] stated that, Discovery methods are those that 

automatically identify patterns in the data. The discovery method branch consists of prediction 

methods versus description methods. Descriptive methods are oriented to data interpretation, which 

focuses on understanding (by visualization for example) the way the underlying data relates to its 

parts. Prediction-oriented methods aim to automatically build a behavioral model, which obtains 
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new and unseen samples and is able to predict values of one or more variables related to the sample. 

It also develops patterns, which form the discovered knowledge in a way which is understandable 

and easy to operate upon. Some prediction-oriented methods can also help provide understanding of 

the data. In this study, predictive models are used for acquiring knowledge. 

2.2.2.1. Classification 

Classification develop and utilizes a model to predict the categorical labels of unknown objects 

to distinguish between objects of different classes. Classification is the process of identifying a set 

of common features and proposing models that describe and distinguish data classes or concepts. 

Classification is the process of finding a model, which 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 [16]. Classification problems aim to identify the characteristics that indicate the 

group to which each instance belongs. Classification can be used both to understand the existing data 

and to predict how new instances will behave. Common data mining technique used for classification 

purpose are Decision Trees, Rule-Based Classification, Artificial Neural Networks and Navie-Bayes 

are mainly used. In this study, decision tree and rule based learning are discussed. 

2.2.2.1.1. Decision tree 

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

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

acquired knowledge in tree form using decision tree takes less mental strain to understand the 

path from the root (the selected attribute) to leaf (class label) and one can generate rule from the tree 

in order to predict the class for unknown records. In addition rule assimilation easily by end users, 

classification steps of decision tree induction is simple and fast, and also tree construction does not 

require any domain knowledge [16]. J48, Random Tree and REP Tree are algorithms are an example 

of decision tree based classifiers. 

J48 classification algorithm: C4.5 is an evolution of ID3, presented by Quinlan J.R [23]. It uses 

gain ratio as splitting criteria. The splitting ceases when the number of instances to be split is below 

a certain threshold. C4.5 can handle numeric attributes. J48 is an implementation of Quilan algorithm 
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(C4.5). J48 classifier develops a decision tree for the given dataset, whose nodes represent 

discrimination rules acting on selective features by recursive partitioning of data using depth- first 

strategy. The algorithm used each attribute of the data to make decision by splitting the data into 

smaller subjects. All the possible tests are considered during decision making based on information 

gain value of each attribute as stated in equation 2.1 [24].                                   

Info(X)   Pi log 2(pi)……………………………………………………2.1 

For an event with probability p, the average amount of information in bits required to transmit 

the result is -log2p. For variables with several outcomes, we simply use a weighted sum of the 

log2pi’s, with weights equal to the outcome probabilities. Therefore, the mean information 

requirement can then be calculated as the weighted sum of the entropies for the individual 

subsets, explain as equation 2.2. 

InfoA(X) = ∑
|𝑿𝒊|

|𝑿|
𝒏
𝒊=𝟏 *Info(Xi)……………………………………………………………..2.2 

Look equation 2.3 information gained by branching on attribute A is 

Gain (A)  Info(X)  InfoA(X)…………………………………………………………..2.3 

Gain ratio (A) =  
𝑰𝒏𝒇𝒐 𝒈𝒂𝒊𝒏(𝑨)

𝑰𝒏𝒇𝒐 𝒔𝒑𝒍𝒊𝒕(𝑨)
………..………………………………………………2.4 

At each decision node, C4.5 uses the attribute with the maximum gain ratio as the splitting 

attribute and recursively visits each decision node, selecting the optimal split, until no further 

splits are possible. J48 also used the same concept to construct the decision tree and it supports 

both numeric and nominal predictors and nominal class attribute [16]. Once the tree is constructed, 

it is possible to generate the rule in order to apply it for new instances which are independent of the 

training tuples. Figure 2.2 illustrates the decision tree constructed from which one can easily generate 

the decision rule. 
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Figure 2.2 Simple Decision Tree Constructed for Two Class Classification 

From the above simple decision tree, the following rules can easily be generated as follows. 

- Rule 1: If (A = X1 and B = Y1), then Classification = Class 1 

- Rule 2: If (A = X2 and C = Z1), then Classification = Class 2; 

- Rule 3: If (A = X2and C = Z2), then Classification = Class 1. 

Conditions for stopping partitioning includes all samples for a given node belongs to the same 

class and there are no remaining attributes for further partitioning. However, when decision trees are 

built, many of the branches may reflect noise or outliers in the training data. Considering the goal of 

research and improving classification accuracy of unseen data, tree pruning was attempted in order 

to identify and remove unnecessary branches that lead to over-fitting of the model. 

 REP Tree: Reduces Error Pruning (REP) Tree where Classifier is a fast type of decision tree learner 

which is built for the decision tree or for the regression tree by using the information gain with 

entropy and as in C4.5 Algorithm, which deals with the missing values by breaking the 

corresponding instances into pieces [25]. 

Random Tree: According to [26] stated, random trees classifier gets the input feature vector, 

classifies it with every tree in the group (ensemble) of tree predictors and outputs the class label that 

Attribute A 

Attribute B Attribute C 

Class 1 Class 2 Class1 

X1          X2 

Y1 Z1      Z2 
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received the majority of votes using bagging idea to construct a random set of data for constructing 

a decision tree.   

2.2.2.1.2. Rule based classification 

A rule is represented by the IF-THEN form, where the IF part is called the condition and the 

THEN part is called the action [27]. The basic unit and format of knowledge in rule-based 

reasoning is the rule. The IF-THEN rules are quite natural for humans and are easily understood 

by both programmers and domain experts. However, accurate description of the domain expert's 

knowledge in simple rules is often difficult. 

 

                                 Rule :( condition) => X 

 

The rule-based reasoning inference engine is constructed on the concept that IF the information 

supplied by the user satisfies the conditions of a rule, THEN the actions of the rule are executed [27]. 

For example, one could have the following set of rules to classify the diabetes condition. According 

to [14], knowledge extracted from domain expert, IF symptoms of diabetes = related symptoms of 

diabetes and lab test result using FBS = ≥126 mg/dL and age = ≤15 years, THEN diabetes type = 

Type 1 diabetes. IF symptoms of diabetes = related symptoms of diabetes and lab test result using 

FBS = ≥126 mg/dL and age = >35 years THEN diabetes type = Type 2. Although any of the logical 

expressions are allowed, preconditions are usually connected with the and operation [28]. The 

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

executed, the same classification of the classes is possible to reach [18]. PART and JRIP are 

algorithms are an example of rule based classifiers. 

PART: It is a separate-and-conquer rule learner. The algorithm producing sets of rules called 

decision lists which are ordered set of rules. A new data is compared to each rule in the list in 

turn, and the item is assigned the category of the first matching rule (a default is applied if no rule 

successfully matches). PART builds a partial C4.5 decision tree in its each iteration and makes the 
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best leaf into a rule. The algorithm is a combination of C4.5 and Repeated Incremental Pruning to 

Produce Error Reduction (RIPPER) rule learning [29] .

JRip: It implements a propositional rule learner. JRip proposed a Repeated Incremental Pruning to 

Produce Error Reduction (RIPPER). It is an inference and rules--based learner (RIPPER) that cannbe 

used to classify elements with propositional rules. The RIPPERR algorithm is a direct method used 

to extracts the rules directly from the data [29]. JRip (Weka's implementation of the RIPPER rule 

learner) is a fast algorithm for learning "IF THEN" rules. Like decision trees rule learning algorithms 

are popular because the knowledge representation is very easy to interpret. 

2.2.2.1.3. Naïve Bayes classifier  

Bayesian classifiers are statistical classifiers. They can predict class membership probabilities, 

such as the probability that a given sample belongs to a particular class. Bayesian classifier is 

based on Bayes’ theorem. Naive Bayesian classifiers assume that the effect of an attribute value 

on a given class is independent of the values of the other attributes. This assumption is called 

class conditional independence. It is made to simplify the computation involved and, in this 

sense, is considered “naive” [16]. 

 2.2.2.2. Clustering 

According to [21] explained, clustering is the task of segmenting a diverse group into a number of 

similar subgroups or clusters. Clusters of objects are formed so that objects within a cluster have 

high similarity in comparison to one another, but are very dissimilar to objects in other clusters. 

Clustering is commonly used to search for unique groupings within a data set. The distinguishing 

factor between clustering and classification is that in clustering there are no predefined classes and 

no examples. The objects are grouped together based on self-similarity.  

2.2.2.3. Association Rule Mining 

One of the tasks of data mining is association rule mining. Association rule mining finds interesting 

association or correlation relationships among a large dataset [18]. With a massive amounts of data 

continuously being collected and stored, many industries became interested in mining association 
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rules from their datasets and the discovery of interesting association among huge amount of 

business transaction records can help in many business decision making processes [18]. Association 

rules are in the form of “If antecedent, then consequent,” together with a measure of the support and 

confidence associated with the rule. 

Limits of Data Mining 

According to [30]  GIGO (garbage in garbage out) is almost always referenced with respect to data 

mining, as the quality of the knowledge gained through data mining is dependent on the quality of 

the historical data. We know data inconsistencies and dealing with multiple data sources represent 

large problems in data management. Data cleaning techniques exist to deal with detecting and 

removing errors and inconsistencies from data to improve data quality. However, detecting these 

inconsistencies is extremely difficult. Learning from incorrect data leads to inaccurate models. 

Another limitation of data mining is that it only extracts knowledge limited to the specific set of 

historical data, and answers can only be obtained and interpreted with regards to previous trends 

learned from the data. This limits one’s ability to benefit from new trends. Because the decision 

tree is trained specifically on the historical data set, it does not account for personalization within 

the tree. 

2.3. Knowledge Based System 

Knowledge based systems are a branch of artificial intelligence, which is a computer program that 

attempts to replicate the reasoning processes of a human and it can make decisions and 

recommendations and perform tasks based on user input [31]. It consists of a repository of expert 

knowledge with utilities designed to facilitate the knowledge retrieval in response to specific 

queries, along with learning and justification or to transfer expertise from one domain of 

knowledge to another. In particular, KBS focus on using knowledge based techniques to support 

human decision making, learning, and action. 

Depending on [32] explanation, knowledge based system is seek to embed the knowledge of a human 

expert (e.g. a highly skilled physician or lawyer) in a 'computerized consulting service' that because 

such systems do not get bored, or tired, or old preserve and disseminate the knowledge so that it can 
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be useful to others. An expert system provides advice derived from its knowledge base, using a 

reasoning process embedded in its inference engine, the 'thinking' part of the system. An 

expert/knowledge based system is a computer program that is designed to mimic the decision making 

ability of the decision makers/experts in a particular narrow domain of expertise. Webster‘s 

dictionary [33]defines an expert as one with the special skill or mastery of a particular subject. The 

focal point in the development of KBS is to acquire and represent the knowledge and experience of 

a person(s) who have been identified as possessing the special skill or mastery. 

2.3.1. Types of Knowledge 

Frequent attempts have been made to give a systematic description of knowledge. Some attempts 

have been based on cognitive theories, whereas others have been formulated to serve as a basis for 

instructional design theories. Still another approach is to characterize knowledge from an 

epistemological point of view. Epistemological approaches are task dependent [34]. Within business 

and knowledge management, two types of knowledge are usually defined, namely 

explicit and tacit knowledge [35] as follow.  

Tacit knowledge is the kind of knowledge that is difficult to transfer to another person by means 

of writing it down or verbalizing it. For example, that Addis Ababa is in the Ethiopia is a piece 

of explicit knowledge that can be written down, transmitted, and understood by a recipient. 

However, the ability to speak a language, drive car, play a musical instrument or design and 

use complex equipment requires all sorts of knowledge that is not always known explicitly, even 

by expert practitioners, and which is difficult or impossible to explicitly transfer to other users.  

Explicit knowledge is knowledge that can be readily articulated, codified, accessed and verbalized. 

It can be easily transmitted to others. Most forms of explicit knowledge can be stored in certain 

media. The information contained in encyclopedias and textbooks are good examples of explicit 

knowledge. 

2.3.2. Architecture of Knowledge Based System 

Knowledge Based System is a computer program that simulates the judgment and behavior of a 

human that has expert knowledge and experience in a particular field. It contains a knowledge 
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base containing accumulated experience and a set of rules. Knowledge Based System provides 

high quality experience, domain specific knowledge; apply heuristics, forward or backward 

reasoning, uncertainty and explanation capability. Architecture of Knowledge Based System is 

illustrated in figure 2.3 bellow. 

 

  

 

  

 

 

 

 

 

  

 

Figure 2.3: Architecture of Knowledge Based System 

According to Tripathi [35], the architecture of knowledge based system consists of different 

components such as Knowledge Base, Knowledge acquisition, inference engine, user interface, and 

knowledge engineer and explanation facility:   

Knowledge acquisition is the process in which knowledge engineers acquire knowledge from 

human experts, group of experts, documentation, manuals, which helps in building complete, 

accurate and well organized knowledge based systems. It is comprised of two tasks: knowledge 

elicitation and knowledge representation. In knowledge elicitation, domain knowledge is obtained 
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through various means including interviews, questionnaires, research paper, book, document 

analysis, record reviews and observation to acquire realistic and explicit knowledge [36]. In 

knowledge representation, the elicited knowledge is converted to a form for efficient computer 

manipulation [37].  

