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Abstract 

Diabetes mellitus (OM) is a common chronic disease around the world in which the body does 

not produce insulin (Type I dia~etes) or does not properly use insulin (Type II diabetes). The 

study investigated the potential of case-based reasoning (eBR) approach for type II DM 

treatment. eBR is an approach to Artificial Intelligence that is intended to mimic an approach 

that people typically use to solve problems. This is the use of past experiences to reason about 

new situations. 

In order to acquire the knowledge, the researcher conducted unstructured interviews with 

domain experts selected through expert sampling and other relevant documents. Then the 

knowledge is modeled using tree like structure called ladders. Patient history cards from Dessie 

Referral Hospital in outpatient department (OPD) were the primary sources of cases. Case 

attribute identification and weight assignment were done with the help of domain experts. The 

case-based contained 42 type Ii DM cases and stored in plain text file (attribute value pair 

vector).The prototype is bui lt using jCOLIBRI, a software artifact that promotes software reuse 

for building CBR systems. jCOLlBRl employed Nearest Neighbor Retrieval algorithm for 

retrieval and propose the most similar cases for reuse. Manual revision is done by the domain 

expert in order to adapt a stored case's solution for a new case. There is always incremental 

learning through retaining newly solved cases. 

The prototype performance is evaluated through statistical analysis and user feedbacks. Recall 

and precision were the main statistical performance measures using leave-one-out cross 

validation testing proportion. The retrieval performance of the prototype showed average value 

of 69% recall and 46% precision. Domain experts were also evaluating the prototype using 

certain criteria. 

The main objective the research is to design and build CBR knowledge based system that 

retrieves relevant previously stored cases and proposes appropriate solution. The developed 

prototype scores promising performance and user acceptance. 

ix 



CHAPTER ONE 

INTRODUCTION 

1.1. Background 

Diabetes is a disorder of metabolism (the way the body uses digested food for growth and 

energy) (NIDDK, 2008), The body is made up of millions of cells that need energy to 

function. The food is turned into sugar, called glucose. Sugar is turned out to the cells 
• 

through the blood stream. It is one of the many substances that are needed by the cells to 

make energy. The pancreas automatically produces the right amount of insulin to move 

glucose from blood into the cells. In people with diabetes, however, the pancreas either 

produces little or no insulin, or the cells do not respond appropriately to the insulin that is 

produced. Glucose builds up in the blood, overflows into the urine. and passes out of the 

body in the urine. Thus, the body loses its main source of fuel even though the blood 

contains large amounts of glucose (The Patient Education Institute, 20 I 0). In short, 

diabetes is a disease that makes difficult for the cells of the body to get the glucose to 

make energy. 

Severe complications that can come from diabetes include heart di sease, vascular (blood 

vessel) disease and poor circulation, blindness, kidney failure, poor healing, stroke, and 

other neurological (nerve) diseases. Diabetes cannot be cured but can be successfully 

treated. Complications from diabetes can be prevented with careful blood sugar 

management, control of high blood pressure and cholesterol levels (Tropy, 2009). 

Even among policy makers at international and national levels, awareness about the 

public health and clinical importance of diabetes remains low. Diabetes is widely 

perceived as a condition of low importance to the poorer populat ions in the world. In the 

low- and middle-income countries, the impact of diabetes is largely unrecognized. Yet, 

the world is facing a dramatic rise in diabetes prevalence, most of which will occur in the 

low- and middle-income countries. This will have a major impact on the quality of life of 
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hundreds of millions people and their families, constrained the capability of many 

national health-care systems and impact adversely upon the economy of those countries 

that are in most need of development (Unwin and Marlin, 2004). 

According Unwin and Marlin (2004), the world is facing a growing diabetes epidemic of 

potentially devastating proportions. Its impact will be felt most severely in the developing 

countries. There are many facts about severity of diabetes: 

• Worldwide, 3.2 million deaths are attributable to diabetes every year. 

• One in 20 deaths is attributable to diabetes; 8700 deaths every day; six deaths 

every minute. 

• At least one in ten deaths among adults between 35 and 64 years is attributable to 

diabetes. 

• Three-quarters of the deaths among people with diabetes aged under 35 years are 

due to their cond~tion. 

1.1.1. Types of Diabetes 

Sometimes diabetes is named as diabetes mellitus (DM). There are two basic types of 

OMs. 

Type I DM : often referred to as insulin-dependent diabetes and occurs when the body's 

pancreas does not produce enough insulin (the hormone that processes glucose). Type I 

DM is usually diagnosed in childhood or people less tan 40 years old. People with this 

type of diabetes need daily injections of insulin. If not diagnosed and treated with insulin, 

the person can lapse into a life threatening coma (Armengolet ai, 2000). 

Type II DM: also called "adult-onset" diabetes, is much more common, and usually 

develops in adults over the age of 40 being more common among adults over 55. Usually, 

people with diabetes type II have overweight and sedentary lifestyle. Insulin resistance is 

a major issue in type II diabetes that means pancreas produces insulin but the body does 

not use it effectively. Some people with diabetes type II must inject insulin, but most are 
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controlled with a combination of weight loss, exercise, and prescription of oral diabetes 

medication (Torpy, 2009) and (Armengolet ai, 2000). 

1,1,2, Case-based Reasoning 

Information technology (IT) has been successfully integrated into many diffe rent sectors 

of the world economy. However, one area where IT has not had much influence until 

recently is the field of medicine. Very recently healthcare organizations are being driven 
, 

to implement IT to improve results. One of recently emerging discipline is knowledge 

management (KM) that focuses on efforts leading to the rational allocation of 

organizational knowledge assets, which is going to be implemented as Knowledge-Base 

systems (KBS). KBS has been applied in numerous applications in the health science 

domain (Althoff and Weber, 2006). 

KBSs are computer programs that achieve expert-level competence in solving problems 

on specific task areas. KBSs are based on a coded body of human knowledge represented 

through some model. The task of developing a KBS is generally known as knowledge 

engineering. The specific task of collecting human knowledge and representing it through 

model is known as elicitation (Alberto et aI, 2009). One of the components of artificial 

intelligence is inference engine (reasoning and search strategy for solution).There are 

different ways of reasoning strategy like rule-based, case-based ,inductive, deductive and 

probabilistic. The two popular approaches used in KBS are rule-based reasoning (RBR) 

and case-based reasoning (CBR). RBR is used to model human problem-solving activity 

and adaptive behavior in the form of IF-THEN rules. Satisfaction of the rule antecedent 

gives ri se to the execution of the consequent; that is one action is performed (Leondes, 

2000). 

CBR is an artificial intelligence (AI) approach that capitalizes on past experience to solve 

current problems. It may be viewed, simultaneously, as a research paradigm, as a , . 
perspective on human cognition and as a methodology for building practical intel1igent 

systems (Bichindaritz,& Marling, 2006). Case-based reasoning is a paradigm of artificial 
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intelligence, like neural networks, genetic algorithms, multi-agent systems, Bayesian 

networks, etc. 

eBR represents knowledge in the form of cases. To find solutions, case-based reasoning 

uses analogical reasoning, w~ich is the process of determining the outcome of a current 

problem by comparing input problems to similar past experiences. This analogical 

reasoning results in finding previous cases similar to the present problem and then 

adapting the previous solutions to fit the current problem (Pacharavanichet aI, 2000). 

As of (Salem , 2007), CBR means reasoning from experiences or "old cases" in an effort 

to solve problems, critique solutions, and explaining anomalous situations People tend to 

be comfortable using CDR methodology for decision making, in dynamically changing 

situations and other situations were much is unknown and when solutions are not clear. 

CBR is also an incremental and evaluative reasoning process since it acqui res experience 

every time when a new problem is solved. 

Cordier (2009) in his doctoral thesis mentioned that, one aspect that distinguishes CBR 

from other methodologies of the artificial intelligence domain is the fact that it is based 

on the reuse of experiences; solutions are reused rather than built up from theoretical 

knowledge. This type of reasoning is closer to the way humans sometimes think in real 

life 

, 
CBR systems are often seen as an alternative to rule-based expert systems because they 

avoid some shortcomings and problems of rule bases. The first problem of rule-based 

expert systems is knowledge acquisition. When we extract tacit knowledge from human 

experts, they cannot make list of hundreds of rules, because experts most often does not 

use rules in problem solving. The process of knowledge acquisition often results in 

incorrect rules. On the other hand, CBR tries to model human expert reasoning in a more 

natural way by collecting cases of problem solving experiences. The behavior of human 

expert is in no way matches that of a rule-based. The central feature of experti se is 

experiences. When confronted with a problem, an expert is reminded of previous similar 
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problems and their respective solutions. Even rules that the expert may be using are 

rooted in actual experiences, which have been distilled into a general formula of action. 

Thus, the basic unit of knowledge for an expert is not a rule but a case. Consequently, it 

is easy to acquire expert knowledge if the knowledge engineer asks for cases and 

experiences, rather than for rules (Leondes, 2000) 

The second problem of rule-based reasoning is lack of memory. For example, when a 

medical digenesis system is presented with a patient, it might use hundreds or even 

thousands of rules to reach ~ diagnosis. When presented exactly the same case again, it 

would have to reuse the same set of rules to reach the exact same conclusion. This lack of 

memory leads to computational inefficiency. A CBR system remembers its previous 

problem solving activities and can apply old solutions to the same problem without high 

computational costs (Leondes, 2000). 

The third problem of rule-based system is alleviated by CBR is scalability. Although 

RBS are easy to prototYRe, the move from small-scale to large-scale program is not linear 

(Alemu,2010). 

tn general, technology of CBR offers new and improved methodological approaches to 

the creation of intell igent systems. CBR provides the developer of intell igent systems 

with an ease of knowledge acquisition, learning capabilities that allow the system to 

evolve and improve from experiences, and robustness in its reasoning and problem­

solving processes. 

1.2. Statement of the Problem and its Justification 

Chronic medical conditi'ons are growing causes of death among people in developing 

countries. This situation is aggravated by the migration to the towns and cities of 

subsistence fanners and their families from the rural areas (Shtitaye and Watkins, 2004). 

The number of people with diabetes is increasing due to population growth, aging, 

urbanization, and increasing prevalence of obesity and physical inactivity (Wildet ai, 
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2004). Diabetes, though less common than in the wealthy countries such as those in 

Western Europe and North America, is not rare in Ethiopia (Shtitaye and Watkins, 2004). 

According to Ethiopian Diabetes Association (EDA), an estimated number of 246 

million people, or 5.9% of the world's population, in the age group 20-79 have diabetes 

worldwide in 2007. Of these, more than 70% live in the developing countries. In 

Ethiopia, the number of deaths attributed to diabetes reached over 21,000 in 2007. 

The study conducted by Shtitaye and Watkins (2004) indicated that access to care is a 

major problem which contributes to the poor diagnosis for people with diabetes in 

Ethiopia. These people have ·to travel long distances to the nearest medical center in order 

to obtain insulin and receive medical care. Most of the rural people with diabetes had to 

travel more than 40 km to reach their nearest hospital, 23% travelling more than 100 km 

and 13% over 180 km. 

The health status of the Ethiopia is extremely poor. Inadequate health-care infrastructure, 

atTordability, lack of adequate training and retraining of health care providers, and lack of 

education to the people living with diabetes and their families are main barriers to quality 

care for diabetes patients in Ethiopia. 

In developing countries, such as Ethiopia, chronic disease is a growing problem. These 
, 

problems are aggravated by the shortage of trained nurses, clinicians and health facilities. 

In 2000, there were 103 hospitals and 338 medical centres in Ethiopia. There are only 

two medical schools in Ethiopia and Ethiopians share fewer than three physicians per 

100,000 people (Tuso, 2009), 

With this worst fact of Diabetes in Ethiopia, application of KBSs in the domain is very 

critical. IT can be successfuJly integrated into the problem domain to support specialists 

in providing the intended treatment and consultation for diabetes patients. Therefore, this 

study is designed to build KBS prototype to this problem domain using CBR approach. 
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One of the intuitively attractive features ofCBR in medicine is that the concept of patient 

and disease lends itself naturally to a case representation. A biological system like the 

hwnan body is difficult to describe by general models of rules. Case-based reasoning is 
, 

particularly well adapted to the resolution of open problems for which the associated 

domain theory is weak or difficult to fonnalize which is open and unstructured. 

Specifically, case-based reasoning seems promising for diabetes management because 

there is a large experience base of assisting patients with problems in blood glucose 

control; and CBR can integrate numeric data, such as blood glucose readings with 

descriptive and personal preference data such as work schedules and lifestyle choices. In 

addition, diabetes management guidelines are general in nature, requiring personalization 

and CBR has been successfully applied to managing other chronic medical conditions. 

Management of diabetes is complex since physical and lifestyle factors frequently 

combine in complex ways t9 impact blood glucose levels in people with diabetes. This 

makes the diagnosis and treatment of diabetes to vary extremely from patient to patient in 

tenns of sensitivity to insulin, response to environmental and lifestyle factors, propensity 

for complications, compliance with physician'S orders, and response to treatment (The 

Patient Education Institute, 2010) and (Marling et al , 2007). Management of diabetes 

typically involves a considerable element of self-care, and advice should be aligned with 

the perceived needs and preferences of people with diabetes (NIHCE, 2008).Therefore, to 

provide individualized decision support that can help each patient to maintain good blood 

glucose control, the researcher proposed a CBR approach. 

Thus, to alleviate the above mentioned and other problems as well as to expand the 

diabetes treatment centers ail over the country, we should come across with alternative 

solution to control the harshness of the disease. This can be achieved only when the 

country's diabetes treatment service is assisted with knowledge-based systems and 

utilization of recent technolo~ies. 

In Ethiopia. there are researches done to investigate application of KBS in the area of 

medicine but some of them uses a rule based reasoning techniques. For instance in health 

area, Anteneh (2004) attempt to design a prototype knowledge based system for 
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antiretroviral therapy by using ru le based reasoning technique; Rediet (2006) developed a 

prototype of knowledge based system fo r HIV pretest counseling by using rule based 

reasoning. The other researcher Solomon (20 10) is also applied rule based reasoning for 

diagnosis of acute respiratory tract infections. Even though Rule Based Reasoning 

technique has some advantage in deve loping knowledge based system, it has drawback when 

it is applied to medical domain. One of the main limitations is that knowledge acquisition 

process in medica l domain is challenging and it is difficult to represent all the knowledge in 

the fonn of rules. 

Alemu (2010) tried to design a knowledge based system for AIDS resource center by 

using a case based reasoni~g approach. But his system tested using infonnal methods 

using one or two physician evaluations and the retrieval algorithm followed is not clear. 

This study is conducted with t~e aim oFfiliing the gap which is stated in the above section by 

investigating the case based reason ing approach in designing knowledge based system that 

can diagnosis and treat type II diabetes cases. Hence, thi s study is new and an alternative 

research reference for future researchers. 

1.3. Objective of the Study 

This research has the following general and specific objectives. 

1.3.1. General Olljeclive 

The general objective of this research is to investigate the potential of CBR Knowledge­

Based system that can assist experts in giving efficient treatment and consultation service 

for type II DMpatients. 

1.3.2. Specific Objectives 

To achieve the general objective, this study has the fo llowing specific objectives . 

• To review literatures on areas related to Knowledge-Based systems using CBR 

approach and available technologies. 
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• To acquire domain knowledge through unstructured interviews, discussions with , 

domain experts, physical observations, and document analysis at Dessie Referal 

Hospital. 

• To model the required knowledge for type II DM management. 

• To characterize the acquired cases, define case structure, and construct the case· 

base that contain relevant attributes 

• To design the KBS 

• To build a KBS prototype using CBR tool UCOLIBRI) 

• To evaluate the performance of the prototype using standard statistical methods 

and user evaluations. 

• To report the result, make conclusion, and forward recommendations for further , 
studies. 

1.4. Scope and Limitation of the Study 

There are a number of type" II DM patient treatments. It is challenging to incorporate 

exhaustively all treatments and drudge response managements. Due to shortage of time 

and other resources this study considered only basic treatments oral hypoglycemic agents 

(OHA) and insulin injection. To build a CBR system there are series of steps to be 

followed, case retrieval, case reuse, case revise and case retain. However, this research is 

mainly focused on development of a CBR prototype with case retrieval. 

, 
There was no ready made collection of case within the hospital so the researcher tracked 

cases when the patients come for treatment during their appointment at OPD. The 

researcher collected cases based on their accessibility not on quality, this creates 

coverage problem and has " impact on case retrieval performance of the prototype" 

Accessible cases has also completeness problem. They missed some attributes like 

weight, height, etc and attribute weighting during case structure construction was done 

manually with the help of domain experts. 
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1.5. Methodology of the Study 

Research methodology refers to the way in which we approach problems and seek 

answers (Steven and Robert, 1984). Other scholars define methodology as "the theory 

how inquiry should proceed" that involves "analysis of principles and procedures in a 

particular field of inquiry". In short, methodology presents "a theory and analysis of how 

research does or should proceed" (AAU, 2009). 

Scientific researchers must be systematic and follow series of steps and rigid standard 

protocols that emanate from methodologies. A methodology has guidelines as the 

benchmark for measuring the validity of the results obtained. There must be a clear 

procedure to replicate experiments and verified results (AAU, 2009). With this intuition, 

this research strictly fo llowed the following methods. 

1.5.1. Literature Review 

Different sources of information such as books, journals, magazmes, published and 

unpublished theses, proceedings and the Internet were referred to get depth conceptual 

understanding about the domain of diabetes. In addition, literature review enabled the 

researcher to look related research works in KBS development using CBR approach. 

1.5.2. Data Collection 

Cases were collected at outpatient department (OPD) from the patient history cards by 

consulting domain experts. The researcher conducted unstructured interviews and 

discussions with domain experts such as doctors, nurses, and other health care 

professionals for more elicitations of cases and to acquire the knowledge in the area. 

, 
1.5.3. Development Tool 

There are a number of tools to the model of CBR, like jCOLIBRI, Esteem, Caspian, 

CasePower, ReCall,ReMind , ART*Enterprise, Kate, Eclipse and Case Advisor. For this 

research jCOLIBRI is used as a development tool. The motivation of choosingjCOLIBRI 

is because of its features of flexibility and convenience (Iqbal andAshraf, 2006). The 
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researcher is also more familiarity with the tool. jCOLIBRI is an object-oriented 

framework in Java for building CBR applications. It is a software artifact that promotes 

software reuse for bui lding CBR systems, integrating the applicat ion of well proven 

software engineering techniques with a knowledge level description that separates the 

problem solving method that defines the reasoning process, from the domain model, that 

describes the domain knowledge (Recio-Garcia and Diaz-Agudo, 2004). 

1.5.4. Evaluation Mechanism 

The performance of the system was evaluated by domain experts' feedback and standard . . 

system performance evaluation methods of retrieval. To figure out the retrieval 

performance precision and recall were used. 

1.6. Significance of the Study 

Even thought the study conducted for academic purpose at Dessie Referal Hospital, it can 

be adapted to any diabetes treatment center and would have practical value to physicians 

and diabetic patients. Associations which fight against diabetes, like, Ethiopian diabetes 

association can abo use the result of this study to foster their service. The overall result 

of this research will contribute to the effort of improving and prolong the quality of life 

for people living with diabetes in general and reduce the harshness of the disease. Finally , . 
this research can serve as spring-bored for future researchers in the domain area. 
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CHAPTER TWO 

, LITERATURE REVIEW 

2.1. Diabetes Overview 

Diabetes is a chronic disease that occurs either when the pancreas does not produce 

enough insulin or when the body cannot effectively use the insulin it produces. Insulin is 

a hormone that regulates blood sugar. Hyperglycemia, or raised blood sugar, is a common 

effect of uncontrolled diabetes and over time leads to serious damage to many of the 

body's systems, especially the nerves and blood vessels (WHO, 2011). 

2.1.1. Global Prevalence of Diabetes 

According to the report 'of WHO (2011), globally, more than 220 million people have 

diabetes. In 2004, an estimated 3.4 million people died from consequences of high blood 

sugar. More than 80% of diabetes deaths occur in low- and middle-income countries. 

Diabetes was once considered a rare disease in sub- Saharan Africa. But in 20 10, over 12 

million people in sub-Saharan Africa are estimated to have diabetes, and 330,000 people 

will die from diabetes-related conditions. Over the next 20 years, it is predicted that sub­

Saharan Africa will have the highest growth in the number of people with diabetes of any 

region in the world - the 2010 estimated nwnber is predicted to almost double in 20 

years, reaching 23.9 million by 2030 (Diabetes Leadership Forum Africa, 2010). For 

example, in Ethiopia, diabetes patient in 2005 was 796,000 and this nwnber will reach to 

1,820,000 in 2030 (WHO, 2011). , . 

2.1.2. Diabetes Complication 

Diabetes and its complications have significant economic impact on individuals, families, 

health systems and countries' (WHO, 20 II). Diabetes more often affects people of lower 

socio-economic status who carry a greater disease burden for many reasons including 

limited access to or utilization of health care, poor nutrition, and optimal physical activity 

(WHO, 2006). 
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Diabetes can have a major impact on the physical, psychological and material well-being 

of individuals and their fami lies. As it is life-long disease diabetes can also have a 

profound impact on lifestyle, relationships, work, income, health, well-being, life 

expectancy. and health and social services (DH, 200 1). 

Access to appropriate diabetes care in sub-Saharan Africa is often extremely limited 

because of inadequate healthcare systems, shortage of doctors and nurses with adequate 
, 

training in diabetes diagnosis and treatment. In Ethiopia, there is no practice in raising 

awareness of a healthy lifestyle in the community, among young people and diabetes 

diagnosis among healthcare professionals. Besides, there is limited effort in developing a 

national diabetes program and reaching remote communities to offer medical checks and 

advice (Diabetes Leadership Forum Africa, 2010). 

2.1.3. Symptoms and Testing of Diabetes 

Typical symptoms of diabetes include excessive thirst, fatigue, frequent illness or 

infections, poor circulation, wounds that do not heal ; blurred vision, and weight loss. 

Many people with type II diabetes have no symptoms, and it is discovered after testing 

for other medical problems ·or through screening in persons at high risk of developing 

type II diabetes (Tropy, 2009). 

The fasting blood glucose test is the preferred test for diagnosing diabetes. The test is 

most reliable when done in the morning. However, a diagnosis of diabetes can be made 

based on any of the following test results, confinned by retesting on a different day 

(NIDDK,2008). 

• A blood glucose level of 126 mgldL or higher after an 8-hour fast. This test is cal led the 

fasting blood glucose test. 

• A blood glucose level of,200 mgldL or higher 2 hours after drinking a beverage 

containing 75 grams of glucose dissolved in water. This test is called the oral glucose 

tolerance test (OGIT) 
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• A random- taken at any.time of day- blood glucose level 0[200 mgldL or higher, along 

with the presence of diabetes symptoms. 

A range for a normal fasting blood sugar is between 60 and 99 mgldL. Levels between 

100 and 125 mgldL are considered pre-diabetic levels (The Patient Education Institute, 

2010). 

2.1.4. T reatment 

Diabetes can not be cured; however, it is possible to keep the level of sugar within the 

nonnal level (The patient education institute, 20 I 0). Before the discovery of insulin in 

1921, everyone with diabetes died within a few years after diagnosis. Although insulin is 

not considered a cure, its discovery was the first major breakthrough in diabetes , . 

treatment. The treatment and management of diabetes varies from patient to patient 

(NIDDK, 2008) .Management of the person with diabetes requires the skills of several 

professionals (general practitioner, specialist physician, diabetes educator, podiatrist, 

dietitian, ophthalmologist or optometrist, exercise professional and dentist) and the active 

participation of the patient (Diabetes Australia, 2010). 

A bad management of diabetes will produce micro complications (such as blindness, 

renal failure or polyneuropathy), and macro complications (such as gangrene and 

amputation, aggravated coronary heart disease or stroke). Therefore, main concern in the 

management of the diabetes is reducing the risk of a patient developing a new long-term 

complication and the 'risk's of progression in the complications already present 

(Acmengol, 2000). 

2.1.4.1. Non-drug T reatment 

Various literatures stress on healthy life style to keep the leve l of sugar normal within the 

body. As described by NlDDK (2008) and Tropy (2009), Eating right (changing what to 

eat, how much to eat and how often to eat), Physical exercise (walking for 30 minutes, 

ridding bicycles, swimming) and ensuring good hygiene are the basic non-drug therapies 

for type II DM. 
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2.1.4.2. Drug Treatment 

Multiple interventions and medications are needed to control the multiple risk factors 

associated with type II diabetes. According to Diabetes Australia (20 I 0), if a trial of 

healthy lifestyle after a few months is unsuccessful in controlling blood glucose in a 

person with type 11 diabetes; oral hypoglycemic agents (OHA) tablets can be used. , . 

Medication can be used early to decrease glucose levels and relieve symptoms. 

Metformin is the medication of first choice in people who is overweight or obese. 

Metfonnin reduces hepatic glucose output and insulin resistance. Metformin has been 

shown to significantly reduce the risk of diabetes related morbidity and mortality in 

overweight patients. Even if there are number of medications, if the patient is thin 

Glibenclamide (Daouit) is recommended. After five years most patients do not respond to 

tablets, so they need insulin. 

2.2. Artificial Intelligence 

Artificial intelligence is' the science and engineering of making intelligent machines, 

especially intelligent computer programs. Here the basic concept is intelligence. 

Intell igence is the computational part of the ability to achieve goals in the world. Varying 

kinds and degrees of intelligence occur in people, many animals and some machines 

(McCarthy. 2007). 

The target of Artificial Intelligence (AI) is to make computer behave intelligently. AI is a 

relatively new approach to some very old problems about the nature of mind and 

intelligence. It combines with and contributes to several other disciplines, including: 

psychology, philosophy, linguistics, biology, anthropology, logic, mathematics, computer 

science & software engineering (Sloman, 2002). , . 

The definition of Al varies along different scholars. Some concerned with the processes 

and others concerned with the ideal concept rationality (do the "right thing '~. According 

to Russell and Norving ( 2004) , AI systems are systems that think and act like humans . 

means "the exiting new effort to make computers think. ... machines with minds" or " 
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automation of activities that associated with human thinking, activities such as decision· 

making, problem solving. learning ... that require intelligence". AI systems also think 

and act rationally which means " the study of the computation that make it possible to 

perceive, reason and act and intelligent behavior in arti facts". 

AI has two main goals, scientific and engineering goals .Studying things that already 

exist or might exist, explaining how they work, searching for general principles relevant 

to understanding which is scientific goal. using that knowledge to solve practical 

problems, including making new useful kinds of machines, producing new forms of 
• 

entertainment, perhaps helping us manage ourselves better is engineering goal. AI uses 

computer science, just as physics uses mathematics, but Al is not computer science, just 

as physics is not mathematics. AI uses computers because they are the best available tool, 

not because they are the subject of study (Sloman, 2002). 

The use of artificial intell igence techniques for wide problem domains has been 

suggested in the literature for over a decade. Well known examples are legal reasoning, 

medical diagnosis and management. military tactical planning, software engineering, and 

related areas. These systems enhance the overall decision making processes by 

integrating general knowledge and individual past cases (Pacharavanich et ai, 2000). 

2.2.1. Artificial Intelligence in Medicine 

The modem study of artificial intelligence in medicine (AIM) is 25 years old. Throughout 

this period, the field has ~ttracted many best computer scientists, and their work 

represents a remarkable achievement. From the very earliest moments in the modem 

history of the computer, scientists have dreamed of creating an 'electronic brain'. Of all 

the modem technological quests, this search to create artificially intelligent (AI) 

computer systems has been one of the most ambitious. Intelligent computers able to store 

and process vast stores of knowledge, the hope was that they would become perfect 

'doctors in a box', assisting or surpassing clinicians with tasks like diagnosis. With such 

motivations, a small byt talented community of computer scientists and healthcare 

professionals set about shaping a research program for a new discipline called Artificial 
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Intelligence in Medicine (AIM). These researchers had a bold vision of the way AIM 

would revolutionize medicine, and push forward the frontiers of technology (Coiera, 

1996). 

AIM systems are by and large intended to support healthcare workers in the normal 

course of their duties, assisting with tasks that rely on the manipulation of data and 

knowledge. An AI system could be running within an electronic medical record system, 

for example, and alert a clinician when it detects a contraindication to a planned 

treatment. It could also alert the clinician when it detected patterns in clinical data that 

suggested significant changes in a patient's condition. 

Expert or knowledge-based systems are the commonest type of AIM system in routine 

clinical use. They contain medical knowledge, usually about a very specifically defined 
, 

task, and are able to reason with data from individual patients to come up with reasoned 

conclusions. 

According to Coiera (1996), there are many different types of clinical task to which 

expert systems can be applied. 

Generating alerts and reminders, real-time situations, an expert system attached to a 

monitor can warn of changes in a patient's condition. In less acute circumstances, it might 

scan laboratory test results or drug orders and send reminders or warnings through an e­

mail system. 

Diagnostic assistance, when a patient's case is complex, rare or the person making the 

diagnosis is simply inexperienced, an expert system can help come up with likely 

diagnoses based on patient data. 

Therapy critiquing and planning, Systems can either look for inconsistencies, errors and 

omissions in an existing treatment plan, or can be used to fonnulate a treatment based 

upon a patient's specific condition and accepted treatment guidelines. 

Image recognition and interpretation , many medical images can now be automatically 

interpreted, from plane X-rays through to more complex images like angiograms, CT and 
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MRI scans. This is of value in mass-screenings, for exanlple, when the system can flag 

potentially abnonnal images for detailed human attention. 

2.3. Knowledge-Based Systems (KBS) 

Knowledge-Based Systems are often called Expert Systems. Their goal is trying to solve 

the kinds of problems that nonnally require human experts. Pomykalski el af (1999) put a 

precise definition for expert systems as follows 

"An expertlknowledge-based system is a computer program that is designed to mimic the 

decision-making ability of a decision-maker(s) (i.e., expert(s» in a particular narrow 

domain of expertise." 

In order to understand the definition fu ll y, Pomykalski et af (1999) explain core points of 

the definition in the following manner. 

An expert/knowledge-based system is a computer program. A computer program is a 

piece of software, written by a programmer as a solution to some particular problem. 

An t:xpert/knowledge-bascd system is designed to mimic Ihe decision-making ability. The , . 

specific task of an expertlknowledge-based system is to be an alternative source of 

decision-making ability for organizations to use; instead of relying on the expertise of 

just one person who qualified to make a particular decision. An expertlknowledge-based 

system attempts to capture the reasoning of a particular person for a specific problem. 

ExpertJknowledge-based systems are often feared to be replacements for decision 

makers, however, in many organizations; these systems are used to "free up" the 

decision-maker to address more complex and important issues facing the organization. 

An expertlknowledge-based system uses a decision-maker(s) (i.e., expert(s). An expert 

can be defined as 

"One with the special skill or mastery of a particular subject" 

The target in the development of an expertlknowledge-based system is to acquire and 

represent the knowledge and experience of a person(s) who have been identified as 

possessing the special skill or mastery. 

18 



An expert/knowledge-based system is created to solve problems in a pal1icular narrow 

domain of expertise. The sense of this sentence restricts the tenn expert to a particular 

subject. Specific prob~em domain leads to successful expertlknowledge-based systems 

development. 

2.3.1. Structure of Knowledge-Bases System 

There are two main components of KBS: the Knowledge-Base and the reasorung 

mechanism. 

The Knowledge-Base contains domain knowledge, normally provided by human experts 

and very specialized fo,r a . Particular problem domain, in which domain knowledge, 

knowledge about knowledge, factual data, procedural rules, business heuristics are 

available. 

The inference engine infers new knowledge and utilizes existing knowledge for decision­

making and problem solving. The reasoning mechanism takes descriptions from the user 

about the problem to be solved, requests additional information from the user as needed, 

at the end interprets the Knowledge-Base to make inferences, draw conclusions, and 

ultimately give adviee (Sajja, 2008).Abraham (2005) also mentioned, the inference 

engine must find the right facts, interpretations, and rules and assemble them correctly. 

Pomykalski el of (1999) described, the above two components are contained in the kernel 

of the expert system. They are basic and the requ ired components for all expert systems. 

These components are identified as a fact base, a rule base and an inference mechanism. 

The fact base and the rule b~e combine to be the Knowledge-Base for the kernel. 
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Fig. 2.1 structure of Knowledge-Bases system adopted from (Ajith, 2005) 

Sajja(2008) and Pomykalski et al (1999) said, the "Knowledge-Base acquisition" facility 

process is used by the expert system to acquire new facts and rules associated with its 

specific domain. It is through this process that capabilities can be added to or subtracted 

from the expert systen,. Associated with this process is the concept of knowledge 

engineering. This is the process whereby knowledge from an expert or group of experts 

or other :sources such as books, procedure manuals, training guides, etc. are gathered, 

formatted, verified and validated, and input into the Knowledge-Base of the expert 

system, The overall purpose of the knowledge acquisition facility is to provide a 

convenient and efficient means for capturing and storing all components of the 

Knowledge-Base. 

The "user interface" is used to make communication between users and the Knowledge­

Bases system in a more friend ly way. Very often specialized user interface software is 

used for designing, updating, and using expert systems. The overall purpose of the user 

interface is to ease use 'of ihe expert system for developers, users, and administrators 

(Abraham, 2005). 

The "explanation" is used by the expert system to provide to the user a reasoned history 

of its actions and/or recommendations. It allows a user to understand how the expert 

system arrived at certain results or provide justification for the decision taken. 
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2.3.2. Knowledge-Based Systems Development 

Building, validating, and maintaining a Knowledge-Base is a skill (art) called knowledge 

engineering follows much the same path of any other software product. Different 

literatures give different names to major steps in KBS development. For example 

according to Abraham (2005) ,determining requirements, knowledge acquisition, 

constructing expert system components, implementing results, and formulating a 

procedure for maintenance and review are major tasks in KBS development. Pomykalski 

el at (1999) named these,steps to somewhat in different way as follows: 

• Problem Selection 

• Knowledge Acquisition 

• Knowledge Representation 

• Implementation 

• Testing, Verification, Validation, Evaluation 

• Maintenance. 

Detailed activitit::s of each steps in both literatures is much simi lar, it is just a mater of 

naming. Majority of this section discussion look from Pomykalski et ol (1999) and 

Abraham (2005). 

Problem selection 

In software development and scientific research, the most critical step is choosing the 

problem. Especiall y in the area of knowledge engineering, problem selection is critical. 

Finding a problem of the proper scope is especially imprint in KBS development, since 

KBS solve problems in a "particular narrow domain." If the domain is too large 

acquisition of the proper knowledge becomes an overwhelming task, if the domain is too 

small, the solution looks trivial. A good problem to solve is one that is cognitive in nature 

and sufficiently complex, has the support of management and users. Another critical 

factor in the development of a KBS is having an expert to work with the knowledge 

engineering team. The expert must be cooperativ~, articulate, and considered 

knowledgeable by others in the company. Involvement of domain area personnel is also 
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critical for successful development of KBS. It is essential to have the support of the 

people (users and managers) for whom the system is being developed. Domain area 

personnel have to be involved at every step of the development process. By involving the 

users and managers in the process, we can significantly increase the chances of the final 

system being a product that is useful and potentially cost-effective for the organization. 