 Knowledge engineer: Knowledge engineer to obtaining knowledge from dataset, experts, research 

paper, thesis or observation for building a knowledge base. He/she involves cooperation of human 

experts in the domain working with the knowledge expert to codify and make explicit the rules that 

a human expert uses to solve real problems. Hence, he/she design, build, and debug the knowledge 

base in consultation with domain experts [15].  

Inference Engine: Inference Engine is a brain of expert system. It uses the control structure (rule 

interpreter) and provides methodology for reasoning. It acts as an interpreter which analyzes and 

processes the rules. The major task of inference engine is to touch its way through 

a many of rules to arrive at a conclusion. The purpose of the inference engine is to seek information 

and relationships from the knowledge base and to provide answers, predictions, and suggestions in 

the way a human expert would. The inference engine must find the right facts, interpretations, and 

rules and assembles them correctly [31]. There are two broad kinds of inference engines used in rule-

based systems: forward chaining and backward chaining systems. 

Forward chaining starts with the facts and works forward to the conclusions. In a forward chaining 

system, the initial facts are processed first, and keep using the rules to draw new conclusions given 

those facts. 

Backward chaining is the process of starting with conclusions and working backward to the 

supporting facts. In a backward chaining system, the hypothesis (or solution/goal) we are trying to 

reach is processed first, and keep looking for rules that would allow concluding that hypothesis. 

Forward chaining systems are primarily data driven, while backward chaining systems are goal-

driven [38]. 

Explanation Facility: It is a subsystem that explains the system's actions. The explanation can 

range from how the final or intermediate solutions were arrived to justifying the need for 
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additional data. Here user would like to ask the basic questions why and how and serves as a tutor 

in sharing the system‘s knowledge with the user. It includes the design and implementation of 

explanation capability. For example, the ability to answer questions such as why a specific piece of 

information is needed by the computer or how a certain conclusion was derived by the 

computer [38].  

User Interface: It is a means of communication with the user. It provides facilities such as menus, 

graphical interface etc. to make the dialog user friendly. Responsibility of user interface is to convert 

the rules from its internal representation (which user may not understand) to the user understandable 

form. The user interface is the part of the program that allows the user to communicate with the 

system. The user interface will ask questions, present menu driven choices, and communicate to the 

user the answer or solution once it has been found [38]. Knowledge engineer is involved in the 

development of the inference engine, structure of the knowledge base and user interface.    

2.4. KBS Development tool 

Over the past several years there have been many implementations of KBSs using various tools 

and various hardware platforms, from powerful LISP (List processor) machine workstations to 

smaller personal computers [15]. There continues to be a debate as to whether or not it is best to 

write KBSs using a high-level shell, an AI language such as LISP or Prolog, general purpose 

programming languages like C++ or Java. The main benefits of using special tools for building KBSs 

are lower costs for development and maintenance compared to building the same things using 

general programming tools [38].  

SWI-prolog is selected as a development tool for this work. Because it is a multi-paradigm 

programming language based on the logical language Prolog and I am familiar with it. In this 

research work, Java is chosen because it is easy to integrate with other systems like prolog tool and 

suitable to build GUI. The programming language in prolog (PROgramming in LOGic) is an 

implementation of predicate logic for computing and is therefore, a natural environment for using 

predicate to represent knowledge in the domain. Thus Prolog makes the representation of the 

solution much easier, allowing one to concentrate on solving the problems rather than coding the 

solution. 
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Prolog contains a number of features which are not found in the normal programming languages, 

which make it very powerful in the logical programming. According to [39]  these features include  

 A powerful search and backtracking inference mechanism, 

 A powerful built-in ‘pattern matching’ mechanism, 

 A simple but sophisticated data structure with the ability to manipulate the data structure 

2.5. Model Evaluation 

The classification algorithm predicts the class label. The final output will be patterns which are used 

to find out whether the person is affected with diabetes or not. The accuracy [16] of a classifier on a 

given test set is the percentage of test set tuples that are correctly classified by the classifier. Some 

of the performance measures are given below. A confusion matrix is a useful tool for analyzing 

classifier accuracy. Structure of confusion matrix is given below. 

Table 2.1: confusion matrix of model evaluation 

 C1 C2 

C1 True positive(TP) False negative(FN) 

C2 False positive(FP) True negative(TN) 

 

True Positive (TP) refers to positive tuples that were correctly labeled by the classifier. True 

Negative (TN) refers to negatives tuples that were correctly labeled by the classifier. False Positive 

(FP) refers to negatives tuples that were incorrectly labeled by the classifier. False Negative (FN) 

refers to positive tuples that were incorrectly labeled by the classifier. 

Accuracy: Accuracy is the percentage of tuples that are correctly classified by the classifier 

Accuracy = 
(𝐓𝐏+𝐓𝐍)

(𝐓𝐏+𝐓𝐍+𝐅𝐏+𝐅𝐍)
 

Recall(R): Recall is the proportion of examples which were classified as class x, among all examples 

which truly have class x, i.e. how much part of the class was captured. 

Recall = 
𝐓𝐏

(𝐓𝐏+𝐅𝐍)
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Precision (p): Precision is the proportion of the examples which truly have class x among all those 

which were classified as class x. 

Precision = 
𝐓𝐏

(𝐓𝐏+𝐅𝐏)
 

The F-measure is the harmonic mean of precision and recall, as calculated using the 

equation: 

F-measure = 2 * Precision  * Recall/(Precision + Recall) 

2.6. Review of Related Works 

Previously research attempts in the area of diabetes diagnosis and Advisement have proved 

applicability and contribution on knowledge based system by different researchers are as 

follows: 

Ashok Kumar and R. Govindasamy [40] have conducted performance and evaluation of classification 

data mining techniques in diabetes from the University of California, Irvine (UCI) Pima Indians 

diabetes database of national institute of diabetes and digestive and kidney diseases 768 instance and 

eight attribute with class label tested positive and tested negative. The aim of this paper is to 

investigate the performance of different classification techniques.  The experiment result shows after 

feature selection that support vector machine accuracy is 77.37 %, regression accuracy is 77.60%, 

Bayes net accuracy is 78.25%, naïve Bayes accuracy is 77.60%, decision table accuracy is 79.81%. 

Hence, decision table 79.81% accuracy was best performed than the other classifier.  

Tarig Mohamed Ahmed [41] has conducted the research using data mining to develop model for 

classifying diabetic patient control level based on historical medical records from the University of 

California, Irvine (UCI) (1999-2008) of clinical care at 130 US hospitals 10062 diabetic instances 

and four attribute with HPA1c test result >7 and normal. In this paper, a predicted model for 

classifying diabetic patients based on a treatment plan has been developed. The classification was 

performed based on HPA1c measurement. He focused the classification algorithm on Naïve Bayes 

accuracy is 74.2%, Logistic accuracy is 74.4% and J48 accuracy is 73.5%. The experiment result 

shows that Logistic algorithm 74.4% accuracy was best performed than the other classifier.  
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Ibrahim M. Ahmed and Abeer M. Mahmoud [42] have designed and developed a prototype of an 

expert system for detecting diabetic type-2 diet using visual prolog programming language, with 

English and Arabic language. Their knowledge acquisition methods are interviews, document 

analysis and rule based knowledge representation. To provide self-monitor for patient of type 2 

diabetes, to get proper amount of daily calories with list of proper diet satisfies the amount of the 

calories.  

Solomon Gebremariam [14] has conducted research on the design and develop a prototype of a self-

learning knowledge based system for diagnosis and treatment of diabetes that can provide 

advisement for physicians and patients in order to facilitate the diagnosis and advisement of diabetic 

patients. He used knowledge gathering methods such as, interviews, observation, document analysis 

and rule based knowledge representation was used for diagnosis type 1 and type 2 diabetes diseases 

and recommended treatment by swi-prolog language for implementation of the system, his work was 

updating the facts. A prototype registered 84.2% system performance after extensively tested and 

evaluated. In this study, he recommended for further research to make the integration of data mining 

techniques with knowledge based system in order to get useful knowledge using data mining 

techniques. Therefore the study is going to develop a prototype that integrating predicted data mining 

result with knowledge based system to guide diabetes patients or experts. 

Bezahegn Zerihun [20] conducted research study to investigate the developing a predictive model 

for pre- diabetes screening by using data mining technology from Adare general hospital 4529 

diabetic instance with sixteen attribute at Hawassa city in Ethiopia for diagnosis of pre diabetes yes 

or no. He focused the implementation of J48 decision tree and PART, to address the problem. The 

experiment result shows that PART rules with 96.9% accuracy outperformed than decision tree 

classifier with 83% accuracy.  

Hence PART with 96.9% accuracy prediction model building was selected to extract 

interesting rules to develop prototype for achieving the screening program. In this study he 

recommended for further research to make more research and development efforts need to be 

conducted to enable and explore the variety of data mining techniques that can be applied in diabetes 

and pre-diabetic dataset.  
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Aiswarya Iyer et al [43] have employed two techniques namely, Decision Tree and Naïve Bayes 

algorithm for diagnosis of diabetes using classification mining techniques from the University of 

California, Irvine (UCI) Pima Indians diabetes database of national institute of diabetes and digestive 

and kidney diseases 768 instance and eight attribute with class label tested positive and tested 

negative. The experiment result shows by percentage split 70:30 that Naïve Bayes algorithm 79.5652 

% accuracy was best performed than the Decision Tree (J48) accuracy 76.9565 %. 

Therefore, after reviewing the above literatures the researcher will motivate to work on an integration 

of prediction model with the knowledge based system for diagnosis and treatment of diabetes 

mellitus: In Case of Debre Birhan Referral Hospital 3112 instances and sixteen attribute with five 

class label such as type 1, type 2, gestational diabetes mellitus, pre diabetes and diabetes free. 

This study is different in three ways from the studies that are presented above, the first one is the 

data that is used for this study is collected from Debre Birhan referral hospital patient card by 

encoding in excel. The second one is extracting knowledge from this dataset, by using J48, Random 

Tree and REP Tree are tree based classifiers in WEKA whereas PART and JRip are rule based 

classifiers algorithm for type of diabetes diagnosis. The third one is extracting type of diabetes 

treatment knowledge using interview and document analysis for developing knowledge based 

system using prolog and java programing language.  

Table 2.2: Summarization of related work 

No  

Author & year 

Research Title Class label DM and KBS 

Technique with 

Comparing the 

Performance 

Support 

Integrating 

Method 

1  Ashok Kumar 

and 

R.Govindasamy 

2015 

Performance and 

Evaluation of 

Classification Data 

Mining Techniques in 

Diabetes 

Tested 

negative 

and 

Tested 

positive 

Weka 

Support vector 

machine is 77.37 

%, regression is 

77.60%, Bayes 

net 78.25%, naïve 

Bayes is 77.60%, 

and decision 

table is 79.81%. 

No 

Continue… 
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2 Tarig Mohamed 

Ahmed,2016 

Using Data Mining To 

Develop Model for 

Classifying Diabetic 

Patient Control Level 

Based on Historical 

Medical Records 

HPA1c test 

result >7 

and normal 

Weka 

Naïve Bayes  is 

74.2%, Logistic  

is 74.4% and J48  

is 73.5% 

No 

3 Ibrahim M. 

Ahmed and  

Abeer M. 

Mahmoud  2014 

 Development of an 

Expert System for 

Diabetic Type-2 

Diet 

Type 2 SWI- prolog No 

4 Solomon 

Gebremariam, 

2013 

A Self-Learning 

Knowledge Based 

System for Diagnosis 

And Treatment of 

Diabetes 

Type 2, 

Type 1 and 

Diabetes 

free 

SWI-prolog 

84.2% 

No 

5 Bezahegn 

Zerihun, 2017 

Developing a 

Predictive Model for 

Pre-Diabetes Screening 

By Using Data Mining 

Technology 

Pre-

Diabetes 

and no 

diabetes 

Weka 

Decision Tree 

(J48)  is 83% and  

PART is 96.9% 

No 

6 Aiswarya Iyer, 

S. Jeyalatha and 

Ronak Sumbaly 

2015 

Diagnosis Of Diabetes 

Using Classification 

Mining Techniques 

Tested 

positive 

and Tested 

negative 

Weka 

Naïve Bayes is 

79.5652 % and 

Decision Tree 

(J48) is 76.9565 

%. 

 

No 

 

 

 

 

Continued… 
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CHAPTER THREE 

METHODS AND APPROACHES 

This chapter deals about research methodology, data understanding and preprocessing. The detail 

discussions are about the business understanding, data understanding, data preparation, 

preprocessing data, decision tree and rule classifier, how to select best classifier model and how to 

evaluate the model using descriptive statistical method. 

3. Research Methodology 

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

manner that aims to address the research problem. This section provides interesting features for 

business understanding, data understanding, data preparation and data preprocessing of the Debre 

Berhan referral hospital diabetes dataset emphasizing its ability to accurately diagnosis of type of 

diabetes. Domain experts are advice to select appropriate attribute, transforming continues data in 

to nominal and how to discretize for knowledge mining. The proposed system framework for 

knowledge mining from diabetes dataset depicts based on KDD process as figure 3.1. 