Knowledge Acquis ition 

Knowledge acquisition is the most important process in the development of expert 

system. To get knowledge into a computer program we must acquire it from some 

source. There are two major sources of knowledge is KBS development: experts and 

documents. Both sources have advantages and disadvantages, although human experts are 

almost always preferred. Experts tend to be more current and have a broader range of 

knowledge than documeJ,1ts. They also can respond to questions and provide different sets 

of examples. However, their time is expensive and unless they support the project, they 

can work against the goals of the expert systems development. In some cases, expertise 

may have been lost, and the developer must rely on documents. Documents are generally 

cheaper to acquire and use. However, they typically have limited amounts ofinfonnation 

and what they have is not always completely relevant. 

Knowledge Representation 

The third phase in KBS development is knowledge representation. The major objective in 

this phase is to take the acquired knowledge and translate it into machine-readable fonn. 

There are many different methods of knowledge representation in KBS development, the 

two most popular once to represent knowledge are rules and cases. 

Implementation 

It is, actually taking the kno.wledge and putting into some computer code. This can be 

accomplished three different ways: using a conventional programming language (BASIC, 

Pascal, C, C+, Java), using a programming language design for Artificial Intelligence 

programs (PROLOG or LISP), or using a KBS progranuning environment known as a 

shell GCOLIBRI) that allow non-programmers to implement KBS applications. 
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Testing, Verification, Validation, Evaluation 

An important component of any software development effort is the testing and evaluation 

of the software system (solution) to ensure correctness of the outputs and user satisfaction 

with the product in solving the given problem. Since knowledge-based systems are 

software solutions to problems then the importance of testing and evaluation cannot be 

minimized. 

Maintenance 

Maintenance is often a major issue for any software system. Much of the knowledge in a 

KBS is (or potentiall y can be) changing constantly and these knowledge units need to be 

updated. This problem of maintaining an evolving Knowledge-Base has been referred to 

sustaining the Knowledge-Base rather than maintaining. Sustenance of a KBS requires a 

steady upkeep of the cases (or whatever knowledge representation mode is used). Care 

must be taken in order to ensure that the total knowledge of the Knowledge-Base has 

been upgrade and not degraded by changes. 

2.3.3. Knowledgc~Base System Designing Approaches 

Different approaches have been used to develop a KBS. Among those different 

approaches, RBR and CBR are the most familiar and well known approaches. 

Rule-based approach 

Conventional rule-based expert systems use human expert knowledge to solve real-world 

problems that normally would require human intelligence. Expert knowledge is often 

represented in the form of rules or as data within the computer (Abraham, 2005). In a 

rule-base Knowledge-Based system the knowledge of the domain is captured 

(represented) by production rules. 

A rule-based system used of· if-then rules to encode the knowledge into the system. These 

if-then rule statements are used to fonnulate the conditional statements that comprise the 

complete Knowledge-Base. A single if-then rule assumes the form 'if x is A then y is B' 
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and the if-part of the rul~ 'x ·is A' is called the antecedent or premise. whi le the then-part 

of the rule 'y is B' is called the consequent or conclusion. 

2.4. Case-Based Reasoning (CBR) Approach 

2.4.1. Historical BaCkground 

The field of Case-based Reasoning (CBR) has a relatively young history and has its 

origin in research being done in cognitive science. The earliest contributions in this area 

were from Roger Shank and his colleagues at Yale University (LUtzelschwab, 2007). 

They proposed that our general knowledge about situations is recorded as scripts that 

allow us to set up expectations and perform inferences. Scripts were proposed as a , . 

structure for conceptual memory describing information about stereotypical events such 

as, going to a restaurant or visiting a doctor. However, experiments on scripts showed 

that they were not a complete theory of memory representation - people often confused 

events that had similar scripts (Watson and Marir, 1994). 

As mentioned by Cordier (2009), the multiplicity and wide diversity of scripts make it 

difficult to organize them as a structured memory. Shank thus proposes MOPs (Memory 

Organization Packets) which enable the organization of scripts into packets to store and 

find them more easily. It is then possible, via the MOPs, to generalize and specialize the 

scripts and thus to organize them hierarchically. The scripts existing in MOPs can be 

remembered and adapted to >be reused in any situation. The notion of adaptation is very 

important, since it is rare to find a script which fits perfectly a given situation. 

Other trails into the CBR field has come from the study of analogical reasoning, and -

further back - from theories of concept formation, problem solving and experiential 

learning within philosophy and psychology. For example, Wittgenstein observed that 

'natural concepts', Le. concepts that are part of the natural world - such as bird, orange, 

chair, car, etc. - are polymorphic. That is, their instances may be categorized in a variety 

of ways, and it is not possible to come up with a useful classical definition, in tenns of a 

set of necessary and sufficient features, for such concepts. An answer to this problem is 
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to represent a concept extensionally. defined by its set of instances - or cases (Aamodt 

and Plaza, 1994). 

Again Aamodt and Plaza (1994) described that; the fi rst system that might be called a 

case-based reasoner was th~ CYRUS system, developed by Janet Kolodner, at Yale 

University. CYRUS was based on Shank's dynamic memory model and MOP theory of 

problem solving and learning. The case memory model developed for this system has 

later served as basis for . several other <;ase-based reasoning systems (including 

MEDIATOR, PERSUADER, CHEF, JULIA, CASEY). 

As mentioned in Uitzelschwab (2007), Various CBR workshops were organized in 1988, 

1989, and 1991 by the U.S. Defense Advanced Research Projects Agency (DARPA). 

These events are considered to have formally created the discipline of Case-based 

Reasoning. In 1993, the first European workshop on Case-based Reasoning (EWCBR-93) 

was held in Kaiserslauten, . Germany. Since then, many international workshops and 

conferences on CBR have been held in different parts of the world . Other major artificial 

intelligence conferences, such as ECA! (European Conference on Artificial lnteliigence), 

IJCAl (International Joint Conference on Artificial Intelligence), have also had CBR 

workshops as part of their regular programs. 

After these critical events, the fundamental principles have been more clearly defined and 

numerous industrial and experimental applications have demonstrated its usefulness. 

However, many perspectives for research are still open, with regard to implications in 

cognitive sciences and also possible applications in artificial intelligence (Cordier, 2009). 

, 
2.4_2. Pervious CBR Systems in Medicine 

The application of IT research and development to support health and medicine is an 

emerging research area with significant potential. Major initiatives to improve the 

quality. accuracy and timeliness of health care data and information delivery are emerging 

all over the world. Since the advent of artificial intelligence in the 1970's which saw the 

birth of expert systems, various domains havf: taken advantage of this technology. The 
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most popular application has been in the area of health and medicine. MYCIN, developed 

in 1970 at the Stanford University, is one of tile most popular medical expert system used 

to assist to diagnose and treat blood diseases. MYCfN was the pioneer in demonstrating 

how a system can be used to successfully perform medical diagnosis. Another Early 

expert system is Patient Care Expert System (PACE) which was conceived in 1977 with 

the purpose being to make "intelligent selections" from the overwhelming and ever 

changing infonnation related to health in order to faci li tate patient care (Masizana­

Katongoel ai, 2009). 

In the late 1980's, followed by ground laying work done by Koton, and Bareiss, CBR 

appeared as an interesting alternative for building medical Al applications, and has since 

been further established in the field. Certainly, one of the intuitively attractive features of 

CBR in medicine is that the concept of patient and disease lends itself naturally to a case 

representation (Nilsson and SoHenhorn, 2004). 

In medicine, CBR has mainly been applied for diagnostic and partly for therapeutic tasks. 

One of the earliest medical expert systems that used CBR techniques is CASEY. CASEY 

diagnosed heart failure patients by comparing them to earlier patients whose diagnoses 

were known. It incorppraled and extended an earlier model-based system, which 

diagnosed heart failures based on a physiologic model of the human heart. A diagnosis, in 

CASEY, was represented as a graph, showing the causality among the different 

symptoms and features of a patient (Bichindaritz and Marling, 2006). CASEY stores a 

large amount of information In its cases. In addition to all observed features, it retains the 

causal explanation for the diagnosis found, as well as the list of states in the heart failure 

model for which there was evidence in the patient (Amadot and Plaza, 1994). 

PROTOS was another early CBR system, which diagnosed audio-logical disorders. 

PROTOS incorporated the knowledge of an expert audiologist and approximately 200 

actual patient cases. A diagnosis in PROTOS was a categorical label , assigning a new 

patient to one of a nurrlber' of pre-specified diagnostic categories. A new patient was 
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effectively classified as having the same diagnosis as other similar past patients 

(Bichindaritz and Marling, 2006). , . 

There are other early CBR influential systems in the health sciences (Bichindaritz and 

Marling, 2006). MEDIC diagnoses pulmonary disease. FLORENCE assists with nursing 

diagnosis, prognosis and prescription; ALEXIA determines a patient' s hypertension 

etiology. ROENTGEN helps to design radiation therapy plans, MacRad helps to interpret 

radiological images, HPISIS diagnoses degenerative brain diseases, MNAOM IA supports 

diagnosis, treatment and research for psychiatric eating disorders and ICONS adv ises 

physicians about antibiotics to prescribe for patients with bacterial infections. 

2,4.3. CBR in Diabetes Management 

The first research projed to investigate CBR for diabetes management was the Telematic 

Management of Insulin-Dependent Diabetes Mellitus (T- IDDM) project. The goals of 

this project were to support physicians in providing appropriate treatment for maintaining 

blood glucose control, pr<;>vide remote patients with tele- monitoring and tele­

consultation services, and provide cost-effective monitoring of large numbers of patients 

and support patient education (Marling eJ aI, 2007). Both research and the practical 

application of CBR in the health sciences are currently experiencing rapid growth and 

development. 

2.4.4. CBR General Overview 

Case-based reasoning ' (CBR) is a paradigm of problem-solving which uses past 

experiences to solve new problems. Case-based reasoning is a paradigm of artificial 

intelligence, like neural networks, rule-based reasoning, genetic algorithms, multi-agent 

systems, Bayesian networks, etc. (Cordier, 2009). In the early 90s, CBR appeared as an 

interesting alternative to the rule-based systems which were beginning to show their 

limits. Especially appropriate when the number of rules needed to capture an expert's 

knowledge is unmanageable or when the domain theory is too weak or incomplete 

(Lopez, 2001). 
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CBR solves new problem by remembering previous similar situation and also reuse 

information and knowledge of that situation. In CBR, new problem are often similar to 

previously encountered problem and the current solution mostly based on past solution. 

In CBR, experiences are stored in cases. The case-based on pervious experience is that it 

can be used for future problems solving, and can referred to past case, stored or retained 

case (Iqbal and Ashraf, 2006). Describe reasoning by reusing past cases is the most 

strong and common applied way to find or to solve problem of human. 

CBR is used when generalized knowledge is lacking. The method works on a set of cases 

formerly processed and store.d in a case base. A new case is interpreted by searching for 

similar cases in the case base. Among this set of similar cases the closest case with its 

associated result is selected and presented as the output (Pemer, 2008). 

As stated by Pacharavanich el af (2000), the quality of case-based reasoning's solutions 

depends on three fundamental factors. The first one is the number of well-defined cases 

stored in the system. The other one is the ability of the system to recall experiences by 

using an index and to. interpret the new situation in temlS of those experiences. 

Adaptation of an old solution to meet the demands of a new situation is another factor. 

We will see each of them in later sections. 

As compared with RBR, CBR has several advantages. Cordier (2009), Iqbal and Ashraf 

(2006) and Pacharavanich el al (2000) found that the following are rewards of CBR. 

• Reducing the knowledge acquisition task 

The knowledge acquisition task of CBR consists of collection of relative past cases, and 

their representation and storage. CBR tries to model human expert reasoning in a more 

natural way by collecting cases of problem solving experiences. In the rule-based 
, . 

systems, knowledge acquisition is necessary by extracting a set of rules. 

• Avoiding repeating mistakes made in the past 

In CBR, system failure, system success, as well as reason to system failures are recorded. 

Tilis information about cause of the failure is used in the future for reducing the failure 
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outputs. It captures and indexes its past mistakes. Moreover, it prov ides a warn ing to the 

reasoner so that helshe can avoid those past failures. 

• Reasoning in domains that have not been fully understood, defined or modeled 

CBR system can still be developed by only adding small set of causes from the domain, 

in situation where too insufficient knowledge exists to build a causal model . 

• Providing flexibility in knowledge modeling 

CBR systems used past experience as domain knowledge and can provide reasonable 

solution, appropriate solution through adaptation. But, modeled base like rule-based 

systems, due to their rigidity in the problem fonnulation and modeling, they can not solve 

problems when they encounter some missed data. 

• Making prediction of the probable success of proffered solution 

In CBR, the past solution for a case is stored in the case-base for future usc. Based on that 

stored information case-based reasoner may be able to predict success of solution for 

current problem. 

• Learning over time 

CBR is competent over time. The level of success tested and determined in the real 

world, these solutions can be added to case bases to solve the future problems. 

• Reasoning with incomplete or imprecise data of concept 

The retrieved cases are not may be very similar solution to the current case. When they 

are within some defined potential of similarity to the present case any drought and 

incompleteness can be deal by Case-Based reasoner. These factors have a little impact on 

performance, because the increasing lack of similarity between the current and retrieved 

cases. 
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• Avoiding repeating all the steps that need to be taken to arrive at a solution 

Case· based reasoning is an efficient reasoner. It solves problems by adapting old 

solutions without any need to derive answers from scratch each time 

• Providing a means of explanation 

CBR systems can explain solution to user by explaining how pervious case was 

successful in that situation, by using similarities between the cases. The case.based 

reasoning explanation facil ities allow the system to explain why the current problem is 

similar to or different from a set of cases drawn from its database. These explanations are 

important for bui lding users' confidence and for helping novices learn from past 

experiences. 

• Extending to a broad range of domains 

CBR can be applied on various numbers of application domains. This is due to the 

appearing of unlimited number of ways representing, indexing, adapting and retrieving 

cases. 

• Maintaining 

Maintaining CBR system is easier than rule·based system since adding new knowledge 

can be as simple as adding a new case. 

2.4.5. The CBR Process 

In CBR tenninology, a case usually denotes a problem situation. A previously 

experienced situation, which has been captured and learned in a way that it can be reused 

in the solving of future problems, is referred to as a past case, previous case, stored case, 

or retained case. Correspondingly, a new case or unsolved case is the description of a 

new problem to be solved. Case-based reasoning is a cyclic and integrated process of 

solving a problem, learning from this experience, solving a new problem, etc (Aamodt 

and Plaza, 1994). 
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The principle of CBR, reusing a past problem·solving experience to solve a similar 

problem, is simple, but the implementation of this principle remains complex and raises a 

certain number of questions. How do we represent an experience? What is a similar 

problem? How do we reuse an experience and adapt it to the present situation? What can 

be retained from a specific problem·solving experience? In order to answer these 

questions there are knowledge engineering tasks and issues which are crucial in 

developing the CBR-based systems. (Aamodt and Plaza, 1994) have described CBR 

typically as a cyclical process comprising the four REs: 

• RETRIEVE the most similat case 

• REUSE the case to attempt to solve the problem 

• REVISE the proposed solution if necessary, and 

• RETAJN the new solution as a part of a new case 

A new problem is matched against cases in the case· base and one or more similar cases 

are retrieved. A solution suggested by the matching cases is then reused and tested for 

success. Unless the retrieved case is a close match the solution will probably have to be 

revised producing a new case that can be retained 

Con(irmec 
Solution 

SuggestecJ 
Solution 

Figure 2.2: ACBR cycle according to Amadot and Plaza~ 1994 
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An initial description of a problem (top of figure) defines a new case. This new case is 

used to RETRIEVE a case from the collection of previous cases. The retrieved case is , . 

combined with the new case - through REUSE - into a solved case, i.e. a proposed 

solution to the initial problem. Through the REVISE process this solution is tested for 

success, e.g. by being applied to the real world environment, and repaired if failed. 

During RETAIN, useful experience is retained for future reuse, and the case-base is 

updated by a new learned ca<;e, or by modification of some existing cases. 

This cycle currently rarely occurs without human intervention. For exanlple many CBR 

tools act primarily as case retrieval and reuse systems. Case revision (adaptation) is often 

being undertaken by managers of the case base. However, it should not be viewed as 

weakness of CBR that it encourages human collaboration in decision support (Watson 

and Marir, 1994). The fo llowing sections will outline how each process in the cycle can 

be handled. 

2.4.5.1. Case representation 

A case is a contextualized piece of knowledge representing an experience. It contains the 

infonnation which is content of case and situation where that infonnation or experience 

can be used. Different type of data can be stored in a case (Iqbal and Ashraf, 

2006).According to Watson and Marir (1994) a case comprises: 

• the problem that describes the state of the world when the case occurred 

• the solutioll which states the derived solution to that problem 

• the outcome which describes the state of the world after the case occurred 

A Problem is usually described by what the goals, the constraint on the goal, the feature 

of the problem context, and the interrelationship between these parts. In short it consists 

of a set of attributes and values, That attributes predict a solution. The solution can be a 

diagnosis, a design a plane, an action or a combination. In the solution part of a case, 

CBR systems have included the foHowing (Leondes, 2000): 

• the solution 

• reasoning steps taken to solve the problem 
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• justification for deci sion made 

• alternative solutions that were not used 

• unacceptable solutions that were rejected 

• Exceptions ofwh'at would happen if the solution were to be app lied. 

Depending on what is included in a case, the case can be used for a variety of purposes. 

Cases which comprise problems and their solutions can be used to derive solutions to 

new problems. Cases comprising problems and outcomes can be used to evaluate new 

situations. If, in addition, such cases contain solutions they can be used in evaluating 

proposed solutions and anticipating potential problems before they occur (Salem, 2007). 

There is a lack of consensus within the CBR conununity as to exactly what infonnation 

should be in a case. But, a case should represent two things: functionali ty of infonnation 

and the easiest way in w~ich. infonnation is obtained in case (Watson and Marir, 1994). 

Iqbal and Ashraf (2006) noticed that, whenever we want to choose representation fonnat 

of a case, we have to keep in mind certain factors 

• Language or shell in which we have to implement CBR system. Selection of 

shell may reduce number of fonnats for case representation. 

• Indexing and search mechanism. Format of case should be selected according to 

search mechanism. Case [annat should be able to interact with mechanism easily 

• Type or structured associated with content. These types must be avai lable in case 

representation 

In addition, when, we want to choose fonnat for case representation. Cases also have to 

be structured for effici~nt ~ase retrieval. There are two types of structures (memory 

models. Structures types are Common Structure and Hierarchal Structure. The Hierarchal 

Structure (Amadot and Plaza- 1994) called it called 'episodic memory organization. The 

basic idea is to organize specific cases which share s imilar properties under a more 

general structure (a generalized episode). Memory model fo r chosen [ann o f case 

representation depend on fo llowing factors: 
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• Representation used in case base. 

• Number of features that are used to match cases during search. 

• Number and complexity of cases. 

2.4.S.2. Case Indexing 

The CBR system derives its power from its ability to retrieve re levant cases quickly and 

accurately from its memory. Index is computational data structure can be held in 

memory. Figuring out when a case should be selected for retrieval in similar future 

situat ions is the goal of the case indexing. Case indexing involves assigning indices to 

cases to facilitate their retrieval (Salem, 2007). 

A case description contains the features of the problem that were significant in reaching 

the solution and in explaining why a solution was reached. These features of the case are 

used for indexing, which will al low the CBR system to retrieve cases from memory. Not 

all features are used in indexing for retrieval but may provide contextual information 

useful to the user (Leondes, 2000). Hence, according to Iqbal and Ashraf (2006) 

information in a case can be two types: 

I. Indexed information used for retrieval. 
, 

2. Unneeded infonnation that may provide information to user but not used in retrieval. 

For instance in medical systems, where patient's age, sex, height and weight can be uses 

as index features. That information is helpful for future retrieval. Patient's photograph 

can be includes as an unneeded feature. That can't be use in retrieval. Picture may be 

helpful for doctor to remind patient. 

Indices should: 

• be predictive 

• address the purposes the case will be used for 

• be abstract enough to allow for widening the future use of the case-base 

• be concrete enough to be recognjzed in future 

In general, the case indices should link the case with its purpose, should not be too 

specific or too general, should expand to include new cases, and should help predict new 
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information. If the indices are not specific enough, too many cases will be retrieved. On 

the other hand, if the indices are too narrow, cases that could solve the problem may be 

overlooked. An example of a predictive feature is medical CBR system that predicts heart 

disease risk by looking at fami ly histories. This feature may be used to predict that the 

patient is at a higher risk fo.r a particular risk. It is important to note that the indices 

chosen for a case-base depend on the problem solving context (Leondes, 2000). 

Both manual and automated methods have been used to select indices. Choosing indices 

manually involves deciding a case's purpose with respect to the aims of the reasoner and 

deciding under what circumstances the case will be useful (Iqbal and Ashraf, 2006).As 

described by Watson and Marir (1994) there are an ever increasing number of automated 

indexing methods including . 

• Indexing cases by features and dimensions that tend to be predictive across the entire 

domain i.e., descriptors of the case which are responsible for solving it or which 

influence its outcome. In this method the domain is analyzed and the dimensions that 

tend to be important are computed. These are put in a checklist and all cases are indexed 

by their values along these dimensions. For example, MEDIATOR uses thi s method by 

indexing on type and function of disputed objects and relationship of disputants, whilst 

CHEF indexes on texture and taste. This kind of technique is call ed checklisl-based 

indexing. 

• Difference-based indexing selects indices that differentiate a case from other cases. 

During this process the system discovers which features of a case differentiate it from 

other similar cases, choosing· as indices those features that differentiate cases best. 

• Similarity and explanation-based generalization methods, which produce an appropriate 

set of indices for abstract cases created from cases that share some common set of 

features, whilst the unshared features are used as indices to the original cases 

• In inductive learning method, features are identified which latterly uses as an indexes. 

These techniques are widely used (e.g., in Cognitive system's ReMind) and commonly 

use variants of the 103 algorithm used for rule induction. 
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• Explanation-based techniques, which detennine relevant features for each case. This 

method analyses each case to find which of their features predictive ones are. Cases are 

then indexed by those features. 

Despite the success of many automated methods, people tend to do better at choosing 

indices than algorithms, and ' therefore for practical applications indices should be chosen 

by hand. 

Good indexing is not enough when the case memory is large. Good organization of the 

memory is necessary because a simple linear organization, like a list, is very inefficient 

for retrieval purposes (Lopez, 2001).One of the representation problems in CBR is 

deciding how the case memory should be organized and indexed for effective retrieval 

and reuse. This leads us to the problem of problem of how to integrate the case memory 

structure into a model of general domain knowledge (case storage). 

Case storage is an important aspect in designing efficient CBR systems in that, it should , . 

reflect the conceptual view of what is represented in the case and take into account the 

indices that characterize the case. The case-base should be organized into a manageable 

structure that supports efficient search and retrieval methods. Building a structure that 

will return the most appropriate case is the goal of the case memory organization process 

(Watson and Marir, 1994). 

A balance has to be found between storing methods that preserve the semantic richness of 

cases and their indices and methods that simplify the access and retrieval of relevant 

cases. These methods are usually referred to as case memory models. The two most 

influential case memory models are the dynamic memory model of Schank and 

Kolodner, and the categbry":exemplar model of Porter and Bareiss (Amadol and Plaza, 

1994). 
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2.4.5.3. The Dynamic M emory Model 

The case memory in this model is a hierarchical structure of what is called 'episodic 

memory organization packets' (E-MOPs), also referred to as generalized episodes (GE) 

developed from Scbank's more general MOP theory. The first system that may be 

referred to as a case-based reasoner was CYRUS, based on dynamic memory model 

(Amadot and Plaza, 1994). 

According to (Watson and Marir, 1994) and (Amadot and Plaza, 1994), MOPs are a fonn 

of frame and are the basic unit in dynamic memory. They can be used to represent 

knowledge ahout classes of events using two kinds of MOPs: , . 
• instances representing cases, events or objects, and 

• abstractions representing general ized versions of instances or of other abstractions 

The basic idea is to organize specific cases which share similar properties under a more 

general structure (i.e., a generalized episode). A GE contains three different types of 

objects: norms, cases and indices. Norms are features common to all cases indexed under 

a GE. Indices are features which discriminate between a GE's cases. An index may point 

to a more specific generalized episode or to a case, and is composed of an index name 

and an index value. 
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Figure 2.3: Structure of cases and generalized episodes adopted from Amado. and 

Plaza-1994 

The case-memory is a discrimination network where nodes are either a GE, an index 

name, index value or a case .. Index name-value pairs point from a GE to another GE or 

case. The primary role of a GE is as an indexing structure for storing, matching and 

retrieval of cases. During case storage when a feature (i.e., index name and index value) 

of a new case matches a feature of an existing case a new GE is created. The two cases 

are then discriminated by indexing them under different indices below the new GE 

(assuming the cases are not identical). Thus, the memory is dynamic in that similar parts 

of two cases are dynamically generalized into a new GE, the cases being indexed under 

the GE by their differenc,es . . 

However, this process can lead to an explosive growth in the number of indices as case 

numbers increase. So for practical purposes most CBR systems using this method limit 

the number of permissible indices to a limited vocabulary. 
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2.4.5.4. The category·exemplar model 

This model is an alternative way to organize cases in a case memory. Cases are also 

referred to as exemplars. The psychological and philosophical basis of thi s method is the 

view that 'real world', natural concepts should be defined extensionally. Further, different 

features are assigned different importance in describing a case's membership to a 

category. 

The indices are of three kinds: Feature links pointing from problem descriptors (features) 

to cases or categories (called reminding), case links pointing from categories to its 

associated cases (called exemplar links), and difference links pointing from cases to the 

neighbor cases that only differs in one or a small number of features. A feature IS, 

generally, described by a name and a value. 

A feature is described by a name-value pair. A category's exemplars are stored 

according to their degree of prototypically to the category. Within thi s memory 

organization, the categories are inter-linked within a semantic network containing the 

features and intermediate states referred to by other terms. This network represents a 

background of general dbmain knowledge that enables explanatory support to some CBR 

tasks. A new case is stored by searching for a matching case and by establ ishing the 

relevant feature indices. If a case is found with only minor differences to the new case, 

the new case may not be retained, or the two cases may be merged. 

2.4.5.5. Case Retrieval 

Reminding is the most important component of reasoning though cases; to reason a 

person or computer must be reminded of the appropriate case at the right time. To learn, a 

new experience must be integrated into memory, and, possibly, old experience must be 

reevaluated and re-indexed. The recall of case in CBR is called retrieval (Leondes, 2000). 

The most basic problerps i.n CBR are the retrieval and selection of cases since the 

remaining operations of adaptation and evaluation will succeed only if the past cases are 

the relevant (Lopez, 2001). Case retrieval is a process of finding cases which are closest 

to current case. Given a description of a problem, a retrieval algorithm, using the indices 
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in the case-memory. sh~ul~ retrieve the most similar cases to the current problem or 

situation. The retrieval algorithm relies on the indices and the organization of the memory 

to search to a set of cases that are sufficiently similar to the new case - given a similarity 

threshold of some kind. and the selection task works on this set of cases and chooses the 

best match (Watson and Marir, 1994). 

During retrial , each case must be compared with the current problem and be assigned a 

degree of similarity. Then the retrieving program will select the cases with the highest 

degree of similarity. To retrieve a case from memory, a CBR system must decide whether 

it is the most appropriate one for the current situation. This is called similarity 

assessment. 

2.4.5.5.1. Similarity assessment 

Structural similarity 

The simplest method for computing similarity is to look at structural similarity between 

the current problem and a case. Symbolic values are index values that are textual and not 

numerical. The simplest definition of similarity between symbolic valucs is to demand an 

exact match (Leondes, 2000). Though computationally expensive because it relies on 

extensive use of domain knowledge, retrieval based on structural similarity has the 

advantage that more relevant cases may be retrieved (L6pezet aI, 2005). 

The biggest problem here IS to detennine the weights of the features. The weights 

assigned to case attributes allow them to have varying degrees of importance and may be 

selected by a domain expert or user. This weight indicates the significances of the feature 

to retrieval. After we determine the weight of each feature, we need to compute a 

similarity value for the whole case. Usually this is done with nearest neighbor method. 

L;_t WI X Si11l(J/,j,R) 

L~-l WI 

A Nearest Nciighbor Algorithm adopted from-(Watson and Mul"ir, 1994) 
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Where w is the importance weighting of a feature, sim is the similarity funct ion, andj1 

and jR are the values for feature i in the input and retrieved cases respectively. 

The limitations of this approach include problems in converging on the correct solution 

and retrieval times. In general the use of this method leads to the retrieval time increasing 
, 

linearly with the number of cases. Sequentially processing all cases in memory has 

complexity 0(0), where n is the nwnber of cases. This may nOl be an acceptable 

overhead if n is very large. Therefore this approach is more effective when the case·base 

is relatively small (Watson and Maric, 1994). 

Functional similarity 

Leondes (2000) explained, Structural similarities and dissimilarities are not relevant in 

determining actual case similarity. In such cases we need to look at funct ional similarity, 

that is whether the old case can solve the current problem, rather than whether it look like 

the current problem 

The following table shows as how functional similarity is work. This example is adapted 

from CASEY's functional similarity assessment function. CASEY used functional 

similarity, not rely on structural similarity, but needed a deep model of causal relation of 

heart disease. 

Old case Current problem 

Age 72 65 

Gender Male Male 

Pulse rate 96 90 

Pulse Normal Slow rise 

Temperature 98.7 98.4 

Chest pain Angina Angina 

Calcification None Mitral & aortic 

cough Ascent Ascent 

Table 2. t: functional sim ilarity assessment taken from CASEY, adopted from (Leondes, 2000). 
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Looking at the diagnosis of the old case, CASEY noticed that the patient was diagnosed 

with aortic valve disease. CASEY also noticed that aortic valve disease may have aortic 

and mitral calcification and a slow rising pulse. So, although the values for the features 

pulse and classification do not match, they can be supported by the solution of the old 

case, and they qualitatively match. 

2.4.5.6. Case adaptation! reuse 

The process of changing the old, retrieved solution to fit the current problem is called 

adaptation (Leondes, 2000). Once a matching case is retrieved a CBR system should 

adapt the solution stored 'in the retrieved case to the needs of the current case. Adaptation 

looks for prominent differences between the retrieved case and the current case and then 

applies formulae or rules that take those differences into acco unt when suggesting a 

solution (Watson and Mari~. 1994). Usually adaptation involves deleting, adding or 

substituting something from the old case to make it into an appropriate solution for the 

new input problem case. 

As explained by Lopez (2001), the reuse of the retrieved case solution in the context of 

the new case focuses on two aspects: 

1. the differences among the past and the current case 

2. What part of a retrie\(ed ,"ase can be transferred to the new case? 

Watson and Marir (1994) added that, in general, there are two kinds of adaptat ion in 

CBR: 

1. Structural adaptation, in ·which adaptation rules are applied directly to the solution 

stored in case. 

2. Derivational adaptation, which reuses the a1gorithms, methods or rules that generated 

the original solution to produce a new solution to the current problem. In this method 

the planning sequence that constructed that original solution must be stored in 

memory along with the solution. Derivational adaptation, sometimes referred to a re­

instantiation, can only be used for cases that are well understood. 
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L6pezel aJ (2005) added one more kind of adaptation; transfonnat ion adaptation alters 

the structure of the old case solution. It involves using general knowledge to guide the 

changing of a stored c,\se \0 solve a new problem. Several techniques, ranging from 

simple to complex, have been used in CBR for adaptation. (Watson and Marir, 1994) 

explained it in detail as follows: 

Null Adaptation: It uses no adaptation at all. It just applies whatever solution is retrieved 

to current problem without adapting it. Null adaptation is useful for problems which 

involve complex reasoning. 

Parameter adjustment: It IS a structured technique which compares specified 

parameters of retrieve and current case to give a solution in the right direction. This 

technique used in CBR called JUDGE. 

Ahstractioll alld re-specializatioll: general structural adaptation technique that is used in 

a basic way to achieve simple adaptations and in a complex way to generate novel, 

creative solutions. 

Critic-based adaptatioll: in which a critic looks for combinations of features that can 

cause a problem m a solution. Importantly, the critic is aware of repairs for these 

problems. 

2.4.6. CBR Software Tools 

CBR tool is software that can be used to develop applications that follow CBR 

Framework. Some scholars argue that the current surge in interest in CBR is due to the 

intuitive nature of CBR and because it may closely resemble human reasoning. Software 

vendors might argue that it is because CBR tools have made the theory practically 

feasible. There is truth in both views but certainly the tools have made a contribution 

(Watson and Marir, 1994). 

Several commercial companies offer software tools for building CBR systems (Amadot 

and Plaza, 1994). Ideal CBlt tool should support the main processes of CBR. Processes 

are Representation, Retention, Retrieval and adaptation (Iqbal and Ashraf, 2009). 
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Developing tool for CBR system should perform the following function in each processes 

of CBR development 

Representation : It should support all data types and should structure cases relevant to 

the application domain. 

Retention: The Case-Base should be organized in a manageable way which supports 

search and retrieval method. 

Retrieval: Cases must be properly indexed for efficient retrieval. h may be automatic , . 
but developers can influence the processes. 

Adaptation: Arrange it in advance within tool for case adaptation. 

With these functionalities (Watson and Maric. 1994) mentioned number of CBR tools as 

follows. 

CDR-Express: produced by inference corporation. CBR-Express has a simple case 

structure and uses nearest neighbor matching to retrieve cases. CBR-Express is extremely 

well suited to help desk applications and has also been used successfully for intelligent 

task assistance. information access systems and knowledge publishing. It is very easy to 

use. reliable, network ready. and notable for its intelligent handling of text. 

Case Point: Case Point,. also from Inference Corporation, is a runtime version of CBR­

Express. Case Point is a CBR delivery system as it only runs case-bases (i.e., users of 

Case Point cannot develop or edit cases, for this they must use CBR-Express) and does 

not contain the customer tracking facilities. Case Point is also extremely memory 

efficient, only requiring a few hundred K to run. 

ART*Ellterpris: is the latest tool of Inference Corporation's. That company is one of 

oldest AI Company. In 1980, ART was advertised as an AI-based tool. 

Case Power : this tool builds its cases in matrix environment provided by Microsoft 

Excel. Rows and columns of spread sheet are used to define cases and their attributes. 

CASUEL: a Common Case Representation tool written in C developed by the INREC , . 
(INtegratedREasoning from CAses). INREC is a case-based reasoning project funded by 

the European Union. 
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As mentioned in (Abdrabou and Salem, 2008), In addition to the above there are CBR 

tools based on object·oriented Framework. 