Continue… 
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Figure 3.1. Knowledge Mining from Dataset Proposed System Architecture  

3.1. Business Understanding  

This initial step has been thoroughly attempted to understand the energetic way of diabetes disease 

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

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

identifying key people and learning about current solution to the problem, learning domain-specific 

terminology and preparation of a description of the problem are considered as a means of solving 

the problem. 

3.2. Data understanding and Selection 

As discussed in chapter1. Section 1.2, the problem domain was clearly defined. After understanding 

the problem to be addressed, the next step was analyzing and understanding the available data. The 

DBRH Diabetes dataset 
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outcome of data mining and knowledge discovery heavily depends on the quality and quantity of the 

available data. The main source of the dataset used to undertake this research was patients’ real data 

taken from Debre Berhan Referral Hospital. Debre Berhan Referral Hospital is a Zonal hospital 

which is found in Debre Berhan town. The main reason to select this hospital is, the only government 

referral hospital in the town and it is zonal referral hospital serving the population of the zone as a 

referral center. 

The dataset was in a hard copy format with 3112 records collected from July 2014 up to December 

2017 with 21 attributes and five class labels, namely type1, type 2, gestational diabetes mellitus, pre-

diabetes and diabetes free see table 3.1. As the medical officer described, the data collection method 

is not automated, because of the shortage of computer-skilled health workers and there are no 

database administrators available in the hospital. Hence, the researcher first encoded all the data in 

an Excel format. After the data was encoded, the entire dataset is put in one file having many records. 

Each record corresponds to most relevant information of one patient. Initial queries by doctor as 

symptoms and some required test details of patients have been considered as main attributes. Next, 

Pre-processing techniques was applied to make it appropriate for mining purpose.  

Table 3.1. The dataset class label and their instance 

 

 

 

 

3.3. Data preparation 

The data preparation phase covers all activities to construct the final dataset from the initial raw 

data. Tasks like attribute selection and removing outlier method were included. It concerned on 

deciding to make data ready which is used as input for preprocessing in subsequent steps. 

Class Label Number of Instance 

Type 2 1899  

Type 1 634 

GDM 132 

Pre diabetes 325 

Diabetes free 122 

Total instance 3112 
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3.3.1. Attribute Selection for Knowledge Discovery 

This is to get a minimum set of best attributes for classification. Related attributes during problem 

understanding were selected for predictive model building. This is because considering the effects 

of predictors (independent variables) with predicted (outcome variable) whether they are linearly 

associated or not. As Han and Kamber suggestion [16], datasets for analysis may contain hundreds 

of attributes, many of which may be irrelevant to the mining task; these possibly lead to do with 

domain expert to pick out some of the useful attributes by ignoring the irrelevant attributes. 

According to [16] suggested that one can filter the best and worthy features using tests of statistical 

significance. This means that selecting best features based on their significance level potentially 

explain the class attribute (survive or die). If the attributes are dependent to each other, they may 

spoil the predictive accuracy of the model/classifier. Therefore, identifying how far the independent 

variables are correlated with each other is becoming a pre-requisite of mining process. 

As discussed in section 3.2, the original data was contained 21 attributes. From this a total of 16 

attributes with five target classes were selected for the research based on their relevance and pre-

processing activities of the problem. There were attributes which were excluded in the preliminary 

data observation like ‘Medical record number’, ‘name of patient’, ‘residence area of patient’, ‘years’ 

and ‘days of month’, since they are no more important for the mining purpose. Therefore, those 

values can make the model complicated and not understandable. The refined attributes that used to 

discovery knowledge are listed and described as follow. The selected attributes those are used to 

diagnosis type of diabetes and their description was presented in table 3.2.  
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Table 3.2. The selected attributes and their description. 

No  Attribute name  
Data 

type 
Description 

1  age  Numeric  Age of the patient in years 

2  Sex  Nominal  Sex of the patient, male=m or female=f 

3  Fasting blood sugar(FBS) Numeric  

8-hour Fasting plasma glucose or diabetes 

indicator, glucose level in blood measured by 

mg/dl, 

4 Body mass index(BMI)  Numeric  
Body mass index of patient calculated by 

weight KG in divided by height square kg/m2 

5 Ketone Nominal 
The patients produced byproduct when the body 

uses large amounts of fat as fuel 

6 Blood pressure Numeric The stage of  patients’ blood pressure  

7  History of alcoholic  Nominal  
History of alcohols consumption of patients, yes 

or no 

8 History of smoking Nominal Smoking status of patient, yes or no 

9 Lack of physical activities Nominal 
History of patient regular physical activity, yes or 

no 

10 Pedigree Nominal History of family having diabetes, yes or no 

11 Renal(kidney) disease Nominal There is kidney pain of patient, yes or no  

12 Polydipsia Nominal 
Excessive or constant thirst occasioned by 

patient, yes or no 

13  Polyuria  Nominal  Symptom of excess urine of the patient yes or no 

14  Polyphagia  Nominal  
Patient manifest Excessive appetite of food, yes 

or no 

15 Pregnant time (week) Nominal 
The Women’s recommends routine screening of 

all pregnant women at 24-28 weeks , yes or no  

16 Visual complaints Nominal Sing of blurring of vision of patient yes or no 

17 Diabetes status Nominal 
The final outcome of patients ,type 1,type 2, 

gestational, pre diabetes and diabetes free 
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3.4. Data Preprocessing 

 The pre-processing of data in order to remove unwanted attribute for mining result or reduce noise 

and the treatment of missing values. It is the process of ensuring that all data values of the 

corresponding attributes have to be consistent and correctly recorded. To do so all the data which 

are available in the hospital card room specially diagnosed type of diabetes from July 2014 up to 

December 2017 was cleaned to the same format. As a result the data were prepared for knowledge 

discovery. The researcher makes used of the MS-Excel application to converting all nominal data 

type into numeric using for convenient MATLAB matrix software to handle missing value using 

attribute mean.  

 

 Figure 3.2. The import data set in MATLAB before handle missing value. 

3.4.1. Handling Missing Values  

Identifying and solving those missed values is needed to prepare the dataset for experimentation. In 

this dataset, two attributes namely Pedigree and blood pressure attribute consist 10 and 180 missing 

values respectively. For handling those missing values, the recommended technique is attribute mean 

using MATLAB matrix laboratory software; this method has been used to replace missed value of 

pedigree and blood pressure attribute. There are different steps to handle missing value by attribute 
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mean those are first to fill the missing value by the word NAN, second calculating mean of each 

column by ignoring NAN value, third filling all column with its mean value, fourth to replace NAN 

value by one and other zero and finally replace all missing value by its column mean value. 

 

Figure 3.3. A dataset after handled missing value using attribute mean  

3.4.2. Data Transformation 

In data transformation, the data are transformed or consolidated into appropriate forms for mining. 

For example, smoothing techniques including binning, regression and attribute construction are the 

most used ones. From the dataset the “AGE”, “FASTING BOOD SUGAR” “BLOOD PRESSURE” 

and “BODY MASS INDEX” attributes were discretized (binned) to reduce the distinct values of the 

attributes so that it will suit the mining tool and to obtain meaningful patterns. Data discretization 

techniques can be used to reduce the number of values for a given continuous attribute by dividing 

the range of the attribute in to intervals. Interval labels can then be used to replace actual data values. 

Replacing numerous values of a continuous attribute by a small number of interval labels there by 

reduces and simplifies the original data. This leads to a concise, easy to use, knowledge-level 

representation of mining results.  
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Therefore, the researcher performed discretization on the attributes “AGE”, “FASTING BLOOD 

SUGAR” “BLOOD PRESSURE” and “BODY MASS INDEX” using a binning method. The 

attribute “AGE” is binned into four levels (child, young, adult and old) ,the attribute “FASTING 

BLOOD SUGAR” is binned to (normal, impaired and high),“BLOOD PRESSURE” is binned into 

five levels (normal, pre stage, stage 1 and stage 2),“ and “BODY MASS INDEX”  is binned into 

four levels (underweight, normal, overweight and obese).  

Table 3.3. Derived Attributed on medical expert diagnosis diabetes disease. 

Sr 

no 
Original Attributes  

Existing 

value 
New value 

1  Age of patient in year Age,   
Age < = 15 child, age = (15-35] = young, age = 

(35-55) = adult and age > =55=old. 

2 
Body mass index(BMI) of 

patient  
BMI   

BMI< = 18.5 kg/m2 = underweight, BMI = 

(18.6-25) kg/m2 = Normal, BMI = (26-29.9) 

kg/m2 = overweight and BMI = (30-40) kg/m2= 

obese [44] 

3 Fasting blood sugar (FBS) FBS  

FBS = 70-99 mg/dl = normal, FBS = 100-125 

mg/dl = Impaired, FBS > = 126 mg/dl = high [2] 

[3] [5] 

4  Blood pressure (BP) BP  

BP < = 120/80 = normal, BP = (120-139/80-89] 

= pre-stage, BP = (139-159/89-100 ] = stage 1 

and BP > 159/100 = stage2 [45] 

   

 

 

In addition to, discretization for knowledge mining to get easy, convenient and understandable rule 

for diagnosis diabetes mellitus of each attribute value  replace by nominal using Ms. excel 

application see figure 3.4 as follow. 
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Figure 3.4. Processed dataset for data mining purpose 

3.5. Data Formatting 

The researcher has used MATLAB and Microsoft Excel for identified and took necessary measure 

to handle missing values, to replace numeric in to nominal respectively.  

This study, the preprocessed dataset is experimented using WEKA too for the purpose of extracting 

classification rule. The available dataset should be prepared in a format and data type which is 

suitable for WEKA. WEKA data mining tool accept ARFF (Attribute-Relation File Format) file 

formats. This format contained attribute values whose values are separated by comma. The file 

extension for the file format ARFF is “.arff “ [46]. Initially the data collected from the original hard 

copy exported to an excel file format and the preprocessed technique have been applied. Then the 

excel file format converted to comma separated value (CSV) file format. Next the CSV file format 

opened with WEKA and then saved with .arff file extension suitable for mining using WEKA 3.9.2 
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3.6. Decision Tree and Rule Classifier Algorithm 

As I have review and discussed briefly in chapter two J48, Random Tree and REP Tree are decision 

tree based classifiers in WEKA whereas PART and JRip are rule based classifiers algorithm. So, the 

researcher computed the C4.5 algorithm using J48 method, Random Tree, REP Tree, PART and 

JRiP using 10 fold cross validation in order to get the best fitted model that can appropriate to predict 

the pattern of diabetes patient diagnosis, specifically for the Debre Berhan referral hospital diabetes 

dataset sites and also the investigator tried to generate rules from these classifier algorithm by the 

parameter of accuracy measures.  

3.7. Develop Classifier Model 

In supervised learning, classification refers to the mapping of data items into one of the pre - 

defined classes. In the development of data mining tools that use statistical approaches, one of the 

critical tasks is to create a classification model, known as a classifier, which will predict the class of 

some entities or patterns based on the values of the input attributes. Choosing the right classifier is 

a critical step in the pattern recognition process. Several tasks need to be followed during this stage 

some of the basic tasks include selecting the modeling technique, building a model and finally 

evaluating the model. 

3.8. Evaluating the Model (Result Interpretation) 

The researcher must finally analyze the mined knowledge according to his decision-support task and 

goals. Such analysis identifies the best model. The model selection criteria were done based on the 

statistical summary obtained from the WEKA machine learning open source software environmental 

for knowledge analysis. Based on the evaluation parameters are tested algorithm to compare 

classifiers done using the five mining algorithms; accuracy of the model, sensitivity (TPR), False 

Positive Rate (FPR), precision, recall and f-measure.   
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CHAPTER FOUR 

EXPERIMENTATION AND ANALYSIS 

This chapter is devoted to discuss on the models to be built and experiments carried out together 

with their analysis to generate the best algorism. The experiments were run in WEKA software 

3.9.2 prepared dataset. To this end, classification algorithms such as decision tree and rule classifiers 

were selected. Experimented on Debre Berhan referral hospital diabetes dataset a total size of 3112 

records with five attributes were used to extract the required knowledge by using10-fold cross 

validation test option. 

4.1. Experimentation 

After completed the data preprocessing and preparation task in format appropriate for WEKA data 

miner, the next task is undertaking the experiment involving the selected classifier algorithms. 