CBR*Tools: is an object-oriented framework for CBR which is spec ified with the 

Unified Modeling Language (UML) notation and written in Java. It offers a set of 

abstract classes to model the main concepts necessary to develop applications integrating 

case-based reasoning techniques: case, case base, index, measurements of similarity, 

reasoning control. 

CAT RCBR: platform uses a library of CBR components to gu ide the user in the 

development ofa CBR application. CAT-CBR has an interactive tool where users choose 

the components that need to be included in an application. This tool is built over a eBR 

system that guides and gives support to users during the configuration process. 

jCOLIBRI :The application framework of JColibri comprises a hierarchy of JAVA 

classes plus a number ofXML files. 

Finally (Watson and Marir, 1994) classified CBR tools can be into two broad categories. 

Domain independent or domain dedicated: These CBR shells that generate 

applications with graphical user interface. where some parameters can be defined by the 

user to develop a new application. CBR shells are a kind of tools which can be used by 

non-programmer user and cannot extend or integrate new components in these tools. 

CRR Application Programming Interfaces (APIs): provide set of functions to deal 

with CBR algorithm. Sometimes CBR APls by using a programming language can also 

be extended. 

2.4.7. CBR Framework: jCOLillRI 

A framework is a set of classes that embodies an abstract design for solutions to a family 

of related problems. In other words, a framework is a partial design and implementation 

for an application in a given problem domain. Frameworks are a well-known technology 

related with software reuse that leverages the prior efforts of developers in order to avoid 

recreating and revalidating common solutions. (Juan et ai, 2010). Main theme of a 

framework is to occupy a sct of concepts related to a domain and the way they interact. It 
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allows the reuse of code and design for a class of problems. It also gives the ability to 

non-expert to write complex applications quickly. The use of framework reduces the cost 

of application creation because using a framework is closer to maintaining an existing 

application than to developing a new one from scratch. 

According to Iqbal and Ashraf (2009), in 1980, the concept of object-oriented 

frameworks has been introduced. An object-oriented framework is a reusable design of 

all or part of a system that is represented by a set of abstract classes and the way their 

instances interact. It is very 'important that the framework for CBR takes care of these 

axes which may be reused in different situations. Researchers are tried to work out and 

make research work how to make a new Framework to build a CBR systems. Researchers 

has developed jCOLIBRI, an object-oriented framework in Java for building CBR 

systems that greatly benefits from the reuse of previously developed CBR systems (Juan 

el ai, 2010). 

jCOLlBRI is an evolution of the COLlBRI architecture (Juan et al ,2010). In 2002, 

Belen Diaz-Agudo developed domain independent architecture called COLIBRI. It stands 

for Cases and Ontology Libraries Integration for Building Reasoning Infrastructures. 

COLlBRI helps in the design of Knowledge Intensive CBR systems. COLIBRI is 

basically based on knowledge gained from a library of ontology which are application 

independent and also use CBR Ontology. COLIBRI is very useful for certain time period 

but, it is not helpful to non-expert users. Then, CBR community thought to develop a new 

application - jCOLlBRI (Iqbal and Ashraf, 2009). 

jCOLIBRI is an object-oriented framework in java for developing CBR systems. It offers 

an easier development , process that is based on the reuse of past designs and 

implementations (Stoyanov et al, 2005). jCOLIDRI is a software artifact that promotes 

software reuse for building CBR systems, integrating the application of well proven 
, 

Software Engineering techniques with a knowledge level description that separates the 

problem solving method, that defines the reasoning process, from the domain model 

(Recio-Garcia and Diaz-Agudo, 2004). 
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The motivation of the resear~her for choosing this framework is based on a comparative 

analysis between jCOLlBRI tool and other tools. jCOLlBRI enhances the other CBR 

shells in several aspects: availability (open source framework), implementation (the Java 

implementation implies to a great extend usability, extensibi lity and user acceptance). 

GUI (the provided graphical tools facilitate the system design). 

Figure 2.4 depicts the architecture of jCOLIBRI Framework. The framework is organized 

around the following elements: tasks and methods, case base, cases, and problem solving , . 

methods (Ahdrahou and Salem, 2008). 

Tasks and Methods: The tasks supported by the framework and the methods that solve 

them are all stored in a set ofXML files. 

Case Base: Different connectors are defined to support several types of case storages, 

from the file system to a database. 

Cases: A number of interfaces and classes are included in the framework to provide an 

abstract representation of cases that support any type of actual case structure. jColibri 

represent cases in a very simple way. 

Problem Solving Methods: The actual code that supports the methods included in the 

framework. 
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Figure 2.4: jCOLIBRI Architecture adopted from- ((Stoyanov et ai, 2005). 
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jCOLIBRI also shows the four different data S()urces types (Persistence Layer), which are 

connected with the other framework components via objects, referred to as Connectors 

(Stoyanov et ai, 2005). ' 

Case Structure 

jCOLIBRI fits to several case structures, from simple attribute value records to 

complex hierarchical trees ~ith composed attribute. As we have discussed in section 

2.3.4. 1, a case mainly comprises problem and solution. According to (Stoyanov el ai, 

2005) problems and solution arc sets of attributes, and there are two types of auributes: 

simple and compound. Simple Attributes have Name, Type, Weight and Local Similarity 

Function. Compound Attributes contained other simple attributes, allowing complex case 

structure. A local similarity function is used to compare two cases using simple attribute 

values. Global similarity functions are connected to compound attributes and are used to 
• 

gather similarities of the collected attributes in a unique simi larity value. Finally the 

similarity value of two cases is computed as the similarity of their problem and solution 

descriptions. 

Case-base and Connectors 

Case-base Management of jCOLIBRI splits into two layers: persistency mechanism and 

in-memory organization. Persistence layer consists of several connectors that allow 

developers to change the data storage sources very easily. Connectors know the way to 

access and retrieve cases from the medium and return those cases to the CBR system in a 

similar way. COIUlectors can be implemented as Plain Text, JDBC, File System and 

Racer. The Case Base (data· structure) layer is used to organize the cases that are once 

read and loaded by the connector into memory. 

Tasks lMethods Ontology 

In CBR system developme~t there are four tasks at the highest level of generality: 

Retrieve the most similar easels, reuse its/their knowledge to solve the problem, Revise 

the proposed Solution and retain the experience. Each of the tasks has its own specific 

tasks. 
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jCOLIBRI Core 

The Core is the critical component of the framework. It comprises the CBR configuration 

and executing the application. When a user develops a CBR application template a Java 

code is generated that configures the Core components with the appropriate tasks, 

methods, data types and case structures. The core contains elements: CBR State 

(maintains the tasks and method configuration, CBR Context (contains the Case-base and 

working cases), Packages (manage the remaining components, such as similarity 

functions, case structure. 
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CHAPTER THREE 

RESEARCH DESIGN AND METHODOLOGY 

3.1 . Introduction 

Research design provides the glue that holds the research roadmap. A research design is 

used to structure the research and to show how all of the major parts of the research work 

together. 

3.2. Study Area 

The focus of this research is about the treatment of type II DM at Dessie Referral 

Hospital. There is a separate department which took the overall responsibil ity of diabetes 

management staffed with three medical doctors and two nurses who took special training 

on diabetes diagnosis and treatment. Management of diabetes involves a considerable 

element of self-care and advice that should, therefore, be aligned with the perceived 

needs and preferences of people with diabetes. The opportunity is given to the patients to 

make informed decisions about their care and treatment. If patients do not have the 

capacity to make decisions, healthcare professionals follow the department health 

guidelines. The Hospital works in collaboration with Ethiopian diabetes association to 

provide free medications. 

Dessie Hospital is a referral hospital in east Amahara region hence; physicians of the 

hospital are confronted with extremely various types of cases, Thus, the diabetes 

management department of t~e hospital was taken as a research area since of the hospital 

has vast amount of experience in education of patients and treatment of the disease. 

3.3. Study Subjects 
The study subjects to this research were type II OM patients who have follow-up at 

Dessie Referal Hospital. 
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3.4. Knowledge Sources 

The knowledge that built up this research came from different sources. The primary 

knowledge sources were various experts including generalists, internists and nurses. In 

addition, the researcher directly observed dialogues between experts and OM patients. 

Secondary sources of knowledge including relevant literatures from all possible sources 

and formats including journal articles, guidelines fo r type II OM management, books, 

theses, and internet were reviewed. 

3.5. Knowiedge Acquisition Procedure 

The knowledge was captured through unstructured interviews, discussions with 

individual experts, and document analysis (patient case cards). The reason for employing 

unstructured interview was because it helps to dig out complicated concepts from experts 

in a better way than the structured one. Unstructured interview enabled experts to 

describe their procedures and logics in a detailed manner. 

Experts were usuall y busy; to maximize access to them and minimize interruptions, 

interviews and discussions were held after work hours and on weekends. Patient case 

cards stored at the hospital and guidelines to 4iabetes treatment were also used to capture 

the problem in detail. 

3.6. Sampling Techniques 

To capture domain knowledge, the researcher used expert sampling. According to Lisa 

(2008), expert sampling is a kind of purposive sampling in which the researcher is 

looking for individuals who have particular expertise that is most likely to be able to 

advance the researcher's interest and generate new ideas. Hence, the researcher selected 

one internist, three generalists as well as two nurses who have special expertise on 

diabetes treatment. These experts were selected based on their job position in the domain 

area. 
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On the other hand, convenient sampling was employed to select cases. Convenient 

sampling is non· probabilistic sampling where population elements are selected on the 

basis of their availability CHerek, 2009). Accordingly, the researcher collected 42 

representative cases among diabetic cases treated at Dessie Referral Hospital diabetes 

treatment department. 

3.7. Data Preparation for Analysis 

Data preparation involves checking the data for accuracy, entering the data into the 

computer, transfonning the data, and developing and documenting a database structure 

(Trochim. 2006). 

After the concepts were collected from available sources, they were organized in a fennat 

comfortable to the development tool. Some cases were not complete and have various 

noises because of different . reasons. For example, some physicians didn 't write full 

history of patients, or a patient may lose his or her card number and registered as a new 

patient. Thus, data cleaning is perfonned in order to identify and eliminate errors in the 

course of case collection. 

3.8. CBR Design 

After the data is ready through data preparation the next task is modeling the problem. 42 , . 
type II DM cases were collected from Dessie Referral Hospital. The case· based was built 

by using these cases. All the 42 cases have been used for training, testing and validat ion 

of the prototype through leave·one·out cross validation. 

The leave·one·out cross validation provides almost unbiased generalization of 

perfonnance and the greatest possible amount of data is used for training in each case, 

which presumably increases the chance that the retrieval is an accurate one (Witten and 

Frank, 2005). Alemu (2010) and Henok (2011) also proved the applicability of the leave­

one·out cross validation for CBR system retrieval evaluation in their respective master's 
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thesis. So with the leave-one-out cross validation the researcher conducted 42 testing 

with 41 training cases. 

The whole case-base is composed of 42 instance cases, thi s number is ideal for thi s study 

because there are other ~edical CBR researches conducted with number of case instances 

around 42. For instance, Schwartz et af (2008) designed a CBR research entitled "Use of 

Case-Based Reasoning to Enhance Intensive Management of Patients on Insulin Pump 

Therapy". Their study achieyed the research objective with 20 type I DM case instances. 

The other medical CBR research conducted by Salem et (II (2005), a case-based expert 

system for supporting diagnosis of heart diseases also used 42 cases instances for training 

and testing the system. 

3.9. Implementation Tool 

The development tool selected in this research is jCOLIBRI. jCOLIBRI is an object­

oriented framework fo'r developing CBR applications. It provided most of the 

functionalities needed to represent structured cases, methods, and similarity functi ons 

used in thi s study. jCOLlBRI is supported by a GUI that guided the researcher on 

configuration of the protot~pe and made things easy. The main critical reason the 

researcher selected this tool is to save time because jCOLlBRl is a framework suited to 

CBR applications. According to, Iqbal and Ashraf (2006), framework approach is very 

appealing. It allows the reuse of code and design for a broad class of problems. It also 

gives the ability to write complex applications quickly. Hence, jCOLIBRI provided the 

following rewards for the researcher in this study. 

• Easy to accesses, install , learn, and use 

• Allows to represt1lt cases easily 

• Offered an easy development process 

• Provided GUI that allowed the researcher to choose methods for desired tasks. 

• Easily integrated new elements with the old one. 
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3.10. Performance Evaluation Mechanism 

The developed CBR system was tested and the results were evaluated against the 

research objective established. The whole evaluation process was performed with two 

approaches: system validation and user acceptance testing. The system validation was 

perfonned to assure weather the prototype is perfonned the intended task or not. On the 

other hand, the user acceptance tests were concerned with the test of the user wi th regard 

to certain criteria. 

The validity of the system was tested using test datasets prepared by the researcher or 

case instances from the case-base to measure the system perfomlance. First the system 

was tested for accuracy and consistency. Next to this, the system also tested for 

similarity. The main objective of this testing was to evaluate the system weather it 

retrieved the appropriate case for a given query Q. Standard statistical perfommllce 

evaluation techniques, precision and recall, were used to measure system's retrieval 

effectiveness. Using leave-one-out cross validation the dataset was partitioned into 

testing and training sets. Then, for cach case instance, precision and recall were 

calculated and the overall performance of the system was analyzed. Finall y, feedbacks 

from the users were also gathered through user evaluation fonn. Users evaluate the 

system by taking different predefined criteria provided by the researcher. 
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CHAPTER FOUR 

KNOWLEDGE ACQUISITION AND CONCEPT 

MODELING 

4.1. Knowledge Acquisition 
, 

Knowledge acquisition is formally defined as ''the transfer and transformation of problem 

solving expertise from some knowledge source to a computer program" (Miller, 2009). 

Knowledge acquisition cannot be thought of as a single problem; there are several 

dimensions to the transfer and transformation of problem-solving experti se from a human 

expert or other knowledge source into a program (Buchanan, \985). Hence, according to 

Jones (1998). knowledge acquisition is the process of extracting, structuring and 

organizing knowledge from one source, usually human experts. 

Buchanan (1985) conducted a research on how to systematize the tedious tasks of 

knowledge acquisition and he found three stages of knowledge acquisition called 

opening, middle game, and end game. 

In the opening stage, the knowledge engineer must plan for the terminology and the 

problem-solving framework. This stage is the base for all other works of the process. 

The middle game is played "based on the design in the previous stage. In a rule-based 

system, a specialist provides a large block of rules to cover many cases. In the end game, 

the Knowledge-Base is evaluated by applying it to test cases. 

There are three main issues critical to all Knowledge-Based systems in knowledge 

acquisition task. The first and the most one is to assure the problem domain and the type 

of knowledge in the domain is goes with a KBS. the second one, identify where to find 

expertise and evaluate ;he~ weather they have or not the required expertise that the 

project demands. Third, if the expertise emanate from the person, identify specific 

knowledge acquisition techniques and participant individuals (Jones, 1989). 
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The knowledge acquisition process for CBR is similar with other techniques of 

reasoning. The difference is a matter of terminology. According to Miller (2009), the 

knowledge acquisition process in CBR has two basic tasks: problem analysis and 

development of the inferen~e mechanism. Problem anal ysis involves transforming the 

information taken from the domain expert into the problem and solution fields in the 

case-based data structure. The inference mechanism is the algori thm lIsed for similari ty 

assessment during the case retrieval process. 

Miller (2009) al so described that there are three general sequences of events for 

knowledge acquisition for Al by citing Byrd et al (1992) as follows: 

I . Knowledge Engineer, elicits data and information from the domain expert 

2. Knowledge Engineer interprets the data and information and draws conclusions about 

the expert's underlying knowledge and reasoning processes 

3. Knowledge Engineer uses the conclusions to construct a model which describes the 

expert's knowledge and processes 

4. Repeat steps 1-3 as the expert system evolves into a functional system 

CBR solves problems using the already stored knowledge and captures new knowledge, 

making it immediately available for solving the next problem. Therefore, CBR can be 

seen as a method for problem solving and also as a method to capture new experi ence and 

make it immediately available for problem solving (Pemer, 2008). In addition, in section 

2.4.3 also described that e RR is often considered as a way to reduce the knowledge 

acquisition task because of the ease of storage of solved cases in the case base. Indeed, by 

accumulating cases, a CBR system progressively increases its experience base and its 

ability to solve more problelT!s. However, case retention is not sufficient to acquire all the 

knowledge a system needs to reason on cases. Hence, cases must be acquired by other 

means. 

Accordingly, in this chapter, the researcher focused mainly on obtaining knowledge from 

experts and relevant documents. Following the knowledge acquisition, the researcher 

constructed the case structure and built the model by identifying the concepts and 
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patterns involved in managing diabetes patient treatment. In this research, the knowledge 

acquisition process was done through the collection of case histories, consulting related 

documents, direct observation, and conducting unstructured interviews and discussions 

with domain experts. 

In CBR, the basic knowledge representation is the case, which consists of a description of 

the problem, solution to the problem, and the outcome. The description of the problem 

wi ll includes all informati~n explicitly taken into account in solving the problem 

(Maimone, 2006). Acquiring cases provides a.cquiring data and acquiring knowledge. 

Hence, the researcher collected descriptions and solutions of cases. Because of time and 

other constraints the outcome of the solution is not included in the case collection process 

of the research. 

4.1.1. Knowledge Acquisition from Domain Experts 

There number of knO\v,ledge sources to develop Knowledge-Bases systems such as 

books, research articles and manuals; however human experts are the core sources of 

knowledge (Jones, 1989). Experts tend to he more current and have a broader range of 

knowledge than other sources (pomykalski et ai, 1999). They can also respond to 

interviews actively and provide different sets of examples. 