4.1.1. Experimental set up 

A total of five experiments aiming at building predictive models are undertaken. The processed 

dataset contains 3112 instances with 16 attributes and five class labels and all the dataset are involved 

in all experiments. In addition after undertaking a number of experiments, default value of 

parameters is taken into consideration for each classifier algorithm since it allows achieving better 

accuracy compared to modifying the default parameters ‘values. The parameters involved with their 

respective description and values are indicated in table 4.1.  
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Table 4.1. Default parameters and values for algorithms 

Parameters Description Default Values 

  

J4
8

 

R
E

P
 

T
re

e 

R
an

d
o
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re

e 

P
A

R
T

 

JR
iP

 

binarySplits  
Whether to use binary splits on nominal 

attributes when building the trees 

False - - False - 

Confidence 

Factor  

The confidence factor used for pruning 

(smaller values incur more pruning) 

0.25 - - 0.25 - 

debug  
If set to true, classifier may output 

additional info to the console 

False False False False False 

minNumObj  The minimum number of instances per leaf 2 - - 2 - 

numFolds  

Determines the amount of data used for 

reduced-error pruning, one fold is used for 

pruning and the rest for growing the tree 

3 3 0 3 - 

Reduced 

ErrorPruning  

Whether reduced-error pruning is used 

instead of C.4.5 pruning 

False - - False - 

saveInstance

Data  

Whether to save the training data for 

visualization 

False - - - - 

Seed  
The seed used for randomizing the data 

when reduced-error pruning is used 

1 1 1 1 1 

Subtree 

Raising  

Whether to consider the sub-tree raising 

operation when pruning 

True - - - - 

unpruned  Whether pruning is performed False   False  

useLaplace  
Whether counts at leaves are smoothed 

based on Laplace 

False - - - - 

minNum The minimum total weight of the instances 

in a leaf 

- 2.0 1.0 - 2.0 

noPruning Whether pruning is performed or not  False    

Usepruning Whether pruning is performed     True 

folds Determine the amount of data used for 

pruning. One fold is used for pruning, the 

rest for growing rules 

- - - - 3 

optimizations The number of optimization runs - - - - 2 
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Moreover, the effect of the attributes on the model performance was investigated. The full training 

set containing a total of 3112 instances and 16 attributes. The attributes are selected by using 

GainRatioAttributeEval. The following figure  4.1 illustrates that the depict ranked order of attribute 

based on their relevance for the reason that such attributes are very important for later 

experimentations by excluding the least relevant attributes. 

 

Figure 4.1. Selected attributes by GainRatioAttributeEval and their rank 

4.1.2. Creating Predictive model 

At this stage, five data mining techniques are involved, namely J48, REPTree, Random Tree, PART 

and JRip classifier algorithms are constructed. J48, Random Tree and REPTree are tree based 

classifiers whereas PART and JRip are rule based classifiers. All these five classifiers are capable 

of generating rules. The researcher conducts all experiments under k-fold (10-folds) cross validation 

test option for training and testing the data sets. 10-fold cross validation has been proved to be 
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statistically good enough in evaluating the performance of the classifier [23]. According to 10-fold, 

the datasets are randomly partitioned equally into ten parts. Hence, 90% of the dataset is for training 

and 10 % for testing.  

Experiment 1 – J48 classifier 

This experiment is undertaken using J48 classifier involving its default value of parameters. J48 is 

an open source Java implementation of the C4.5 algorithm in the WEKA data mining tool. C4.5 is 

an algorithm used to generate a decision tree developed by Ross Quinlan [23]. Default value 

parameter and 10-fold cross-validation test option as shown figure 3.5. 

 

Figure 4.2. J48 Default value parameter with 10 fold cross validation test option. 
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Figure 4.3. Sample Decision tree of J48 

Table 4.2. Confusion Matrix for J48 classification algorithm 

Confusion Matrix 

Type 2 Type 1 GDM Pre diabetes Diabetes 

free 

Classified as 

1881 6 1 4 7 Type 2 

6 626 0 0 2  Type 1 

8 1 123 0 0  GDM 

0 0 0 325 0  Pre diabetes 

1 0 0 0 121  Diabetes free 

 

Table 4.3. Detailed accuracy by Class for J48 classification algorithm 

 TP Rate FP Rate Precision Recall F-Measure Class 

0.991 0.012 0.992 0.991 0.991 Type 2 

0.987 0.003 0.989 0.987 0.988 Type 1 

0.932 0.000 0.992 0.932 0.961 GDM 

1.000 0.001 0.988 1.000 0.994 Pre diabetes 

0.992 0.003 0.931 0.992 0.960 Diabetes free 

Weig.Avg 0.988 0.008 0.989 0.988 0.988  
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I observed to J48 experiment result the tree size is 36 and number of leaves is 22. The algorithm 

correctly classified 3076 which are 98.84 % and only 36 which are 1.16 % instances are classified 

incorrectly from total number of instances of 3112.The algorithm takes 0.04 seconds to develop the 

model.  

Determine detailed Evaluation by Class for J48 classification algorithm. Let us see an example of 

class type 2 of Accuracy, TP Rate, FP Rate, Precision, Recall, and F-measure. 

Accuracy of dataset =  
(𝐓𝐏 +𝐓𝐍)

(𝐓𝐏+𝐓𝐍 +𝐅𝐍 𝐅𝐏)  
 = 

𝟏𝟖𝟖𝟏+𝟏𝟏𝟗𝟓

𝟑𝟏𝟏𝟐
 = 0.9884……………………………. (3.1) 

TP Rate of type 2 =   
𝐓𝐏  𝐨𝐟 𝐭𝐲𝐩𝐞 𝟐 

𝐓𝐏 𝐨𝐟 𝐭𝐲𝐩𝐞 𝟐 +𝐅𝐍 𝐨𝐟 𝐭𝐲𝐩𝐞 𝟐 
 =

𝟏𝟖𝟖𝟏

𝟏𝟖𝟖𝟏+𝟐𝟎
  = 0.991…………………………. (3.2) 

FP Rate of type 2 =   
𝐅𝐏  𝐨𝐟 𝐭𝐲𝐩𝐞 𝟐 

𝐅𝐏 𝐨𝐟 𝐭𝐲𝐩𝐞 𝟐 +𝐓𝐍 𝐨𝐟 𝐭𝐲𝐩𝐞 𝟐 
 = 

𝟏𝟓

𝟏𝟓+𝟏𝟏𝟗𝟓
 = 0.012………………… ……….. (3.3) 

 Precision of type 2 =  
𝐓𝐏  𝐨𝐟 𝐭𝐲𝐩𝐞 𝟐 

𝐓𝐏  𝐨𝐟 𝐭𝐲𝐩𝐞 𝟐 +𝐅𝐏  𝐨𝐟 𝐭𝐲𝐩𝐞 𝟐 
 = 

𝟏𝟖𝟖𝟏

 𝟏𝟖𝟖𝟏+𝟏𝟓
 = 0.992 ……………………. … (3.4) 

 Recall of type 2 =   TP Rate of type 2 = 0.991=Sensitivity……………………………. (3.5) 

  F-measure of type 2 =  
𝟐∗𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧∗ 𝐑𝐞𝐜𝐚𝐥𝐥 

𝐏𝐫𝐞𝐜𝐢𝐬𝐢𝐨𝐧+ 𝐑𝐞𝐜𝐚𝐥𝐥 
 =  

𝟐∗𝟎.𝟗𝟗𝟐∗𝟎.𝟗𝟗𝟏

𝟎.𝟗𝟗𝟐+𝟎.𝟗𝟗𝟏
 = 0.991 ……………………… (3.6) 

Experiment 2 – REPTree classifier 

Table 4.4. Confusion Matrix for REPTree classification algorithm 

Confusion Matrix 

Type 2 Type 1 GDM Pre diabetes Diabetes 

free 

Classified as 

1880 4 4 4 7 Type 2 

7 624 0 0 3 Type 1 

11 0 114 3 4  GDM 

0 0 0 325 0 Pre diabetes 

0 3 0 0 119 Diabetes free 
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Table 4.5. Detailed accuracy by Class for REPTree classification algorithm 

 TP Rate FP Rate Precision Recall F-Measure Class 

0.990 0.015 0.991 0.990 0.990 Type 2 

0.984 0.003 0.989 0.984 0.987 Type 1 

0.864 0.001 0.966 0.864 0.912 GDM 

1.000 0.003 0.979 1.000 0.989 Pre diabetes 

0.975 0.005 0.895 0.975 0.933 Diabetes free 

Weig.Avg 0.984 0.010 0.984 0.984 0.984  

 

The second experiment is based on REPTree algorithm. The default parameters with respective 

values and 10-fold cross-validation test mode is used. According to this algorithm the number of 

correctly classified instances are 3062 (98.39%) and the number of incorrectly classified 

instances are 50 which is 1.6% while taking 0.04 seconds to build the model. Although, the 

size of tree generated is 30. 

Experiment 3 – Random Tree classifier 

Table 4.6. Confusion Matrix for Random Tree classification algorithm 

Confusion Matrix 

Type 2 Type 1 GDM Pre diabetes Diabetes 

free 

Classified as 

1879 5 4 4 7 Type 2 

5 628 0 0 1 Type 1 

3 1 126 0 2 GDM 

5 0 1 317 2 Pre diabetes 

11 2 2 0 107 Diabetes free 
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Table 4.7. Detailed accuracy by Class for Random Tree classification algorithm 

 TP Rate FP Rate Precision Recall F-Measure Class 

0.989 0.020 0.987 0.989 0.988 Type 2 

0.991 0.003 0.987 0.991 0.989 Type 1 

0.955 0.002 0.947 0.955 0.951 GDM 

0.975 0.001 0.988 0.975 0.981 Pre diabetes 

0.877 0.004 0.899 0.877 0.888 Diabetes free 

Weig.Avg 0.982 0.013 0.982 0.982 0.982  

 

The third experiment is based on Random Tree algorithm. The default parameters with respective 

values and 10-fold cross-validation test mode is used. According to this algorithm the number of 

correctly classified instances are 3057 (98.23%) and the number of incorrectly classified instances 

are 55 which is 1.77% while taking 0.02 seconds to build the model. Although, the size of tree 

generated is 282.  

Experiment 4 – PART classifier  

Table 4.8. Confusion Matrix for PART classification algorithm 

Confusion Matrix 

Type 2 Type 1 GDM Pre diabetes Diabetes 

free 

Classified as 

1881 5 1 4 8 Type 2 

4 629 0 0 1 Type 1 

7 0 124 0 1 GDM 

0 0 0 325 0 Pre diabetes 

4 3 0 0 115 Diabetes free 
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Table 4.9. Detailed accuracy by class for PART classification algorithm. 

 TP Rate FP Rate Precision Recall F-Measure Class 

0.991 0.012 0.992 0.991 0.991 Type 2 

0.992 0.003 0.987 0.992 0.990 Type 1 

0.939 0.000 0.992 0.939 0.965 GDM 

1.000 0.001 0.988 1.000 0.964 Pre diabetes 

0.943 0.003 0.920 0.943 0.931 Diabetes free 

Weig.Avg 0.988 0.008 0.988 0.988 0.988  

 

This experiment conducts under 10-fold cross-validation test option with default parameters of 

WEKA and the algorithm generates a model with 19 rules and correctly classified instances are 3074 

which means 98.77 % and incorrectly classified instances are 38 which means 1.23 % from total 

number of instances of 3112. The algorithm takes 0.11 seconds to develop the model. 

Experiment 5 – JRip classifier 

Table 4.10. Confusion matrix for JRip classification algorithm 

Confusion Matrix 

Type 2 Type 1 GDM Pre diabetes Diabetes 

free 

Classified as 

1875 7 6 4 7 Type 2 

6 625 0 0 3 Type 1 

6 0 125 0 1 GDM 

0 0 0 325 0 Pre diabetes 

0 0 0 0 122 Diabetes free 
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Table 4.11. Detailed Accuracy by Class for JRip classification algorithm 

 TP Rate FP Rate Precision Recall F-Measure Class 

0.987 0.010 0.994 0.987 0.990 Type 2 

0.986 0.003 0.989 0.986 0.987 Type 1 

0.947 0.002 0.954 0.947 0.951 gestational 

1.000 0.001 0.988 1.000 0.994 Pre diabetes 

1.000 0.004 0.917 1.000 0.957 Diabetes free 

Weig.Avg 0.987 0.007 0.987 0.987 0.987  

 

In this experiment JRip algorithm is employed. This classifier implements propositional IF THEN 

rules from the data set with default values of the parameter and 10-fold cross-validation test option 

is employed. JRip correctly classified cnstances are 3072 which is 98.71 % from 3112 instances and 

incorrectly classified instances are 40 which is 1.29 % taking 0.66 seconds to build the model. In 

addition, it generates 8 rules.  

As we can see from the above experiments, three decision tree and two decision rule induction 

algorithms are developed. All the selected algorithms allow generating rules from the data set. The 

results of the algorithms are evaluated based on prediction accuracy in classifying the instances of 

the data set into type 1, type 2, GDM, pre diabetes and diabetes free. 

4.2. Comparison of the Selected Classifier Performance 

In order to meet my objective, I need a model that can classify my dataset with a better performance 

from different viewpoints. So the below table has compare the output of all the five model based on 

accuracy of the model, the time it take to build the model, correctly classified instances and 

incorrectly classified instance based on the 10-fold cross-validation test option purpose was applied. 
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Table 4.12. Comparison of used algorithm 

 

As we can see from the result of the experiments in the above tables, there is a slight difference 

between the results.J48 has selected the best accuracy by classifying 3076 instances out of 3112 

testing set correctly. Results of PART, JRip, and Random Tree. REPTree show nearly equal number 

of incorrectly classified instances. The highest incorrect classification is scored by Random Tree. 

From the above table 4.12, the researcher can identify the best model from the listed data mining 

algorithm by considering characteristics they have. For instance J48 has a better accuracy 

performance (98.84%), in terms of time taken for building a model and still J48 has scored less 

second (0.04) the same as REPTree for building the model except Random Tree. Also, the number 

of correctly classified instance is higher in J48 (3076) records are correctly classified, which make 

the accuracy level higher than the other. Time taken by Random tree is little bit less and more rule 

are generated compared to J48, but I am more sensitive for the accuracy level. On the other hand, 

REP Tree, Random Tree, PART and JRiP classifier are scored lowest accuracy and even for building 

the model, they are taking more time except REP Tree and Random Tree. Therefore, based on the 

criteria’s seen above, J48 algorithm has chosen to be the best model as shown figure 3.5 predicted 

accuracy of each model by cross-validation.  