A Knowledge-Base system attempts to repJica.te in software the reasoning abi lities of 

human experts who are distinctive because of their particular knowledge and specialized 

intelligence (Jones, 1989). The intelligence that is found in the heads of human experts is 

called tacit knowledge. 

Tacit knowledge is accu'muiated through study and experience. Tacit knowledge grows 

through the practice of trial and error and the experience of success and failure. Tacit 

knowledge, therefore, is time specific as well as context-specific. It is difficult to 

formalize, record, or articulate. It includes subjective insights, intuitions and conjectures 

(Uriarte, 2008). In a process of extracting tacit knowledge, interview is at the heart . Tacit 

knowledge is usually extracted through a series of intense and systematic interviews 
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(Jones, 1998). In CBR knowledge is acquired and represented in cases. Therefore, the 

researcher has acquired knC?wledge from physicians by tracking how they interpret 

patient data. 

4.1.2. Knowledge Acquisition from Documents 

Documents are other alternatives of knowledge in KBS development. Documents are 

generally cheaper to acquire and use. However, they typicall y have limited amounts of 

information and what they have is not always completely relevant (Sajja, 2008). The 

knowledge we found in documents is called explicit knowledge. Explicit knowledge 

comprises anything that can be codified and documented (Uriarte, 2008). The rcsearcher 

obtained these knowledge from guidelines of diabetes management, national and other 

diabetes association resources (bulletins, brochures, and websites), research journals, 

diabetes related books, and patient case cards. 

4.1.3. Knowledge Acquisition through direct observation 

Direct observation is a tool where the researcher directly observes the events and gathers 

first-hand information. This occurs when the researcher makes a site visit to gather data. 

In this research the researcher did number of direct observations on patient and physic ian 

interactions such as diagnosi.s, treatment and advice in order to collect facts that couldn ' t , 

be found in other sources. 

4.2. Concept Modeling 

Primary elements of knowledge are concepts and relationships between concepts. 

Concepts are perceived as regUlarities in events (Canas el aJ, 2004). Knowledge 

Modeling enables to present concepts' data or information in a reusable fomlat fo r the 

purpose of preserving, improving, sharing, aggregating, and processing knowledge to 

simulate intelligence (Makhfi, 20 11 ). 

A thorough understand ing of different knowledge representations is a vital element of 

KBS, since the ease of s~lvi~g a problem is almost completely determined by the way the 
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problem is conceptualized and represented. Knowledge engineers make lISC of a number 

of ways of representing knowledge when acquiring concepts from experts. TIlcse are 

usually referred to as knowledge models. Among these ladders arc preferred modeling 

types. Ladders are hierarchical (tree-like) diagrams. Some imponant types of ladders are 

concept ladder, composition ladder, decision ladder, and attribute ladder. From these sub­

types of ladders, decision ladder is selected by the researcher, because a dec ision ladder 

shows the alternative courses of action for a particular decision and is a useful way of 

representing detailed process knowledge. 

4.2.1 Identifying Case Features 

According to ( Marling et al "' 2007). in representing a problem, it is necessary to include 

all infonnation that is typically used to describe such a problem as well as all infomlation 

that is explicitly taken i~to ?ccount by a human problem solver in solving the problem. 

Typical infonnation used to describe diabetes management problems includes: Age, Sex, 

duration of treatment, pervious blood glucose level, current blood glucose levels, current 

medication signs and symptoms, and complication. These diabetes problem 

characterization concepts are·identified by conducting intense interviews with the domain 

experts, through direct observation and analyzing patient case story cards with the help of 

experts, 

With this respect, concepts related to type HDM management are modeled as fo llows. 

This research focuses on the treatment of OM type II, not included the diagnosis. So the 

problem is modeled after the patient is declared as full blown type II OM 
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Acute 
complication 

Education(ch:m 
I!inl! life stv!e) 

Figure 4.1: Management of Type II DM 

Educntion(diel. 
medication 

The management started by looking the patient seriously whether complications are 

developed or not. Acute' co~plications of diabetes occurred when acidosis and ketones 

exist in the urine and/or blood, and if FPG (fasting plasma glucose) ~ 600 mg/dL. 

Clinical signs and symptoms, and patient complains such as dry mouth, thirst, frequent 

urination, blurry vision, fatigue, weight loss, sweating, shaking , hunger, dizziness, 

faintness, numbness of lips and tongues, headache and slowed speech are also indicate 

the degree complications. 

If the patient developed complications, then the patient is admitted. The patient is 

admitted means the hospital allows the patient to take a bed for full management of the 

complications. If the patient is registered for the first time (new patient), the management 

is started according to patient complaint, and dinical signs and symptoms in addition to 

laboratory results (urine analysis and FPG). The treatment of complicated type II OM is 

insulin injection and for each other chronic illness (such as kidney failure, heart disease, 

stroke, blindness, gangrene). they are referred to respective specialists. Non- complicated 
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new patients are treated 'with oral hyperglycemic agents (OHA) plus education (such as 

diet, ensuring hygiene, and medication). 

People with pre-diabetes ha~e blood gl ucose levels that are higher than nomlal but not 

high enough for a diagnosis of diabetes. People with the Fasting plasma glucose between 

100 and 125 mgldL are considered as pre-diabetes this condition mises the ri sk of 

developing type 11 diabetes. The management in this condition is adv ice the people 10 

changing life style for example, loss body weight through diet and physical activity. 

Complicated 
kno, .. n patient 

Current medication: 
insulin 

CUffcnt medication 
:OIlA 

Figure 4.2 : Managing comv.licated known patient 

Modification of 
medication ( dose 
and type) and treat 

other chronic 
illnesses 

B ,. I' t d known patients their current medication information Clore startmg to treat camp 1C3 e , 

. . . 1 h t and dose of drugs Most of the time type II DM patients IS cnhca sue as name, ype . 

ta h · . h OHA (tablets) After some time latter (fife years). most of them s rt t elr treatment Wit . 

d l ather chronic di seases. At this time it is do not respond to OHA or they eve op 

. h' I' Th e are exceptions that start medication with insulin recommended to treat Wi t lflSU tn. er 
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at their first contact depending on their degree of' . . seventy as we have seen In Fig. 4.1. For 

complicated patients who are alread t t d . h' . y rea e Wit insulin, the management continues 

with insulin, just by doing modifications (type d d ) I . an ose. t IS not recommended back to 

OHA drugs. 

Figure 4.3: Managing Don-complicated known patient 

For a known patient who did not develop complications, the treatment is determined by 

FPG testing and patient complains. A patient may have good or poor control of FPG 

testing as compared to the pervious time and target glucose level (110 mlldl) . A patient 

who has good control is recommended to continue with the current medication or 

decrease the dose to prevent the patient from hypoglycemia, which is abnormal low blood 

sugar usually resulting from excessive insulin, physical exerci se, or a poor diet. The 

patient is also infonned about the signs and symptoms of hypoglycemia such as sweating, 
, 

shaking, hunger, dizziness, faintness, numbness of lips and tongues and headache. 

On the other hand, if the patient has poor control, then modification of medication (such 

as increase drug dose, change drug type), investigate the risk of complication, and 

education about diet, signs and symptoms of complications are critical pans of the 

treatment. 
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CHAPTER FIVE 

IMPLEMENTATION AND PERFORMANCE 

EVALUATION 

5.1. Introduction ' 

To build CBR systems, two necessities have become critical: the availabi lity of tool and 

the accumulated practical experience of real-world problems. Aner the researcher has 

understood the problem domain, collected cases, and the problem is modeled, the next 

task is prototype building with the selected tool. The main goal of implementat ion is 

coding the knowledge acquired from di fferent sources into the computer using CBR 

knowledge representation tool. Even though there are a number of other lools, the 

researcher selected jCOLlBRI. jCOLIBRI is an object-oriented framework in Java that 

promotes software reuse for building Case-based Reasoning (CBR) systems (Recio­

Garcia and Diaz-Agudo, 2004). In addition, it is easy to use, open source software, and 

the researcher is more familiar than other tools. 

5.2. Retrieval Algorithm 

The retrieval task starts with ~ partial problem description and ends when a best matching 

previous case has been found. The goal of retrieval task is to return a set of cases that are 

sufficiently similar to the query. Unlike database searches that target a specific value in a 

record, retrieval of cases from the case-base perform partial matches since; in general, 

there may be no existing case that exactly matches the new case. CBR wi ll be ideal for a 

problem at hand only when retrieval algorithm is efficient in handling cases. Among the 

well-known algorithms for case retrieval, the simplest one is the Nearest Neighbor using 

local and global similari\}' functions (Recio-Garc 'met ai, 2010). According to Salem el at 

(2005), in their d iagnosis of heart diseases, the retrieval strategy employed by Nearest 

Neighbor was acceptable. In addition, jCOL~BRI 's framework is very powerful which 

supports different types of algoritluns from simple Nearest Neighbor to more complex 

retrieval algorithms. 
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Nearest neighbor algorithm involves the assessment of similarity between stored cases 

and the new input case-based on matching a weighted sum of features. jCOLlBRI enables 

the knowledge engineers to set weight to each case feature based on their relevance 10 the 

physician's decision (Fig.5.I). There was too much involvement of domain experts in 

assignment of weight to features in this research. The similarity of each case to the input 

case is represented as a real number in [0, t]. Nearest-neighbor algorithm finds the 

closest matches of the cases already stored in the case-base to the new case using a 

distance calculation, which determines how simi lar two cases arc by comparing their 

features, the pseudo code of this algorithm can be written as follows (Salem et ai , 2005). , . 

For each feature in the input case: 

Find the correspondingfeature in the stored case 

Compare the two value; to each other and compute the degree of mlltch 

Multiply by a coefficient represellting the importallce of the feoture to the match 

Add the results to derive all average match score 

This number represents the degree of match of the old case to the il/pllt. 

A case can be chosen by choosing tile item with the largest score. 
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The distance between the new case d d . an store cases was computed using the following 

equation. 

W i X SIIll(.1/ J/) 

Where: 

Wi:- is the importance (weight) of the feature i 

Sim 0:- is the similarity function 

Ji' JiR. h . j, i. - are t e values for featureJim the source and target cases, respectively 

n:- the number of attributes in each case 

The similarity funct ion (Sim (f/ J/)) defined as fo llows 

[[feature f; is numeric, then Sim (f" JiR) = 1 - Mt - Jf I / IJ.~ -J ••• V 

If feature fi is symbolic and til =fiR, then Sflll (f/ J/ )=1 

If feature fi is symbolic and fil :f. fiR, then Sim (1/ ,f l )=0 

Where: 

i n/axis the maximum value ojihe aflribute; in the case-base 

f minis the minimum value of the attribute; in the case-base 

j '/is the value of altribute i of the input case (new case) 

i lis the value of attribute i of the case in the case-base 

The similarity between cases is considered to be the weighted summation of the 

similarity between attributes. Then cases whose descriptions arc similar to a new case arc 
, 

ranked higher than those whose descriptions are less similar. 

5.3. Similarity 
In this research, cases were compared by their surface similarity. The simplesl method for 

computing similarity is to look at surface similarity between the current problem and a 

case in memory (L6pez el aI, 2005). Cases were compared by looking ind ividual 
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attributes. The researcher presented 42 cases as a sl·mple 'eat t ( f ·b . . I' ure vec or set 0 aUn ute-

value pairs). The simplest definition of similarity between symbol· I . d d IC va ues IS to email 

an exact match. With this representation, a local similarity measure was usuall y defined 

for each attribute and a global similarity measure was computed as a weighted average of 

the local similarities. The weights, assigned by domain experts to case attribute, allowed 

them to have varying degrees of importance. 

5.4. Building the. CBR Prototype for Type II DM Patients 

5.4.1. Building the Case-Base 

CBR solves new problems by remembering the previous similar situations and also 

reuses infonnation and know.ledge of those situations. Hence. in this study. 42 previously 

solved OM type II cases were collected from Dessie Referral Hospital. After collecting 

the cases, case characterization was done with the help of domain experts such as doctors, 

nurses, and laboratory technicians_ After identification of case attributes, the cases were 

stored in a plain text as columns and rows. Columns represented case attributes and rows 

represented individual cases. Each attribute has a sequence of possible values separated 

by commas associated with a case. A small section of the case-base (Plain Text Fi le), 

which contained the desc,riptions of three type II DM patients, is given in appendix II . 

A case is composed of description (describes the problem by means of several attributes), 

solution (contains the description of the solution of the case) and result (represents the 

result of applying the case to a real situation). Descriptions and solutions are sets of 

attributes and the researcher stored these attributes in plain text fil e. Management of DM 

type II is complex by its nature because it causes or may be caused by a number of other 

chronic illnesses. The treatment was also vey individualized. This made describing type 

II DM problems with certain number of attributes difficult. However, as it is depicted in 

Table 5.1, the fo llowing attributes were identified through deep discussions with problem 

domain experts. In this research, each individual case has nine attributes: eight 

description attributes and o~e solution attribute. Description attributes describe type II 

DM case and the solution attribute is used to store the treatment provided by the 

physician. 
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Attribute name Description Parameter of case 

Age Age of the patient Description 

Sex Sex of the patient Description 

Duration How log the treatment ~as started Description 

Pervious glucose The last visit of glucose level Description 

Current glucose The glucose level at current time Description 

Medication The regimen the patient on Description 

Complication Other chronic illnesses resulted by the Description 

diabetes 

Signs and Phenomena that indicate existence of type Desc ri ption 

Symptoms II DM 

Treatment The 
• 

,management based on the case Description 

description (physician's decision). 

Table S.l: Case Attributes 

5.4.2. Defining the Case Structure with jCOLmRI 1.0 

The framework supports several case structures from plain attribute value records to 

hierarchical trees with composed attributes. Case structure of jCOLlBRI contains the 

meta-infonnation or description of case attributes. There arc two types of attributes: 

simple and compound. Simple attributes are described by name, type, weight and local 

similarity function. Compound attributes collect other simple attributes allowing complex 

case structure and described by name, weight, and global similarity function. When two 

cases are compared, the ' lo~1 similarity functions are used to compare simple attribute 

values. Global similarity functions are linked to compound attributes and are used to 

gather similarities of the collected attributes in a unique similarity value. Local similarity 

functions are liked for simpl.e attributes. In this research, equal local and intenal local 

similarity functions were used. 

Equal local similarity: if the local similarity of an attribute is equal, then the 

corresponding attribute of the query matches exactly with the casc otherwise matching 

fails. 
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Interva l local similarity: exact value matching is not mandatory. Values will match 

within interval set. 

Global simila rity function : It is linked with compound attributes and used to get 

similarity of cases in unique similarity value. The global similarity funclion used in this 

research was average similarity function. It considered the average of all attribute values. 

To retrieve similar cases to the input case, individual attributes were compared by local 

simi larity function. In this research, numeric attributes were compared with interval local 

simi larity function and string type attributes were compared by equal local similarity 

function. Thus, input case attributes (pervious glucose, current glucose, duration, and 

age) were compared by loc~l interval similarity function whereas current medication, 

complication, sign and symptom, and sex were compared by equal local simi larity 

function with the respective attributes of stored cases. On the other hand, global 

similarity function was used to compute a weighted average of the local similarities. 

Name Data type Weight Simila rity function 

Mos t influential a ttributes 

Pervious glucose Integer 0.9 Local (interval) 

Current glucose Integer 0.9 Local (interval) 

Current medication String 1.0 Local (equal) 

Signs and symptoms String 1.0 Local(equnl) 

Influential attributes 

Complication String 0.6 Local (equa l) 

Duration Integer 0.5 Local (interval) 

O ther a ttr ibutes 

Age Integer 0.4 Local (interval) 

Sex string 0.5 Local (equal) 

Solution a ttribu te . , 
Global (average) 

Treatment string 1.0 

Table 5.2: Properties of Case Attribu tes 
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Table 5.2 shows the description of case attributes. The whole attri butes were classified 

into four groups based on their impact on the decision made by the physician. The groups 

are most influential attributes (pervious glucose. current glucose, medication, and signs 

and symptoms), influential ~ttributes (complication and duration), other attribUics (age 

and sex), and solution attribute (treatment). Most influential attri butes are attributes of 

type II OM case on which the decision can be drawn with the absence of other attri bute 

values. As it is described in Table S.2, the weight of most influential attributes is higher 

than that of others. Thus, the treatment decision cannot be drawn without the va lue of 

these attributes. Influential attributes are attributes which supplement decision making. 

Other attributes are used to make the decision more complete. 

Defining case structure in jCOLIBRI was done by using simple case structure window. 

To define the case structure, the researcher used GUI of jCOLIBRI. The case structure 

window has two panels as shown in Fig. 5.1. The left panel enables to write and di splay 

attribute name as tree structure whereas the right panel enables to sct and display property 

values of the selected attribute. Once defined, the case structure is stored in XML file . 

jCOUU 0 Id 

... '''' "'" 
EJ ..... 1a\III Case Stmctlllel D~ r.1 f8I , 

I LoadcaU5lluchn II S-CilHltJuctult I 
aH.tU.lCIIII' -'" 

F:I e llSt ,- ICUllin! atutO" I 
t OOescnpllon , T)'IM: [ ..... H 

D", - ~_t I Ds .. 
Local UnlMIy: [ ... IIWI H D P ..... ou. g.lueo .. 

Qt:urren~.~ SimlMilypill""",,ft' 
D r.t.tlic.1ion - , ... 
D OIMIr cnronie III nes. "" .... D Oll'ation 

... D SOhJtjon 

DRUUft 

[ AddHl_ 1\ ""- II ...- I I _e ....... I 

Figure.5.1: jCOLIBRI Case Structure Definition Wmdow 
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5.4.3. Configuring Connectors /Load Case-base 

jCOLIBRJ is able to access the case-base from the physical medium through connectors. 