Classifier Correctly classified 

Instance 

Incorrectly Classified 

Instance 

Time taken to build the 

model (in second) 

J48  3076 98.84% 36 1.16% 0.04 

REP Tree 3062 98.39% 50 1.61% 0.04 

Random Tree 3057 98.23% 55 1.77%  0.02 

PART 3074 98.77% 38 1.23% 0.1 

JRiP 3072 98.71% 40 1.29% 0.66 
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Figure 4.4. Predicted Accuracy of each model by cross-validation 

4.3. Evaluation of Discovered Knowledge  

As the researcher discussed in chapter two to evaluate the accuracy of the model each classes 

depending up on the parameters like, True Positive Rate, False positive Rate, Precision, Recall, and 

F-measure as shown in the Table 4.13. The accuracy of each class are almost similar in 

percentage for each Algorithm. But FP rate of the algorithms for the classes shows slightly 

differences; due to these J48 classifier algorithms shows less number of FP rate as PART than the 

other except in classes type 1 and pre diabetes. Therefore the researcher select J48 classifier 

algorithm based on those evaluation method and correctly classifier.  
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Table 4.13. Accuracy by TP Rate, FP Rate, Recall and F-measure of classifiers with respect to 

class labels.  

Classifier Class 

  Type 1 Type 2 GDM  Pre 

diabetes 

Diabetes 

free 

J48 pruned TP Rate 98.7% 99.1% 93.2% 100% 99.2% 

FP Rate 0.3% 1.2% 0 0.1 0.3% 

Precision  98.9% 99.2% 99.2% 98.8% 93.1% 

Recall  98.7% 99.1% 93.2% 100% 99.2% 

F-Measure 98.8% 99.1% 96.1% 99.4% 96% 

REP Tree TP Rate 98.4% 99% 86.4% 100% 97.5% 

FP Rate 0.3 1.5% 0.1 0.3 0.5% 

Precision 98.9% 99.1% 96.6% 97.9% 89.5% 

Recall 98.4% 99% 86.4% 100% 97.5% 

F-Measure 99.7% 99% 91.2% 98.9% 93.3% 

Random 

Tree 

TP Rate 99.1% 98.9% 95.5% 97.5% 87.7% 

FP Rate 0.3% 2% 0.2% 0.1 0.4% 

Precision 98.7% 98.7% 94.7% 98.8% 89.9% 

Recall 99.1% 98.9% 95.5% 97.5% 87.7% 

F-Measure 98.9% 98.8% 95.1% 98.1% 88.8% 

PART TP Rate 99.2% 99.1% 93.9% 100% 94.3% 

FP Rate 0.3% 1.2% 0 0.1 0.3% 

Precision 98.7% 99.2% 99.2% 98.8% 92% 

Recall 99.2% 99.1% 93.9% 100% 94.3% 

F-Measure 99% 99.1% 96.5% 99.4% 93.1% 

JRiP TP Rate 98.6% 98.7% 94.7% 100% 100% 

FP rate 0.3% 1% 0.2% 0.1% 0.4% 

Precision  98.9% 99.4% 95.4% 98.8% 91.7% 

Recall 98.6% 98.7% 94.7% 100% 100% 

F-Measure 98.7% 99% 95.1% 99.4% 95.6% 

 

J48 appears to be the best model, among the chosen five different algorithms. As the researcher has 

been discussing these five classification algorithms (J48, REPTree, Random Tree, PART and JRiP) 

are selected due to their easiness for use and interpretation of their result as well. They are also 
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compatible each other for comparison purpose. The rules of J48 retrieved are discussed below, the 

rules are selected based on the discussion with domain expert which are correctly diagnosis of 

diabetes diseases.  

Table 4.14.Rule set generated using J48 from sampled dataset 

Rule # Rule 

1 If FBS = high AND polydipsia = no AND pregnant time (week) = no THEN type 2 

(1792.0). 

2 If FBS = high AND polydipsia = no AND pregnant time (week) = yes AND renal (kidney) 

disease = yes AND visual complaints = yes AND age = adult THEN type 2 (6.0). 

3 If FBS = high AND polydipsia = yes AND pregnant time (week) = no AND BMI = obese 

AND lack of physical activity=yes THEN type 2 (16.0). 

4 If FBS = high AND polydipsia = yes AND pregnant time (week) = no AND BMI = over 

weight AND pedigree= yes history of alcohol=yes THEN type 2 (70.0/1.0). 

5 If FBS = high AND polydipsia = yes AND pregnant time (week) = no AND BMI = over 

weight AND pedigree= no AND age= adult THEN type 2 (4.0/1.0). 

6 If FBS = high AND polydipsia = yes AND pregnant time (week) = no AND BMI = over 

weight AND pedigree= no AND age= old THEN type 2 (1.0). 

7 If FBS = high AND polydipsia = yes AND pregnant time (week) = no AND BMI = 

underweight AND polyuria = yes THEN type 1 (622.0/1.0). 

8 If FBS = high AND polydipsia = yes AND pregnant time (week) = no AND BMI = normal 

weight AND age= young AND ketone = no THEN type 1 (6.0/1.0). 

9 If FBS = high AND polydipsia = yes AND pregnant time (week) = no AND BMI = 

underweight AND age= child AND ketone = yes THEN type 1 (1.0). 

10 If FBS = high AND polydipsia = no AND pregnant time (week) = yes AND renal (kidney) 

disease = yes AND visual complaints = no AND age = adult AND sex = f THEN GDM 

(2.0). 

Continue 
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11 If FBS = high AND polydipsia = no AND pregnant time (week) = yes AND renal (kidney) 

disease = no AND sex = f THEN GDM (77.0/1.0). 

12 If FBS = high AND polydipsia = yes AND pregnant time (week) = yes AND age = young 

AND sex = f THEN GDM (20.0). 

13 If FBS = impaired AND polydipsia = yes AND pregnant time (week) = yes AND sex = f 

THEN GDM (27.0). 

14 If FBS = impaired AND pregnant time (week) = no THEN pre diabetes (329.0/4.0). 

15 If FBS = low AND pregnant time (week) = no AND pedigree = yes THEN diabetes free 

(123.0/5.0). 

16 If FBS = low AND pregnant time (week) = no AND pedigree = no AND BMI= normal 

weight THEN diabetes free (0.0). 

17 If FBS = low AND pregnant time (week) = no AND pedigree = no AND BMI = obese 

THEN diabetes free (0.0). 

 

 

 

 

 

 

Continued… 
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CHAPTER FIVE 

KNOWLEDGE ACQUISITION, MODELING AND REPRESENTATION 

 Knowledge acquisition is the process of acquiring relevant knowledge from domain experts and 

other sources of information such as books, Internet, databases, guidelines, manuals, journal articles, 

document. Knowledge acquisition is the process of eliciting, structuring and representing domain 

knowledge acquired from different sources [15]. Knowledge acquisition is the first step and time 

consuming task in the development of knowledge based system [17].  

There are certain important steps that the knowledge engineer need to carry out during knowledge 

acquisition process. These are [17]: 

I. Eliciting data and information from the domain experts 

II. Interpreting the acquired information to understand human expert reasoning processes 

III. Constructing model to represent the expert’s knowledge 

IV. Repeating step I-III as the knowledge base system involves into a functional system 

5.1. Pre-acquisition phases 

Before the actual knowledge acquisition process, the researcher has conducted a preliminary 

investigation in the domain area. During the preliminary investigation a numbers of stakeholders 

from different domain, i.e., medical doctor, pharmacist, general practitioner, nurses, and medical 

students are participated. These stakeholders are helps the researcher understand the dimensions of 

the domain area. During this phase, the researcher has tried to conduct informal discussion with the 

domain experts to understand the dimension of the problems. In addition, secondary sources of 

knowledge are reviewed on each type of diabetic diseases treatment. Based on the finding of 

informal discussion with the domain experts, the researcher constructed semi-structured interview 

questions in a way that helps to acquire the required knowledge from the domain experts.  

Therefore, the main objective of this chapter is to interact with domain experts in order to collect, 

gather and analyze the required knowledge. The acquired knowledge is then represented into rule 
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based system using if then rules. Generally, this chapter covers the knowledge acquisition phases, 

conceptual modeling and knowledge representation process.  

5.2. The Process of Knowledge Acquisition 

For the purpose of this research, the process of knowledge acquisition includes some basic activities 

such as interview of domain expert’s and review of relevant sources of information. The objective 

of knowledge acquisition is to gather the required knowledge, interpreting the acquired knowledge, 

analyzing and validating the knowledge content. Accordingly, this study gathers and analyzes the 

basic domain knowledge concepts which are identified about the diabetes managements and that 

help to develop the proposed prototype knowledge-based system. The knowledge engineer collects 

diabetes management’s measure and models it using decision tree structure. The study explores the 

applicability of rule-based reasoning. Therefore, knowledge acquisition process of this thesis is 

based on data mining for diagnosis of diabetes mellitus and domain expert interviewing and 

reviewing of related documents for management of diagnosis of diabetes type. But, in this section 

discusses the detail of knowledge acquisition techniques as follows 

5.2.1. Interviewing domain experts 

Primary sources of knowledge are collected from human experts in the domain area at Debre Birhan 

referral hospital that has nine department. Number of expert in each department with their profession 

listed below in table 5.1. 
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Table 5.1 Number of expert each department and their profession in Debre Berhan referral 

hospital 

Department Specialize 

G
en

er
al

 

p
ra

ct
it
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n
er

(

D
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rs
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to
ry
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L
ab

o
ra
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T
ec

h
n
ic
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n
  

Medical ward 2 Internist 7 23     

Surgery ward 4 Surgeon 6 21     

Pediatrics ward 1  Pediatrician 5 19     

Gynecology and 

Obstetrics ward 

3 Gynecologist and 

obstetrician 

5 19     

Ophthalmology 

Clinic 

1 Ophthalmologist  12     

Dental Clinic 3 Dental doctor  9     

Psychiatry Clinic 4 Psychiatrist       

Pharmacy    9 15   

Laboratory      16 12 

 

 To gather the required knowledge for this study, the researcher was select six expert purposively 

from the medical ward three general practitioner and one BSc. nurse, one pharmacist from pharmacy 

department and one laboratory technologist from laboratory department. These experts were selected 

out of nine departments because those experts had health services more related to diabetic patient 

and its treatment. It is purposive because it enable me to get those experts who are willing to share 

their expertise and experience, which is important to acquire the relevant knowledge about type of 

diabetes treatment. The main focus of this research is eliciting relevant tacit knowledge from those 

experts using semi-structured interview technique. During the extensive discussion, the researcher 

tries to acquire the relevant tacit knowledge which is significant to generate the proposed rule. 

During face to face communication, the acquired knowledge from domain experts has been recorded 

manually by using pen and paper sheet. Profiles of domain experts participated in the interview 

process are presented in the Table 5.2 bellow.  
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Table 5.2 Domain expert’s profiles 

No   Educational level  Roles   Years  of experience  

1  Degree in medical doctor 
General practitioner 

And lecturer 
3 

2   Degree in medical doctor 

 

General practitioner 

  

1 

3   Degree in medical doctor Intern 

 

General practitioner 

 

1 

4  Bachelor of science nurse Nurse   22 

5 Bachelor of science laboratory  Laboratory technologist 8 

6 Bachelor of science pharmacy Pharmacist 13 

 

5.2.2. Diabetes Treatment  

There are operational treatments for diabetes although not possible to make diabetic patient healthy 

again except GDM and pre diabetes. But, people with diabetes can live long and healthy lives if their 

diabetes is detected and well-managed. Good management using a standardized protocol can 

potentially prevent complications and premature death from diabetes using: a small set of generic 

medicines; interventions to promote healthy lifestyles; patient education to facilitate self-care; 

regular screening for early detection and treatment of complications through a multidisciplinary way 

[3] [5] [6] [7] [9] [12]. According to [47] diabetes treatments are divided into two; Pharmacological-

therapy treatment and non-pharmacological therapy treatment. 

 1. Non- Pharmacological -Therapy Treatment.  

Health Education: Education for each patient is an integral part of diabetes therapy. Education can 

be successful only if it is coordinated with adequate medical treatment. The patients and their parents 

or other primary care givers should have frequent access to qualified educational activities when 

diabetes is diagnosed. Persons in authority relative to the patient such as leader, teachers in 

kindergarten or grade school should be offered diabetes education [48].Generally, education of the 
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person with diabetes is an essential component of management in every case. To ensure appropriate 

management, the basic knowledge and skills should be acquired by the patient and his family and 

the health care team should work closely with the patient to achieve this objective and to promote 

self-care [47] [48]. The person with diabetes should also be involved in setting beneficial targets for 

weight, blood pressure, blood sugar control and monitor complications [3] [7]. 

Dietary Recommendation: Dietary is a basic part of management in all type of diabetes [47]. 