COTUlcctors are objects that know how to access and retrieve cases from the medium and 

return those cases to the eBR system in a uniform way. In this research plain text type 

(Attribute-value cases separated by commas) connector is used. Connectors require the 

case structure's file and the case-base's file path in order to map the case structure 

attributes into columns of the plain text (cas~-base) as depicted below in Fig.S.2 . The 

connector is also stored in XML file. 

I type 2 CII plain text case base 
Icolunns : '" 

Type: 

(ase struc1ure file: 

File path: 

Figure.S.2: jCOL[BRI Connector Management Window 

5.4.4. TasklMethod Management 
. . (k xml) that describe the tasks supponcd by the 

Tasks are represented m XML files tas s. . ' 

d ( th ds xml) for solving these tasks. )COLIBRI IS 
framework along with the metho s me 0 • 

70 



organized in packages. Among these pack h . . . ages t at perform and execute the task/method 
decomposItIon process IS the kernel of jCOLIBRl (R ' . . eClo·Garcla and Dlaz-Agudo 2004) 

jCOLlBRI has two types of task packages: core and ' . . . user defined. Core package tasks arc 

used III this research. jCOLIBRI core task k h b' . pac age as mlt-m methods. 

jCOLlBRl1 .0 beta 

" FMe CBR Help 

EI (BR . DM2 ,iir:f#.J: -::it &Nlj;¥~:'''''';~~-m "%0.\"" -,:-.. ' X, , . ', .. "... ,.' ~~' w.' " ··:',:,:.::>t /..,,<>;: ['lJ .. ....... . ...•. . o"' c{ IlII 

~~"m EI Tonk . Post~"2552 ~::, 
, PreCyele 

.~ • r:f Iii 0 

~ Obtain eases 'ask , Task 

, ~ CBRCycle Tiskname: I Obtain ClUerylask 
PostCytle2552 

t RelrlE!'l'eTask 
THk dOK'''~ [ '''''' "" . ... " CBR '"to III $elecl wol1dng cases tas 

~ Compute slmllarltylask 
Select best task 

0-~ Reuse TaSk ....... 
0- tOJ Revise Task 
t til Rela tn TiiSk I ~ .~ .. ~ 

f:l Select cases 10 stole task 
stale cas es liSk I 

mil ~le: 

AVIIIabIe me(hod Instances 

~ 
Instance name Wethod name COlin 

colibli.method.CloseConnectorW9I .. tOllb ~ method CloitConneclofWel , 

, I CO .. I 
• • .. 

Fig.5.3: jCOLIBRI Task/Method Management Window 

jCOLlBRI manages two ty~s of methods: execution ( resolution) and decomposition. 

Execution methods are those that directly solve the task for which it has been assigned to, 

while decomposition divides the task into other sub-task(s). As it is shown in Fig.5.3, the 

task panel (left) shows the task tree and the decomposition relates between tasks. The 

task configuration panel (right) shows available methods for the given task in the given 

situation. It is the responsibility of the knowledge engineer to select the method that 

resolves the task. The task decomposition structure tree contains three tasks at the base: 

pre-cycle, CBR cycle and post-cycle. 
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Pre-cycle task: This task will execute before CBR cycle Its task 's t II h . . I ogela t ecnsesm 

case-base through its sub-task ObtainCasesTasksolved by LoadCaseBaseMethodthat 

returns the whole Case-b'ase.loadCaseBaseMethod uses connector path as (l parameter. 

CBR cycle: It is main task of CBR cycle. It also has sub-tasks. The following are sub­

tasks of CBR cycle along with their methods. 

• Obtain query task: obt~in and configures the query. It is solved by 

ConFigureQueryMethod by giving the parameter path of case structure file. 

t Retrieve task: Main focus of this task is find similarity between cases. It retrieves most 

similar past experience cases (stored cases) for similar problem at hand (input query) . It 

includes the following sub-tasks: 

}- Select working cases task: Selects working cases from case-base and stores them into 

current context. This task is solved by Select All Cases Method, which di splays all 

available cases from the case-base to the result window. , 
};> Compute similarity task: This task will compute similarity between each previously 

stored cases and the input query case. The method that solves thi s task is 

NumericSimComputationMethod. NumericSimCompuJationMethodrcquires similarity 

functions to be associated with the cases. In thi s research 

NumericSimComplltationMethod is IIsed to compute the degree of similarity using nearest 

neighbor retrival strategy. 

• Select best task: Selects the best of the found cases. After the simi larity between stored 

cases and query case is calculated by NumericSimComputationMethod, N number of 

cases those have better similarity will be selected by the method SelectSomeCaseMethod. 

The number N is specified by the user. In other words, this task retrieves the N most 

similar cases. This approach· often referred to as "k nearest neighbor" retrieval or simply 

k-NN. 

• Reuse task: the retrieve task retrieves cases that are similar to our input situation but may 

not be entirely appropriate 19 provide a completed solution. Hence, the solution of the 

retrieved case is transformed in order to propose a solution to the query by modifying 

small . f h . d that do no! meet the input specification. This process 
portIons 0 t e retneve case 
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is also called case-adaptation. It has two sub tasks ' Prepare C r Ad . T k . . ases lor apIatlon as 
and Automatic Reuse Task. 

»- Prepare Cases for Adaptation: Selects working cases from case-base and stores them into 

current context. CopyCasesforAdaptationMethod solves this task by taking case structure 

as a parameter. 

) Automatic reuse task: CBR case reuse atomic task. 

This task solved by NmericDirectproportionmethod (computes a direct proponion 

between numeric descrip,tion.s attributes and solution attributes.) 

In general, the notion of adaptation is very important, since it is rarc to find a case which 

fits perfectly to a given situation. Adaptation allows performing the necessary 

adjustments to the case, taking into account th~ specificity of the present s ituation. 

• Revise task: The main focus of this task is to repair the problems identified in the adapted 

solution. At the end of the adaptation task, the candidate solution proposed by the system 

has to be tested to check if it is satisfactory or not. The Method that solves this task is 

ManualRevesionMethod which allows the user to modify cases. 

• Retain task: After a case is judged as an acceptable solution to the problem by the revise 

task, the retain task permits the addition of the solved (adapted) case to the case-base. 

Subtasks of this task are following 

> Select cases to store 'task: It will give authentication to user for storing casco 

RetainChoserMethod which allows the user choose cases to store solve thi s task. 

> Store cases task: This will store cases into case-base. StoreCasesMethod solves this task. 

Post cycle: It will execute a~er a eBR cycle. Its task is to close a connection between the 

case-base and GU!. 

Developing a e BR application is a complex task where many deci sions must be made. 

Th · h th ases will be represented the case 
e system deSigner has to choose ow e c ' 

organization structure, which methods will solve the eBR tasks, and which knowledge 

will be used by these methods. 
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5.4.5. Ranking 

Ranking refers to place ,the ,most relevant cases at the firont Nearest 'ghbo ' I . -nci r relncva 

algorithm uses the result of global similarity function to rank retrieved cases. In 

jCOLIBRI there are two options of displaying relevant cases. The sub-task of Retrieve 

cycle, Select besilask, implements ranking of cases. The select best task has two instance 

methods, SelectBestCaseMethod and SelectSomeCasesMethod. SeleclBcstCaseMcthod 

ranks all cases in the case-base with their respective degree of similarity to the new casco 

SelectSomeCasesMethod takes the parameter N, which specifies the top N most similar 

cases and displays the N top most similar cases to the new case. 

5.5. Performance Evaluation and Results 

5.5.1. Experimental ,set. up 

After the prototype is built, the next task is to evaluate the system in accordance with the 

objective of the research. The system evaluati?n was done with two approaches: standard 

statistical techniques and user evaluation method. The researcher assessed the prototype 

using test cases and different techniques of system evaluation. Tests were conducted by 

removing some cases from the case- base and then using them as test cases. According 

to,( Schwartz, 2008), this is a standard approach used to test CBR systems, especially 

when it is labor intensive and time consuming to acquire cases .In addition, selected 

domain experts from the problem domain area were allowed to evaluate the prototype 

with certain criteria using a given case descripiion . 

• 
5.5.2. Retrieval Evaluation 
Retrieval evaluation analyzes how well the system perfonns retrieval of similar cases. 

The retrieval performance is measured by cOnsidering to what degree cases relevant to 

the input case are moved toward the front of the ordered list of cases. The main objccti ve 

of this research is to retrieve the most similar previously solved case to a new case. Thus, 

the evaluation part mainly focused on retrieval evaluation. 
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Baig (2008) and Salem et al (2005) proposed accuracy and . 
consistency as system 

evaluation in CBR using nearest neighbor approach. Evaluate for accuracy. which means 

that if the case-base is queried with one of its cases, it should give the same case with 

distance measure equals to 100%. Retrieval consistency refers to if exactly the same 

search has been performed twice, the same Source cases should be retrieved with the 

same accuracy. 

So the researcher evaluated"the system's accuracy for the following sample cases: 

Case 40: 

A type IlDM, 60 years old man who has been treated for six years with feme insulin 30 

ml in the morning and 20 1~1 in the evening. The patient has no any complain abollf 

diabetes complication. The pervious and current glucose level readings are 320 and 342 

respectively. 

Case 15: 

A type II DM, 56 years old woman who has been treated for three years wilh 

glibenclamide 5 mg BID and Meiformin 1500 mg daily and she doesn 't have any diabetes 

complication. Her pervious and current glucose level readings are 192 alld 

190respectively. 

The researcher queried the prototype using the above cases; the system returns one case 

for each retrieval that hits the value 1.0 degree of similarity (Appendix III). 

The consistency of the system is also evaluated using two sample cases by testing twice 

for each case. The top ten seen cases presented as a sample to show the system 

consistency for each evaluation. The researcher queried the system twice using each of 

the foHowing two new cases. For each hit the system retrieved the same sequences of 

cases with similar degree of similarity to each case as sown in Table 5.3. 

PrOblem 1: A 71 years' old man who is screened as type 11 DM before 10 year and 

. d 15 ml in the el-'clling. The patielll currently treated with lente insulin30 ml mormng an 

develo'P d h . ·th the BP 135f.l60 and retinopathy complicatiolls. The e rypertenslOn WI 

P . I d· e 320 and 450 respectively. ervlOUS and current glucose.leve rea mgs or 
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Problem 2: A 45 yea Id rs 0 woman who is screened liS type II DM be/ore I j years 

currently treated with human insulin 40 J' h . mInt e mornmg and 20 ",1 i tl the evening. The 

patient also has relinopOIhll. complication. TC ~ 1 fie current alld the pervious glucose level 

readings are 170 and 186 respectively, 

Problem I Problem 2 

First Case23,case2 1 ,case40,case 1 ,case 16,cas case4 1 ,case30,casc36,case 15,casc22,case2 

retrieval e32,case 1-2,case 13,case I S,case29 4,caseS,case3I,case39,case4, 

, 

second Case23,case21 ,case40,case I ,case 16,cas case41 ,case30,case36,casc IS,casc22,case2 

retrieval e32,case 12,case I3,case 15,case29 4,case5,case3 1,casc39,casc4, 

Table 5.3: system consistency 

5.5.2.1. Similarity Testing 

The similarity testing was performed to know the actual perfonnance the system in 

retrieving appropriate case. For this testing the experimental seLting was adapted from 

Henok (2011) with some modification within the context of this research. The researcher 

prepared three categories of cases. The fi rst category was from the case-base or exactly 

similar to some cases within the case-base. The second category consists of cases with 

certain attribute value difference (one or two) from some cases of the case-base. The third 

group consists of cases with all attribute values are unique. The followings are sample 

cases against which the queries were modified. 

Case 26: 
A compliant is 78 years old man screened as type II OM before 3 years and currently 

treated with lente insulin 15 ml daily. He doesn't have any complication. The pervious 

and the current fasting blood glucose (FBG) readings are 11 3ml/dl and II I mUdl 

respectively. 
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Case 38: 

A complainant is 50 years old wo d men screene as type II OM be fore 3 years, currently 

treated with glibenclamide 10 mg twice a day and Met~o . 500 d ·1 TI . . nnln mg 3 1 y. lC patient IS 

also hypertensive and treated with enalarpi 5 mg da·1 Th . d h I y. c perviOUS an t c current 

fasting blood glucose (FI;lG).readings are 205 mgldl and 342 mgldl respectively. 

As shown in table 5.4, in order to test the similarity performance o f the system, the 

researcher prepared the following lO queries by changing attribute values of the above 

sample cases. 

Query Modification of attribute value With respect Degree of 

to case similarity 

10,11 

Queryl All attribute values are similar Case 26 1.0 

Query2 The value of attribute" previous-glucose" is modified case 26 0.92 

Query3 The value of attribute "Cll rren t -medication" is Casc26 0.87 

modified 

Query4 The value of attributes ~prcvious-glucosc" and Case 26 0.80 

"Current-medication" are modified. 

Query5 All attribute values are different Case 26 Out of range 

Query6 All attribute values are similar Case38 1.0 

Query7 The value of attribute "current-glucose" is modified Case 38 0.95 

Query8 The value of attribute " Signs and symptoms " is Case 38 0.87 

modified 
, 

Query9 The value of attributes "Signs and symptoms" and case38 0.82 

"current glucose" are modified 

Query 10 All attribute values are different 
case38 Out or range 

Table 5.4 Similarity Testing Performance 
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This experiment indicated that q . . h . . ucnes wit all annbutes similar to a case have 1.0 
similarity (exact match) When I f · . va ues 0 more number of attnbutes or values of attributes 
which have more weight were mod'fi d th . ·1 . I Ie, e Simi anty between a query and the case was 

degraded. In addition queries (Query 5 d Q 0) . • an ucry 1 that have ullIquc values (0 all 

attributes didn' t have similarity with an . h .. y case In t e case-basco From this expenment, the 

researcher understood that the prototype is able to retrieve the appropriate case for a 

given query Q. 

5.5.2.2. Evaluation with Stat istical Methods 

To evaluate the system the critical issue is the proportion of the training and the testing 

data from the whole dataset. .What part of the data set is used for testing and which part 

should be used fo r training requires a systematic way of partitioning. In lhis research, 

there are 42 cases collected from Dessie Refeml hospital and leave-one-out cross 

validation testing proportion was used. Leave-one-out cross-validation is simply n-fold 

cross-validation, where n is the number of instances within the case-base. J n this research, 

n refers to 42 which is the total number of type II OM cases collected from Dcssic 

Referral Hospital. Each instance in tum is left out for testing; the remaining instances 

(case-base) are used for t,rain.ing. 

The leave-one-out cross validation provides an almost unbiased generalization of 

performance and the greatest possible amount of data is used for training in each case, 

which presumably increases the chance that the retrieval is an accurate one (Witten and 

Frank, 2005). Alemu (2010) and Henok (2011) also have proven the applicability of the 

leave-one-out crosS validation for CBR system retrieval evaluation in their respecti ve 

masters thesis. So with the leave-one-out cross validation, the researcher conducted 42 

testing with 4 1 training cases. 

The most commonly used stati stical retrieval perfonnance measurements arc recall and 

.. (L 2000 ' d ·Junker ef 01 1999) These two measurements evaluate the 
preCIsion osee, an " 

For a query Q, recall is the percentage of relevant cases in the 
system effectiveness. 
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case-base that have been retrieved and precision is the percentage of cases that have 
been retrieved that are relevant. 

Recall and precision in this research defined as follows: 

Recall='To;;;:;;;;;N;u;m;,er~o~r~':'~":,"~n~'~'~'.,.~'~·'~'.~'~"':,,'~'-,_ 
Total number of relevant cases in the case base 

Precision Number Of relevant retrived cases 
total number 0/ retrived cases 

In order to evaluate using recall and precision, there should exists relevant and 

non-relevant cases in the case-base for each case instance and a threshold degree of 

similarity. Domain experts judged relevancy of cases by analyzing the solution and the 

attribute pattern between the new case and old case manually. The test cases were 

selected from the caseJbase. Domain experts grouped cases mainly based on their 

solution (treatment) and using some refined specificities. For instance, if there are two 

cases relevant to a new case N exactly by t4eir treatment, the similarity comparison is 

done by description attributes pattern analysis. According to the experience of domain 

experts, there are 6 categories of treatments broadly provided to patients. These classes of 

treatments are non-drug (life style change), only OHA, both OHA and insulin, and only 

insulin. Cases whose treatments fall in the same category are considered as relevant to 

each other. 

The researcher analyzed the retrieval output using different intervals of similarity 

thresholds and reached at optimal results of precision and recall using the threshold 

interval (0.5, 1.0]. i.e., the cases that have the degree of similarity of greater than 0.5 arc , . 

retrieved. 

The following Table depicted some tested cases and their respective relevant cases. 
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Tested case Relevant cases from the case.base 

Case I Case 10, case23, case40, casel2 

Case4 Case6, case?, case31 

CaseJ3 Case2, case3, casel4, casel7, case19, case20, case26 

Case IS Case l6, case22, case27, cas028, case29 

Case 18 Case21, case 32,case 36,cas" 38 

Case 24 Case37 ,case39, case42 

Table 5.6: Relevant cases for sample test cases 

After the relevant cases were assigned to each test case, the next step is to calculate the 

precision and recall values of the retrieval performance of the case·based reasoning 

system. After conducting 42 experiment,> using Jeave·one·out cross validation testing 

proportion to measure precision and recall results for the sample test queries are shown in 

the Table below. 