Recommendation cannot be effective unless adequate attention is given to ensuring appropriate 

nutrition. Nutritional counselling in the context of diabetes education is an important part of any 

comprehensive therapy plan. Nutrition counselling for the person with diabetes should include the 

following points (A), as explained by [49]: 

 Explanation of the effect of carbohydrates, fats and proteins on blood sugar; 

  Strengthening of healthy dietary habits in the family and in public facilities: regular 

balanced meals and snacks (fruit, vegetables, and uncooked vegetarian food), prevention of 

eating disorders such as binge eating, and prevention of overweight; 

 Sufficient energy for age appropriate growth and development 

 Effort to reach and maintain normal BMI, both through diet and regular physical active 

  Balance between energy intake and consumption in agreement with the type of insulin 

 Proper diet in case of illness 

  Proper diet for sports 

  Reduction of the risk of cardiovascular diseases 

  Due account of cultural dietary habits  

As summarization of according to [47] and domain expert of diabetes mellitus person healthy 

eating:  

Avoid refined sugars as in soft drinks (Coca Cola, Miranda), or adding to their teas/other drinks, 

honey, candy, marmalade Cakes, Sweet Biscuits those are simple carbohydrates.  

Be encouraged to have complex carbohydrates which contains vitamins, minerals and antioxidants 

such as barley, brown rice, wheat, tef, beans, peas, lentils, legumes and Potato and sweet potato.  
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Food items the diabetic can take freely or with minimal restrictions of low in animal fat such as lean 

meat, fish, Eggs, milk, cottage cheese.  

Increase in the amount of fibre e.g. vegetables (garlic, onion, pepper cabbage, tomato, carrots) and 

fruits (orange, banana, mango, lemon juice without sugar .etc).   

Avoid tobacco and alcohol: Using tobacco and excess alcohol are faced in diabetic patients with 

serious diabetes complications [3]. 

Moderate Exercise depending on [47] explanation: Physical activity promotes weight reduction 

and improves insulin sensitivity, thus lowering blood glucose levels. Together with dietary 

treatment, a program of regular physical activity and exercise should be considered for each person. 

Such a program must be personalized to the individual‘s health status and fitness. Such as, children 

and youth aged 5–17 years should do at least 60 minutes of moderate to vital- intensity physical 

activity daily.   

Adults aged 18–64 years should do at least 150 minutes of moderate-intensity aerobic physical 

activity ( hiking(waking), biking , running, swimming, jogging, and gardening) spread throughout 

the week, or at least 75 minutes of vital intensity aerobic physical activity throughout the week, or 

an equivalent combination of moderate- and vital intensity activity.   

For older adults, the same amount of physical activity is recommended, but should also include 

balance and muscle strengthening activity personalized to their ability and circumstances. 

Note:- To avoid exercise before taking enough food, medication if necessary, during  hypoglycemia, 

diabetic ketoacidosis and any complication difficult to do it. 

2. Pharmacological –Therapy Treatment 

Type 1:  According to [3] explanation, type-1 diabetes is affected by the young people who less than 

35 years of age. In type -1 the pancreatic cells will get affected and fail to function. The type-1 

diabetic people suffer throughout their life and depend on insulin injection. Hence, all patients with 

type1 diabetes mellitus should be treated with multiple-dose insulin injections or continuous sub 

continuous insulin injection [7]. Studies have shown clear improvements in the risk for or 

progression of diabetic ketoacidosis complications and hypoglycemia with intensive insulin therapy 

2 injections per day [3] [7]. Patients with type 1 diabetes mellitus should use insulin analogues to 
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reduce hypoglycemia risk [6]. Continuous glucose monitoring systems have recently been shown to 

significantly reduce severe hypoglycemia risk in patients with type 1 diabetes mellitus [7]. 

Type 2:  The type 2 diabetes mellitus is newly diagnosed patients who are overweight or obese 

should begin lifestyle modifications, including physical activity, diet modification and be counseled 

to lose at least 5% of their body weight. If lifestyle efforts are not sufficient to maintain or achieve 

glycemic goals, metformin and Glibenclamide therapy (if tolerated or not contraindicated) should 

be added at or soon after diagnosis. Metformin and Glibenclamide are the preferred initial 

pharmacologic agent. It is inexpensive, has a long established evidence base for efficacy and safety, 

and may reduce risk for cardiovascular events and death. Insulin may be needed in symptomatic 

patients who have complication like insulin resistance, surgery and pregnant [3] [5]. 

Gestational diabetes mellitus (GDM): is the third main form and occurs when pregnant women. It 

is recommended that all pregnant women should have a screening test for diabetes during the second 

and third trimester, i.e. at weeks 24–28 of pregnancy without a previous history of diabetes develop 

high blood sugar levels [9]. According to [9] stated that gestational diabetes mellitus blood glucose 

levels cannot be managed by healthy eating and physical activity alone without pharmacological 

medication, her doctor must suggest pharmacological medication. Insulin treatment must be needed 

to bring the blood glucose levels into the target range. Tablets are not widely used in the treatment 

of gestational diabetes as their effectiveness and safety are still being assessed. Insulin is given by 

injection using an insulin device like type 1 diabetes. This device can deliver the insulin at a push of 

a button. If insulin is required, your diabetes educator or doctor will demonstrate how to use the 

insulin device and where to inject the insulin. The injected insulin will help to lower your blood 

glucose level to within a range that is best for your baby’s growth and development [9]. 

Pre diabetes: It is a condition whereby people have higher than normal blood glucose (sugar) levels, 

but not yet high enough to be diagnosed as diabetes [12]. After diagnosed pre diabetes non-

pharmacological-Therapy treatment is recommended.    
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5.3. Knowledge modeling 

 Knowledge modeling is a cross disciplinary approach to capture and model knowledge into a 

reusable format for the purpose of preserving, improving, sharing, aggregating and processing 

knowledge to simulate intelligence [15]. Knowledge is modeled after it is captured form its sources, 

Knowledge modeling for treatment of  diabetes mellitus has been done after the core concepts are 

extracted from domain experts and secondary source of data (document) analysis. To model the 

extracting knowledge decision tree have been widely used in practical applications area, due to its 

interpretability and ease of use. Currently, decision trees are used in many disciplines such as 

medical diagnosis, and computer diagnosis [23]. Therefore figure 5.1, 5.2 and 5.3 shows knowledge 

acquired from the domain experts. Each tree starts with a set of diagnosis of diabetes mellitus and 

ends with treatment of each diagnosis for the data mining knowledge discovery and each decision 

tree develop from [47] by discussed with domain expert. 
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Figure 5.1. Decision tree for complication and treatment of type 1 diabetes mellitus. 

 

 

 

 

 

Diagnosis diabetes 

Type 1 

Condition of patient 

 Treatment 

25 gram glucose push then put 

 10% dextrose normal saline 

After treating the cause of 

Hypoglycemia 

Insulin dose 

0.5Iu-1Iu/kg daily, necessarily  
2 

3
 Iu morning,  

1

3
 Iu evening  

Diet modify  

Moderate exercise 

 

Treatment  

Insulin dose 

0.5Iu-1IU/kg daily, 

necessary  
2 

3
 Iu/kg morning, 

1

3
 Iu/kg 

evening 

Diet modify 

Moderate exercise 

 Without 

Complication 

With DKA 

Complication 

Treatment  

Restate with 2-3 bag normal saline 

Insulin 10Iu intra muscular, 10Iu intra vein at 

the same time. 

Potassium chloride (kcl) 

After treating perspective factors of DKA  

Insulin dose0.5Iu-1Iu/kg daily, necessarily  
2 

3
 Iu morning, 

1

3
 Iu evening  

Diet modify  

Moderate exercise 
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Figure 5.2 Decision tree for com plication and treatment of type 2 diabetes and pre diabetes. 

 

 

Diagnosis diabetes 

 

Type 2 

Condition of patient 

 

 Treatment 

Aerobic exercise30-40 minute 

for five day in a week, 

Diet modify 

Avoid alcohol and smoking  

 

 

First option treatment 

Aerobic exercise30-40 

minute for five day in a 

week, 

Diet modify 

 Avoid alcohol and 

smoking 

First option not effective 

Metformin 500-

1000mg/daily or 

combined with 

Glibenclamide 5-20 

mg/daily in two divided 

  

 Without 

Complication 

With 

Complication 

Treatment  

Metformin 500-1000mg/daily or combined 

with Glibenclamide 5-20 mg/daily in two 

divided 

The patient under acute complication like 

pregnancy, surgery, kidney failure, critical 

illness and insulin resistance to give insulin 

dose 0.3Iu-0.8Iu/ kg per day 

  Necessarily  
2 

3
 Iu morning,  

1

3
 Iu evening 

After treating those Complication  

Metformin 500-1000mg/daily or combined 

with Glibenclamide 5-20 mg/daily in two 

divided  

Aerobic exercise30-40 minute for five day in 

a week, 
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Figure 5.3 Decision tree for fasting blood sugar range and treatment of gestational diabetes 

mellitus. 

5.3.1. Knowledge Representation 

Knowledge representation is one of the basic steps in the process of knowledge based system 

development. Knowledge representation is the process of interpreting domain knowledge into 

computer understandable form by using knowledge representation methods [14]. The acquired 

domain knowledge is represented as a set of ―IF – THEN rules in the prototype. The ―if side (also 

known as the left hand side) of the equation which states the condition(s) that must be true in order 

to fire the rule and the ―then side (right hand side) of the equation specifies the appropriate action 

to be taken. The inference engine evaluates the portion of a statement and concludes whether a goal 

is satisfied or not. If the goal is not satisfied, the inference engine proceeds to the next rule until the 

conditions are satisfied [38]. The following rules are which are incorporated in the knowledge base. 

Diagnosis diabetes 

Gestational 

Fasting blood sugar (FBS) 

160-200mg/dl 

Treatment  

Insulin dose 

4 Iu/kg 

Target FBS<96mg/dl 

 Diet modify  

Moderate exercise 

 

 

Treatment  

Insulin dose 

6 Iu/kg 

Target FBS<96mg/dl 

 Diet modify  

Moderate exercise 

 

Treatment  

Insulin dose 

8 Iu/kg 

Target FBS<96mg/dl 

Diet modify  

Moderate exercise 
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Rule1: IF Diagnosis diabetes=Type1 AND condition of patient= without complication THEN 

treatment insulin dose  0.5Iu-1Iu/kg daily, necessarily, 
2 

3
 Iu/kg morning, 

1

3
 Iu/kg evening, Diet 

modify and Moderate exercise 

Rule 2: IF Diagnosis diabetes=Type1 AND condition of patient= with DKA complication THEN  

Treatment restate with 2-3 bag normal saline, Insulin 10Iu/kg intra muscular,10Iu/kg intra vein at 

the same time. Potassium chloride (kcl). After treating perspective factors of DKA,  Insulin 

dose0.5Iu-1Iu/kg daily, necessarily 
2

3
 Iu/kg morning, 

1

3
 Iu/kg evening, Diet modify and Moderate 

exercise 

Rule 3: IF Diagnosis diabetes=Type1 AND condition of patient= with hypoglycemia complication 

THEN Treatment 25 gram glucose push then put   10% dextrose normal saline. After treating the 

cause of Hypoglycemia, Insulin dose 0.5Iu-1Iu/kg daily, necessarily 
2

3
Iu/kg morning,  

1

3
 Iu/kg 

evening Diet modify and Moderate exercise 

Rule 4: IF Diagnosis diabetes=Type 2 AND condition of patient= without complication THEN 

First option treatment Aerobic exercise30-40 minute for five day in a week, Diet modify Avoid 

alcohol and smoking. First option not effective Metformin 500-1000mg/daily or combined with 

Glibenclamide 5-20 mg/daily in two divided 

Rule 5: IF Diagnosis diabetes=Type 2 AND condition of patient= with complication THEN  

  Treatment Metformin 500-1000mg/daily or combined with Glibenclamide 5-20 mg/daily in two 

divided. The patient under acute complication  like pregnancy, surgery, kidney  failure, critical 

illness and insulin resistance  to give insulin dose 0.3Iu-0.8Iu/ kg per day Necessarily, 
  2 

3
 Iu morning, 

 
1

3
 Iu evening. After treating those Complication, metformin 500-1000mg/daily or combined with   

Glibenclamide 5-20 mg/daily in two divided aerobic exercise30-40 minute for five day in a week. 

diet modify avoid alcohol and smoking   

 Rule 6: IF Diagnosis diabetes= pre diabetes THEN aerobic exercise30-40 minute for five day in a 

week. Diet modify avoid alcohol and smoking   
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Rule 7: IF Diagnosis diabetes= gestational AND fasting blood sugar= more than 200mg/dl THEN 

Insulin dose 8Iu/kg,Target FBS<96mg/dl up to after birth one week   Diet modify and Moderate 

exercise 

Rule 8: IF Diagnosis diabetes= gestational AND fasting blood sugar= 160- 200mg/dl THEN Insulin 

dose 6 Iu/kg Target FBS<96mg/dl Up to after birth one week, Diet modify and Moderate exercise 

Rule 9: IF Diagnosis diabetes= gestational AND fasting blood sugar= 120- 160mg/dl THEN   

Insulin dose 4 Iu/kg Target FBS<96mg/dl Up to after birth one week, Diet modify and Moderate 

exercise 

Rule10: IF Diagnosis diabetes= diabetes free THEN check other type of health problem.  
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CHAPTER SIX 

IMPLEMENTATION, EVALUATION AND DISCUSSION 

The main objective of this study is to integrate data mining prediction for the development of 

knowledge based system to diagnosis types of diabetes based on the selected attributes. After 

knowledge acquisition is done using J48 tree generate algorithm, which performs on data collected 

from Debre Berhan referral hospital the facts extracted is represented in Knowledge base system. In 

addition to this, the researcher used in document analysis and interview by interviewing domain 

experts who are doing in Debre Berhan referral hospital and work on diagnosis type of diabetes and 

Treatments for management of diabetic patients. After acquiring the knowledge, the knowledge 

engineer has to represent these knowledge into an appropriate format which is easily understandable 

by computer system using rule-base knowledge representation method as discussed in chapter four 

and five. The last step is developing the knowledge base using the knowledge acquired from data 

mining, domain expert and document analysis. The knowledge base is a place where rules are going 

to be stored and it serves as the warehouse of knowledge [32]. Besides to this, since knowledge is 

always dynamic, the researcher tried to narrow the gap by automatically integrating data mining 

results of J48 algorithm for diagnosis type of diabetes, interviewed and document analysis for 

treatment of it with the knowledge base of the Knowledge Based System using SWI-prolog and Java 

Neat Beans.   

6.1 System design and Architecture 

The general framework shows the data mining tasks used for generating knowledge from 

collection of dataset. The generated knowledge is represented in knowledge base. The integration 

system contain two parts: Data mining part which predicts the diabetes types from diabetes dataset 

based on the selected model and the second one is knowledge based system which acquire the result 

from data mining, domain expert and document analysis for type of diabetes diagnosis and treatment. 

The integrated framework discussed below in figure 6.1. 
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Figure 6.1 General Framework of integration of data mining model with knowledge based 

system for diagnosis and treatment of type of diabetes 
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As we can see from the above Figure, the contribution of this study in the general architecture of the 

Knowledge Based System is integrated knowledge acquisition techniques has been implemented. In 

addition to this, the data mining results are integrated automatically using SWI-prolog with Java 

interface call JPL from java library in jar file.  

JPL (Java Interface to Prolog) call: JPL is a library using the SWI-Prolog foreign interface 

and the Java jni (Java Native Interface) interface providing a bidirectional interface between Java 

and Prolog that can be used to insert Prolog in Java as well as vice versa.  

6.1.1. Knowledge Base 

The researcher stores all knowledge that are collected from data mining by validating domain experts 

in the knowledge based as set of rules using rule-based knowledge representation method. 

Knowledge base is a set of rules or the encoded knowledge about diagnosis and treatment of types 

of diabetes mellitus of the prototype system. The sample validated knowledge is represented in the 

form of rules by rule-based representation technique and the rules are codified to the knowledge base 

of the prototype system using Prolog programming language as follows. 

diabetefree(fbs(normal),pregnanttime(no),pedigree(no),bmi(normal),historyofalcoholic(yes)). 

diabetefree(fbs(normal),pregnanttime(no),pedigree(no),bmi(obese)). 

type2(fbs(high),polydipsia(no),pregnanttime(yes),renaldisease(yes),visualcomplaints(yes),age(adul

t)).  

type2(fbs(high),polydipsia(yes),pregnanttime(no),bmi(overweight),pedigree(no),age(old),bloodpre

ssure(stage_2)). 

type1(fbs(high),polydipsia(yes),polyuria(yes),bmi(normal),age(young),ketone(no)). 

type1(fbs(high),polydipsia(yes),polyuria(yes),bmi(underweight),age(child),ketone(yes)). 

gdm1(fbs(high),polydipsia(no),pregnanttime(yes),renaldisease(yes),visualcomplaints(no),age(adult

),sex(female)). 

gdm(fbs(high),polydipsia(no),pregnanttime(yes),renaldisease(no),sex(female)). 
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predibetes(fbs(impaired),pregnanttime(no)). 

6.1.2. Inference Engine 

An inference engine is the understanding of the Knowledge Based System which directs the system 

how it can derive a conclusion by looking for possible solutions from the knowledge base and 

recommend the best possible solution [35]. Inference engine is responsible for controlling the way 

knowledge in the knowledge base accessed and communicates the result via user interface to the 

user [14]. Since the objective of the proposed Knowledge Based System is to diagnosis and treatment 

of type of diabetes and the Prolog’s built-in inference mechanism is backward chaining, the 

researcher prefers to use backward inference mechanism which is a goal derive that tries to prove or 

disprove the goal but the user use data driven.  

6.1.3. User Interface  

The user interface is a channel for communication between the system and the end user. 

This prototype graphical user interface is developed based on the model generated by J48 

decision tree classifier with all attributes. The rules used by the researcher to design the graphical 

user interface for diagnosis the type of diabetes are the 17 rules  and 10 rules for its treatment listed 

and briefly discussed in  chapter four and five respectively.   

The command line interface of Prolog is not user friendly for non-computer professionals, I preferred 

to develop the graphical user interface of the proposed system with Java Net Beans IDE 8.2 with 

JDK 8 as Figure 6.2 shows.  
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Figure 6.2 Prototype of the graphical user interface for types of diabetes diagnosis. 

As shown in the above interface the developed system work like the following procedure. developed 

system allows the user entering the name of the diagnosis person, click the combo box button and 

select from the given choice what the patient feel, previous history and laboratory results by 

considering the range of age and other laboratory results then click diagnosis button, if the condition 

is satisfied then type of diabetes will display at the provided space, like ― “Abebech Hailu is type 

2” or other type of diabetes mellitus will display. Example of diagnosis rule that store in knowledge 

base is 

type2(fbs(high),polydipsia(no),pregnanttime(no),bmi(obese),lackofphysicalactivity(yes),age(adult)

). 
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Figure 6.3. A graphical user interface of diabetes treatment 

6.1.4. Help Facility 

The help facility describes when a new user use this system may confuse to click the comp box 

button and see drop down menu like age = child, young, adult and old to understand what does it 

mean click help and select one of them and so on. As we can see in the above figure, the system 

supports its conclusion with explanation under result button. In addition to this, the help facility 

gives additional information about diabetic treatment like education and dietary modification.  

6.1.5. Knowledge Base update facility 

Knowledge Base update facility is one of peripheral features of the Knowledge Based System 

through which the knowledge engineer in collaboration with the domain expert can modify the 

knowledge base whenever there is an update that has to be included in the knowledge base [50]. 

Based on the domain experts’ feedback, the knowledge engineer could include the new knowledge 

and update the knowledge based. Therefore, the researcher believes that incorporating the 

knowledge base update facility ensures the proposed system to be operational and functional for 

longer time [50]. Due to these reasons, the researcher decides to incorporate the knowledge base 
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update facility in the proposed systems. To modify the knowledge base of the proposed system, first 

the knowledge engineer has to open the prolog code in Notepad ++ and include the new knowledge 

at the appropriate place in the knowledge base of the proposed system and finally save it such that 

the knowledge based could be updated. 

6.2. Evaluation of the system 

In order to assure the diabetes diagnosis and treatment meets the requirement it is developed for both 

system performance testing and user acceptance testing are performed. 

6.2.1. System Performance Testing 

The performance of the system is evaluated by preparing test cases. The test cases include samples 

of types of diabetes instances taken from Debre Berhan referral hospital data set. The instances 

include 16 attributes with their respective values. The test cases, which are unlabeled types of 

diabetes  instances are delivered to domain experts to label them as type 2, type 1,GDM, pre diabetes 

and diabetes free. About 24 instances including 16 attributes are taken for the test. Few numbers of 

instances are taken for testing by considering the time is takes for the domain experts to label each 

instances for system performance testing. Attributes of instances with their respective values 

describe the way of certain types of diabetes diagnosis. These set of test instances are provided to 

combined diabetes mellitus diagnosis system and the outputs are compared to the domain expert’s 

decision.  

System performance testing is basically used to measure the accuracy of the system. True positive, 

F-measure, Recall and Precision measure how accurate the system is. Confusion matrix is used for 

comparing the performance of the system with domain experts.  
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Table 6.1. Confusion matrix for evaluation of proposed system compared to experts decision 

 Diabetes Mellitus Diagnosis System Total 

 

 

Domain 

experts 

Decision 

Types of 

Diabetes 

Type 1 Type 2  GDM  Pre 

Diabetes 

 Diabetes 

Free 

 

Type 1 4 1 0 0 0 5 

Type 2 0 8 1 0 0 9 

GDM 0 0 4 0 0 4 

Pre 

diabetes 

0 0 0 3 0 3 

Diabetes 

Free 

0 0 0 0 3 3 

Total Total 4 9 5 3 3 24 

 

The confusion matrix on table 6.1 shows matrix of test cases evaluation by diabetes mellitus 

diagnosis system and domain experts’ decision. The rows illustrate evaluation of domain expert and 

the columns illustrate result of diabetes mellitus diagnosis system.  

The entries under column type 2 the system testified that 9 instances are type 2 diabetes. But eight 

of the instances are correctly identified as type 2 diabetes and one instance is identified as type 1 

diabetes. The entries in the confusion matrix under GDM column describe that five instances are 

correctly identified by the system as GDM. But four instance is correctly classified as GDM and one 

instance is type 2 diabetes. The entries for type 1, Pre diabetes and diabetes free columns show that 

the system has correctly identified four instances as type 1 diabetes, three instances as pre diabetes 

and again three instances are as diabetes free respectively. The entries in the confusion matrix under 

GDM column describe that one type 2 diabetes instance incorrectly identified by the system as 

GDM. With regard to GDM diagnosis the system achieved the lowest result as compared to the 

others.  But as shown in the confusion matrix, one type 2 diabetes instance is incorrectly identified 

as GDM and one type 1 instance is incorrectly identified as type 2 diabetes. The researcher believes 
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that the system‘s identification of instances to isolate correctly type 2 from type 1 or GDM from 

type 2 is a little difficulty. 

 The system has correctly identified 22 test instances out of 24 to their correct class. This means the 

system has 91.7% classified correctly and two instances out of twenty four are incorrectly classified 

which is 8.3%.  

As clearly illustrated in table 6.2 bellow, the system‘s performance is evaluated in terms of TP 

rate, FP rate, Precision, Recall and F-measure which enables us to view in detail how accurate is the 

system in diagnosis of type of diabetes mellitus.  

Table 6.2 System performance evaluation based on TP, FP, Precision, Recall and F-measure 

 TP rate FP rate Precision Recall F-Measure Type of diabetes 

80% 0 100% 80% 88.9% Type 1 

88.9% 6.7% 88.9% 88.9% 88.9% Type 2 

100% 5.3% 80% 100% 88.9% GDM 

100% 0 100% 100% 100% Pre diabetes  

100% 0 100% 100% 100% Diabetes free 

Weighted 

Average 

 

92.33% 6% 92.33% 92.33% 92.33%  

 

According to the TP Rate and recall in table 6.2, the type of diabetes that are correctly classified out 

of all diabetes type shows that GDM, pre diabetes and diabetes free class scores the highest TP Rate 

and recall (100%), followed by the Type 2 diabetes class (88.9%) and Type 1 diabetes class (80%). 

However, taking only the TP Rate and recall for measuring the performance of an integration of 

prediction model with the knowledge based system for type of diabetes diagnosis system can be 

confusing. Instead, I should take the commonly used measuring parameters for measuring the 

performance of any classifier such as weighted average of precision and f-measure in order to 

measure the performance of an integration of prediction model with the knowledge based system for 



79 

 

type of diabetes diagnosis system. The performance of the system achieves weighted average of 

92.33% TP Rate, precision & recall, F-Measure, and 6%FP Rate.. However, the system score FP 

rate 6.7%, 5.3% for type 2 and GDM diabetes respectively it show to diagnosis type 2 and GDM 

diabetes  by the system is a little difficulty. 

6.2.2. User Acceptance Testing 

The aim of undertaking user acceptance testing is that to make sure how well an integration of 

prediction model with the knowledge based system for diagnosis and treatment of diabetes is 

performing on the eyes of users so as to make sure that the system is accepted and usable by 

users. Six domain experts are selected to test the system by responding a series of questions. These 

experts are taken from Debre Berhan referral hospital from Medical ward three general practitioner 

and one nurse. In addition, one laboratory technologist, one pharmacist from laboratory and 

pharmacy department respectively. The experts, after providing training how an integration of 

prediction model with the knowledge based system for diagnosis and treatment of diabetes works. 

The evaluators assessed an integration of prediction model with the knowledge based system for 

diagnosis and treatment of diabetes by using the following standards [14]. 