Test case Retrieval Performance measllre 

, 
Recall Precision 

Casel 1.0 0.4 

Case4 1.0 OJ 

CaseJ3 0.71 0.5 

Case IS 0.4 0.2 

Case 18 0.75 OJ 

Case 24 0.66 0.2 

Table 5.7: Recall and Precision Result for tbe Sample Test Case 

The average precision ~d r~call are 0.46 and 0.69 respectively. The average precision 

. h' d ded as compared with previously conducted researches. 
and recall of this researc IS egra 
The first and the most reason for this is ht:terogeneity of the cases. By their nature, type 11 

d h 
was no previous collection of cases from the source 

DM cases extremely vary an t ere 
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(Dessie Referral Hospital) Cases . d < . . were acquire lrom patient cards and these cards were 

tracked when patients came for treatment at outpatient department (OPO). In addition, 

even for cases that have almost similar case description, physicians suggested difTerent 

treatments. There was no c~ance to incorporate morc similar cases in the case-base. 

Hence, the degree of similarity between cases is far apart. This resulted zero precision 

and recall for some tested cases. So the overall average precision and recall of the 

research is degraded. 

The other reason is case representation. Representative features of cases were not easy to 

identify and did not get registered from the sources. In almost all cases, the researcher 

could not get the pati~nts '. daily schedules (for work, exercise, meals, and sleep), 

occupational information, weight and height. For instance, weight and height are 

important case descriptions based on which body mass index (BMI) of the patient could 

be determined. BMI helps to adjust the diabetes treatment accord ingly and is useful 10 

identify the risk of cardiovascular disease in a given patient. Most case were not fully 

described, some physicians discuss concepts orally with their clients. Cases were partially 

described and were not compatible to the CBR system. Thus, the researcher manually 

transformed cases, and the number of attributes were small. Cases were compared with 

less number of features, this make the degree of similarity between cases degraded. 

5.5.3. Reuse Evaluation 
• 

The reuse in this research is not done automatically; rather the domain experts selected 

the solution of more similar cases for the new problem. In jCOLlBRl, several closest 

match cases retrieved from the case-based as working cases (proposed solutions) for the 

new case. From the working cases, the domain expert can select the solution fo r the 

queried case. Adaptation process required domain knowledge in order to make 

amendments to the retrieved case solution to make it suitable for the new case. It is up to 

the domain expert to use directly or transform the solution of the retrieved case in order 

to generate solution to the new case. 
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The researcher tested the reuse perfo f h nnance 0 t e system using the leave-one-out cross 
testing proportion in the same W II " " ay as reca and precision testing. The testi ng was 

conducted by looking working case fi h 5 or eae test case. From the list of working cases, 

the top ranked cases were more . 'I h h " . Simi ar t an t e other. hence the tcslmg was to check 

whether these cases were relevant for the new case or n t TI d I" "d " h O. l C un cr ymg I en IS t e 

assumption that similar problems have similar solutions. Though this assumption is not 

always true, it holds for many practical domains. The reuse process was success ful when 

more number of attributes w.as similar. When the similarity between attribute values far 

apart the ruse becomes complex and required more effort to adapt it for the new case. 

Among the 42 tests using leave-one-out cross validation, fo r 27(64.3%) of them the 

solution of the first ranked retrieved case was appropriate, While 10 (23.8%) and 

5(11.9%) of the tastings get their solution at the seconded and the third ranked cases 

respectively. 

5.5.4. Learning Evaluation 

Following revision of the proposed solution, the problem description and its solution 

retained as a new case, and the system has learned to solve a new problem. The main aim 

of the learning mechanism of this prototype is to learn from new so lved DM cases and use it 

for managing other OM cases in the future. 

The prototype was tested its learning perfonnance using the following sample case 

A patient was 56 years old man screened as type 11 DM patient beJore 6 year with lellIe 

insulin30 ml morning and 15 ml in the evening. He had symptoms oj sweating, hunger, 

shaking, blurred vision, and tiredness. He was free from hypertension and complications. 

The pervious and current FBG readings were 320 and 450 respectively. 

This new case is queried to the prototype and the prototype proposed Jente insulin 35 IIll 

in the morning and 20 ml in the evening as a treatment (solution). The solution is veri fied 

by a domain expert and the ~olution is revised as lente insulin 35 mt in the morning and 

20 ml in the evening and strictly advice the patient about signs and symptoms of 
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hypoglycemia. As the domain expert fi h con urns t at the new solved case is valid the new 

solved case is retained for fut.ure use by the built in retain task of jCLOBRI . ' 

In order to assure the learning pert: f onnance 0 the prototype. the same case is queri ed 

again and the prototype propose th I' . h 0 . . . e so utlOn Wit 1. (100%) degree of similarity so no 

need to revise the solution. This shows that the system learn successfully ncw cases and 

used them to solve other OM cases. 

5.5.5. User Accepta~ce.Testing 

Users' acceptance is the opinions that users have farnled as a result of interacting with 

the system. From the users' point of view, system perfonnancc evaluation was done in 

this section. After all the entire end goal of KBS research is to make the task of uscrs 

easy as much as possible. So 'the feedback from the users is used to identify problems and 

to take corrective measures. Inculcating their ideas, views and comments is not a 

fonnality, rather it is mandatory. Potential users of this system arc experts of diabetes 

treatment including internists, nurses, and laboratory technicians. 

Users were selected from Dessie Hospital with expert sampling. The selection is based on 

the academic qualification in the domain area, work experience, willingness and 

participation in this res~arch. Experts participated in the research were three internists, 

one laboratory technician, and two nurses. The total number participants were six experts 

since they are the only domain experts available in department of diabetes. These experts 

knew the research very well in different phases of the research activities such as problem 

domain understanding, case acquisition, and case attribute identification. 

Each expert was allowed to test the system by querying using certain type II OM case and 

then put their judgment about the system using predefined criteria through user 

evaluation fonn (appendix I). The user evaluated the system in tenns of adequacy and 

clarity of advising, relevancy of the retrieved cases in the decision making process, rank 

of the retrieved relevant ,cases, fitness of the final solution to the new case at hand, ease 

of use, relevance of the attributes in describing the case, and speed of the system. These 
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evaluation parameters are adapted from Buchanan and Forsythe (1991 ). Lee et al (2008). 

Alemu (2010), Yemisrach (20 10) and Henok (201 1) with some amendments within the 

context of this study. 

The researcher prepared evaluation values in a ranked manner wh ich is going to be given 

to each criterion by user evaluation participants. The evaluation values are excellent. very 

good, good. fair. and poor. ·For the purpose of analysis. evaluation values have some 

numeric values in accordance with their rank, excellent=5, very good=4. good=3, rai r=2. 

and poor=1 

The summary of all the seven users evaluation is depicted in Table 5.8. 

Evaluation Criteria Poor Fair Good Very good Excellent Average 

Ease of use 3 3 2.5 

Relevancy of the retrieved cases 1 5 3.7 

in the decision making process 

Relevance of the attributes in 2 3 1 3.8 

describin g the case 

Fitness of the final solution to 1 3 1 I 3.3 

the case at hand. 

Clarity of 1 2 2 1 3.5 
Adequacy and 

advising 
4.2 1 3 2 

Speed of the system 
• 3.5 

Average 

Table 5.8: User Acceptance Performance Evaluat ion 

.. .' hi 50% of evaluators rate the criteria "Ease or use "and 
As It IS depicted In the above ta e, 0 

. h t h d" as good. Similarly, criteria "Relevance 
"Fitness of the final solution to t e case a an 

. . " d "S eed of the system" were rated as very 
of the attributes in descnbmg the case an P 

. . " f" rated as fair by 50 % of the evaluators. 
good, and cntenon ease 0 use was 
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On the other hand, around ·16.7 % of evaluators rated the critcria "Relevancy of the 

retrieved cases in the decision making process", "Fitness of the final solution to the case 

at hand" and "Adequacy and Clarity of advising" as fair. The samc percentagc of 

'evaluators rate criteria "Relevance of the attributes in describing the case", "Fitness of the 

final solution to the case at hand" and "Adequacy and Clarity of adv ising" rated as 

excellent. A very large percentage, 83.3%, of the evaluators rated the criterion 

"Relevancy of the retrieved cases in the decision making process" as very good. In , . 
contrary, 16.7 % of the respondents rate the criteria "Fitness of the final solution to the 

case at hand" and "speed of the system "as very good and good respecti vely. The 

criterion "Adequacy and Clarity of advising" was rated as very good by the same 

percentage of the population, 33.3%. Finally, both "Relevance of the attributes in 

describing the case" and "speed of the system" were also rated as good and ex.cellent 

respectively by 33.3 % of the evaluators. 

The overall average perfonnance of the prototype based on the above critcria scorcd 3.5 

out of five (70%) from the domain experts (users) point of view. 
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. CHAPTER SIX 

CONCLUSION AND RECOMMENDATIONS 

6.1. Conclusion 

The goal of this thesis is to apply the techniques and concepts known by CBR, ror type I [ 

OM management, particularly in providing relevant cases and proposing solutions to the new 

OM case from already so lved cases. The potential of CBR is used to enhance the 

management of patients in providing a flexible case representation. an efficient casc­

based organization and an effective retrieval algorithm. 

CBR is a new technology which enables knowledge engineers to design a KBS that 

reasons and makes decision from the past solved cases. CBR has become a successful 

technique for knowledge-based systems in many domains. In medical domains the 

concept of patient and disease lends itself naturally to a case represcntation.CBlt is 

particularly well suited to diabetes' management domain. Managing other long-tenn or 

chronic medical conditiqns is an attractive feature of eBR in diabetes management. In 

addition, eBR is used when generalized knowledge is lacking, thus, it is helpful to 

manage diabetes cases in which extreme individual variability among patients is found . 

The advantage of eBR systems compared to rule-based systems is that they always give a 

solution using partial matching. Because the closed world assumption of rule-base system 

needs all facts should be known to the system, this implies that known facts are false. 

CBR systems do not expect all facts to be known, rather solutions provided to a new 

problem through adaptation even with some unknown facts. 

After the researcher understood the overall concepts and processes of eBR through a 

thorough literature review, relevant docwnents were reviewed and domain experts' were 

. . d 11 Domal·n experts were primary sources of knowledge selected 
mtervlewe to co eet cases. 

b 1
· , D ss'e Referal Hospital diabetes OPO. Unstructured interview 

y expert samp mg Lrom e 1 
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I 

was the technique employed to gath 1m I d f " 
I' er owe ge rom human domalll experts. Cases 

were collected from patients' history cards at OPD H" I " I ( I"k ) d" . .Icrare uea trcc- 1 C lagrams, 

called ladders were used to model the "d 1m I " " • . reqUire ow edge. Case charactenzatlon was 

done with the help of domain experts which resulted case attributes with their respective 

weight. Each case instance has eight description attributes and one solution altribulc. 

The prototype is built using the development tool; jCLOBRJ. The case structure was 

constructed using development tool with the identified case attributes and saved in XML 

file format. The case-base is built with 42 cases collected from Ocssic Referra l Hospital 

at diabetes OPD. Cases were stored in plain text (attribute values pair separated by 

comma) file. A plain text connector type is selected to map the columns of the text file 

case-base with the XML file case structure. jCLOBRI' s core package tasks and methods 

were used to generate the prototype application. 

The prototype is tested and evaluated in order to investigate its perfonnance in providing 

relevant cases and proposing solution for the problem (new OM case). The evaluation 

was mainly conducted through statistical analysis recall and precision and scores 0.69 

and 0.46 respectively. The feedback from users was also encouraging. In addition, the 

system was evaluated for its accuracy and consistency. The overall result of the test and 

evaluation showed that the system produced acceptable and promising results. It is 

possible to improve the overall perfonnance of the system by increasing the coverage of 

cases and automatic reuse of solutions. 

Demonstrating success in this area may motivate others to attempt a CBR based approach 

to the management of other chronic diseases. In addition to research value, successful 

development of a CBR decision support system would have practical value to physicians 

and diabetic patients. 
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6.2. Recommendations 

This research was conducted for an academic purpose and it has revealed the potential 

applicability of CBR approach to support the management of type 110M. Moreover, it is 

the researcher's belief that the contribution of thi s research work could be a good 

experience for further ~tu~ies in the application of CBR approach in therapy and 

management of other health domains. However, there are improvements and open issues 

still pending and hence the researcher recommends the following issues as futufe research 

directions based on the study. 

• A wide range of both physical and lifestyle factors (life events) innucncc blood 

glucose levels. Life-event data are used by physicians to determine appropriate 

therapy. Current systems do not allow documentation of life events. Lack of life· 

event data impairs the ability to detect clinical problems. As a future research 

area, investigating how patients' life event data are available helps for a beuer 

decision making in CBR for health domain problems. 

• This research handled the treatment side of type 11 OM management. 1·lence, 

extending the prototype's capability to predict and prevent problems presents new 

research challenges ru:td opportunities to improve health outcomes. 

• In this research the case characterization and the case· base arc constnlcted 

manually from patients' history cards with the help of domain experts. Thus, 

Investigating the applicability of natural language processing (NLP) In 

constructing the case-base for the CBR approach is a new research area. 

• This study investigated a pure case-based reasoning approach for type II OM 

F rth e
searches can be conducted by integrating other 

management. u er r 

h 1
0k I based reasoning with the aim of improving the pcrfomlance 

approac cs I e ru c-

ofthe Knowledge·Based system. 
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Appendices 

Appendix I 

Sample interview questions posed to domain experts. 

I. What is diabetes mellitus (DM)? 

2. What is the basic difference between type I OM and type 110M? 

3. What are symptoms and signs of DM in general and specificall y type 11 OM 

4. How type II DM is diagnosed? 

5. What are treatments of diabetes and the goal of tile management? 

6. What are other co·illness developed together with diabetes and how they can be 

treated? 

7. Are there stages of type II DM? 

8. What are risk factors for type II DM and how to minimize them? 

9. What may happen if the patient fails to follow the prescription of the physician? 

10. What personal profiles' of the patient used in dec ision making of the 

management? 

II . What are the other variables used in type II DM management? 

95 



I 

I 
I 

Appendix II 

Some Section of the plain text Case-Base 

# type 2 OM plain text cas~ base 
#col u m ns are:caseld ,Age ,Sex ,privous e _g lucose, Cu rrenLg I ucose ,Ou ration, Curren Lmedication ,com pi 
case I ,60,M, l l 0,1l6,6,len te Insulin lO/20 and HG 12.5mg dailY,hypenension with previous BP 151 
case2,56,M,444,360,5,lente Insulin lO/20,hypertension with current BP 140/80 and retinopathy,we 
case3,5l,F,400,245 ,6,lente Insulin 50/25 ,hypenension with previous BP 150/100 and current IGOr 
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Appendix III 

'" I, 

'" 1 

~ PI."I S _ glllcosil I' 
Cllles • ..,.glUcose • I, 
DIlation I' 
('AUlt _medicallon 1 

ComplicllliOIl 1 

Signs_allII_symplorns I 
Tltillmenl I 

0 1 ""',' 
Case entry window 

RKiNO CASES: 
ase40 
1~,...Oeonr; ptio,,: De lltrlp~on 
a50Solution.Trealment Lenle Insulin 35115 
n .Qese.jplion Complication. no compllntiofl 
3r Oesct1IlUon.PeMous_ glucose: 320 
n.DescrlpUon .Oura~on: 6 
n -Descripllon.8elC. ~ 
as-Deserlption.Currenl_olucose: 3'2 

tlas.Oescrlpllon,Currenl _medlcaUon: Lentil Insulin lon() 
has.Descrlptlon.Age: 60 

as-Result: Rnull 
as· So lotion: 80lutlon 

wlthr.llue:1.0 

1 

1 

I 
I 
I 
I 
1 

I 
1 

aut 
as-Dnc,lptlon: 085([lpllon as.Solution.Treatment: lente Insulin )5120 and the pa~lInl needs education about dietary IX8fc llllnlection , tllind u rlou. lollaw 10 p,eslliUr' 

as-Descrlptlon,Complication: Hypertension 
as.DlIscrlpUon.Pervlou,_ glucose: 300 
as.Descrlption.Duration: 6 
as-Descrlptlon.SelC III 
as-Descrlption.CUfrent ....lIlucose: 336 
as-Destrlplion.Currenl JT1edlution: Lente Insulin 30120 

as-Descrlption.Ag': 55 
i s-Result Resun 
as-Solution: Solution 

with va lue:O.l 
i se12 
as-Destrlpllon : Description 
as-Solutlon.Treatment Lenle Insultn lonO Ifill about Ilypoglyclmiil signs and sYfflplom1 1111 measure to" tiken 

as-Descrtptlon.Compliutlon: no compllcatton 
as-Des(rlpllon.PeMOUS_ glueost: 301 
as-Desert tton.DuraUo : 1 

Case retrieval result window. 
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Case revision window 
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Case retansion window 
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Appendix IV 

User Evaluation Fonn 

This is an evaluation fonn to be filled by health professionals in order to assess the 

applicability of the case,based reasoning system in type II OM management using the 

following criteria. I thank you in advance for your willingness. 

Ratings and respective numeric values that can be assigned to each cri terion are the 

following 

Rating Excellent Very good good fai r poor 

Numeric value 5 4 J 2 I 

Instruction: Please, tick on the appropriate value for the corresponding criteria of the 

case.based reasoning system. 

Numeric value 
• 

Evaluation criteria 1 2 3 4 5 

Ease of use 

Relevancy of the retrieved cases 

in the decision making process 

Relevance of the attributes in 

describing the case 

Fitness of the final solution to 

the case at hand. 
• 

Adequacy and Clarity of 

advising 

Speed of the system 

99 
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