Easiness to use and interact with the system 

Attractiveness of the system 

Efficiency in time 

The accuracy of the system in reaching a decision to identify the types of Diabetes 

The ability of the system to make right conclusion and recommendation 

Importance of the KBS in the domain area 

Different researchers have used different types of user acceptance testing evaluation criteria. But 

for this study, the evaluation criteria suggested by [14] and [15] have been used such as Excellent = 

5, Very Good =4, Good =3, Fair =2 and Poor =1 

 

 

 

 



80 

 

Table 6.3. Summary of domain experts’ evaluation of the system 

No Criteria of evaluation 

p
o
o
r 

F
a
ir

 

G
o
o
d

 

V
er

y
 G

o
o
d

 

E
x
ce

ll
en

t 

A
v

er
a

g
e 

1 Easiness to use and interact with the system 0 0 0 2 4 4.7 

2 Attractiveness of the system 0 0 0 1 5 4.8 

3 Efficiency in time 0 0 0 0 6 5 

4 The accuracy of the system in reaching a 

decision to identify the types of Diabetes 

0 0 1 2 3 4.3 

5 The ability of the system to make right 

conclusion and recommendation 

0 0 1 3 2 4.1 

6 Importance of the KBS in the domain area 0 0 0 2 4 4.7 

                       Total Average 4.6 

 

As we can see from the above table, most (66.7%) of the evaluators replied excellent and very good 

33.3% each for easiness to use and interact with the system. It is because of the interface 

developed by java and simple to use or operate. The second evaluation criteria attractiveness of the 

system showed a greater rate of attractiveness by the evaluators the majority is scored 83.3% as 

excellent, 16.7% as very good. With regard to Efficiency in time 100% of evaluators replied 

excellent. The accuracy of the system in reaching a decision to identify the types of diabetes 

criteria was scored by half of the evaluators as excellent while 16.7% and 33.3% of the evaluators 

scored it with good and very good respectively. And also, the ability of the system to make right 

conclusions and recommendation achieves half of the evaluators as very good while 16.7% and 

33.3% of the evaluators scored it with good and excellent respectively. Lastly, concerning to 

Importance of the KBS in the domain area criteria 33.3% of the respondent evaluated as very 

good and the rest 66.7% as excellent. Based on the results obtained the overall average performance 

of knowledge based system for diagnosis and treatment of type of diabetes with user’s point of view 

is 4.6 out of scale of 5 or  92%. This implies that the modeled prototype was performs excellent in 
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making right decisions on the diagnosis and treatment of diabetes from the domain Expert point of 

view. 

6.3. Discussion of the Results 

As we have discussed in the evaluation section, the proposed system achieves with 91.7% system 

performance testing result from 24 test cases and 92% user acceptance testing result which are the 

better results as compared to Solomon [14] and Bezehagn  [20]. This Developed system is achieved 

91.9% overall performance by using data mining, interviews and documents analysis as means of 

knowledge acquisition technique  compared to [14] and [20] because their system achieved 84.2% 

and 86.25% overall performance by using Interviews, documents analysis and data mining as means 

of knowledge acquisition technique respectively. Hence, using integrated knowledge acquisition 

techniques is better than using manual or automated knowledge acquisition techniques separately. 

At the beginning, this study has four research questions to answer and let us discuss how these 

questions have been answered with this study.  

The first research question of this study was “Which attributes helps more to classify the diabetes 

dataset?”. To answer this question, domain expert’s interview were used and this study find out that 

fasting blood sugar (FBS), age, sex, body mass index (BMI), history of alcohol, lack of physical 

activity, pedigree, polydipsia, polyuria, renal (kidney) disease, visual complaints, , ketone and 

pregnant time (week) are the main attributes that can properly diagnosis the type of diabetes mellitus. 

The second question was “Which classification algorithm is the best for predicting type of 

diabetics?”. To answer this question, five experiments for five predictive models involving J48, REP 

Tree, Random Tree, PART and JRip classifier algorithms are constructed in all attribute under ten-

fold Cross-Validation test option and default value of parameters were conducted and the 

experiments showed that J48 is the best classification algorithm to develop the prediction model that 

can predict the type of diabetes mellitus because it registers better performance with 98.84% and the 

researcher decided to use the results for further use in the development of knowledge base of  

knowledge based system.  

The third question was “How to represent the acquired knowledge from data mining algorithm and 

domain expert for developing the knowledge-based systems?”. To answer this question, The 
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researcher stores all knowledge that are collected from data mining by validating domain experts in 

the knowledge based as set of rules using rule-based knowledge representation by using SWI-Prolog 

7.6.4 open source software.  

The fourth question was “how Data Mining results could be integrated with Knowledge Based 

System for Diagnosis of type of diabetes?” To answer this question, a prototype Knowledge Based 

were developed using the knowledge that are acquired from data mining algorithm J48 generated 

rule by validating domain expert to store in knowledge base using prolog and  integrated with Java 

interface by adding the jar file in Java library.  
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CHAPTER SEVEN 

CONCLUSION AND RECOMMENDATION 

7.1. Conclusion 

The need for the integration of data mining technology with Knowledge based system is necessary 

because this method is increasingly becoming very popular and providing relevant service for 

different healthcare organization. In this study, the possibility of integrating data mining models 

with knowledge based system for type of diabetes diagnosis and treatment is explored. For the 

integration process samples of diabetes dataset was taken from Debre Berhan referral hospital and 

diabetes treatment strategy was also taken from the domain experts those are work in this referral 

hospital and document analysis from internet, thesis and research paper. The dataset is preprocessed 

using MS excel and MATLAB and made suitable experiment using J48, REP Tree, Random Tree, 

PART and JRip classifier algorithms for extracting hidden knowledge. Due to several limitations in 

gaining knowledge for knowledge base from domain experts in the area of diabetes diagnosis, an 

automatic knowledge acquisition mechanism is proposed in this study. Data mining has proven for 

extracting hidden knowledge from large collection of dataset. Hence, data mining classifier, J48 is 

engaged for knowledge acquisition step since it has performed best among the selected classifiers 

with an accuracy of 98.84%. The generated rules are embedded in SWI-prolog and Java software 

have enabled building diabetes diagnosis and treatment knowledge based system. Finally, system 

performance evaluation testing and user acceptance testing were conducted. As a result, the proposed 

system could perform in the absence of domain experts 91.7% of system performance evaluation. 

This result indicates that the Knowledge Based System has the necessary knowledge for diagnosis 

and treatment of diabetes which in turn implies that the study was effective in acquiring knowledge 

through integrated knowledge acquisition techniques. 92% user acceptance testing is achieved based 

on six criteria of evaluation. Selected domain experts are trained and used the system to evaluate 

how much the KBS meets their requirements. 
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According to the system performance and user acceptance tests, the system has registered 91.9% 

overall accuracy. The performance analysis shows that an integration of prediction model with the 

knowledge based system for diagnosis and treatment of type of diabetes registered acceptable 

performance. The knowledge base system also provides advisement and information based on 

the new changes yielding up to-date knowledge. This characteristic distinguishes this study in 

that it somehow improved problem of diabetes diagnosis, treatment mechanism and give awareness. 

Moreover, this study forwards the usage of induced knowledge and on using automatic 

knowledge acquisition techniques for the development of knowledge base system. Also it 

motivates to apply this approach in different areas. 

 7.2. Recommendation 

This research is mainly conducted for an academic purpose. However, the results of this study are 

found to be promising to be applied to address practical problems of diabetes mellitus diagnosis and 

treatment. Hence, based on the result of this study the researcher believes further researches have to 

be done to increase the benefits of integrating data mining with knowledge bases system and the 

following are recommendation for future study. 

 The knowledge based system can be used self-treatment purposive then the diabetic patients 

are possibly share their Knowledge to different local language speakers and patients can 

express their feeling using their own language. Therefore, a user interface will be design to 

enable the users to communicate using their own language with the knowledgebase system. 

 Developing hybrid knowledge based system which is capable of employing rule based 

and case based reasoning with integrated data mining techniques. Because, the inclusion of 

case based reasoning helps the system to learn from documented experiences. 

 Developing the system at any health organization in which the diabetes diagnosis and 

treatment knowledge based system is given essential decision for expert and effective advice 

for patient to access from anywhere and anytime where the connection is available using 

mobile as well as personal computer platform. 
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APPENDIX 1 

Selected attributes used for model building and their description.  

No  Attribute name  
Data 

type 
Description 

1  age  Numeric  Age of the patient in years 

2  Sex  Nominal  Sex of the patient, male=m or female=f 

3  Fasting blood sugar(FBS) Numeric  

8-hour Fasting plasma glucose or diabetes 

indicator, glucose level in blood measured by 

mg/dl, 

4 Body mass index(BMI)  Numeric  
Body mass index of patient calculated by 

weight KG in divided by height square kg/m2 

5 Ketone Nominal 
The patients produced byproduct when the body 

uses large amounts of fat as fuel 

6 Blood pressure Numeric The stage of  patients’ blood pressure  

7  History of alcoholic  Nominal  
History of alcohols consumption of patients, yes 

or no 

8 History of smoking Nominal Smoking status of patient, yes or no 

9 Lack of physical activities Nominal 
History of patient regular physical activity, yes or 

no 

10 Pedigree Nominal History of family having diabetes, yes or no 

11 Renal(kidney) disease Nominal There is kidney pain of patient, yes or no  

12 Polydipsia Nominal 
Excessive or constant thirst occasioned by 

patient, yes or no 

13  Polyuria  Nominal  Symptom of excess urine of the patient yes or no 

14  Polyphagia  Nominal  
Patient manifest Excessive appetite of food, yes 

or no 

15 Pregnant time (week) Nominal 
The Women’s recommends routine screening of 

all pregnant women at 24-28 weeks , yes or no  

16 Visual complaints Nominal Sing of blurring of vision of patient yes or no 

17 Diabetes status Nominal 
The final outcome of patients ,type 1,type 2, 

gestational, pre diabetes and diabetes free 
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APPENDIX 2 

Interview Questions 

The importance of this interview questions is to extract tacit knowledge from experts in 

internal medicine that will support for the development of an integration of prediction model with 

the knowledge based system for diagnosis and treatment of diabetes. The interviewer stores the 

answerers’ reply using pen and paper as well. I would like to thank for your cooperation and valuable 

information. 

1. What is diabetes or pre diabetes? 

2.  What are the risk factors of diabetes or pre diabetes? 

3. What are the complications of diabetes or pre diabetes? 

4. What are the common signs and symptoms of diabetes or pre diabetes? 

5.  Which one is the most common laboratory testing method used for diagnosis of diabetes or 

pre diabetes? 

6. How can we differentiate Type 1 diabetes, Type 2 diabetes, GDM and pre diabetes during 

diagnosis? 

7.  What are the treatments for Type 1, type 2 and GDM diabetic patients?  

8. What are the treatments for pre diabetes person? 
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APPENDIX 3 

Domain expert evaluation form/query. 

Dear Evaluator, 

The importance of this evaluation form is to evaluate to what extent the prototype system is 

usable by the end-users in the domain area. Therefore, you are kindly requested to evaluate the 

system by labeling (X) symbol on the space provided for the corresponding attributes values for each 

criteria of evaluation. 

I would like to appreciate your collaboration in providing the information. 

Note: - the values for all attributes in the table are related as excellent=5, Very good=4, Good=3, 

Fair=2, and Poor=1. 

No Criteria of evaluation 

p
o
o
r 

F
a
ir

 

G
o
o
d

 

V
er

y
 G

o
o
d

 

E
x
ce

ll
en

t 

A
v
er

a
g
e 

1 Simplicity to use and interact with the system       

2 Attractiveness of the system       

3 Efficiency in time       

4 The accuracy of the system in reaching a 

decision to identify the types of Diabetes 

      

5 The ability of the system to make right 

conclusion and recommendation 

      

6 Importance of the KBS in the domain area       
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APPENDIX 4 

Partial prolog code 

% fact or knowledge 

diabetefree(fbs(normal),pregnanttime(no),pedigree(no),bmi(normal),historyofalcoholic(yes)). 

type2(fbs(high),polydipsia(no),pregnanttime(no)). 

type2(fbs(high),polydipsia(no),pregnanttime(yes),renaldisease(yes),visualcomplaints(yes),age(adult)).  

type1(fbs(high),polydipsia(yes),polyuria(yes),bmi(normal),age(young),ketone(no)). 

type1(fbs(high),polydipsia(yes),polyuria(yes),bmi(under),age(child),ketone(yes)). 

gdm(fbs(high),polydipsia(no),pregnanttime(yes),renaldisease(yes),visualcomplaints(no),age(adult),sex(fem

ale)). 

gdm(fbs(high),polydipsia(no),pregnanttime(yes),renaldisease(no),sex(female)). 

gdm3(fbs(high),polydipsia(yes),pregnanttime(yes),age(young),sex(female)). 

predibetes(fbs(impaired),pregnanttime(no)). 
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APPENDIX 5 

Partial Integration code 

* @author Beletew Tilahun 

String prologfilelink="consult('prolog.pl')"; 

System.out.println(query+ (query.hasSolution()?"successfully connected":"fail to connect")); 

String[] results = new String[]{"GDM ","diabetes free","type 2 ","type 1 ","pre diabetes"};     

 String[] name = new String[]{"gdm","diabetefree","type2","type1","predibete"}; 

  for(int i = 0 ; i <= 4 ; i++){ System.out.println(name[i]+querytext); 

if(query.hasSolution(name[i]+querytext)){if(results[i] == "diabetes free") 

jLabel13.setForeground(Color.GREEN); 

 else if(results[i] == "pre diabetes") jLabel13.setForeground(Color.YELLOW); 

   else  jLabel13.setForeground(Color.RED); 

   jLabel13.setText("Result : "+jTextField1.getText().toString()+" is "+results[i]); 

                        i = 5; 

 } else if( i == 4){  jLabel13.setForeground(Color.BLACK); 

  jLabel13.setText("Result : the system haven't detect any type of diabetes"); 

                }      

 


