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A B S T R A C T

For a successful business, telecom companies need to provide consistent, qual-

ity and timely maintenance and support to their customers. This is difficult to

achieve without timely availability of domain experts that can efficiently be man-

aged using the Knowledge Base System (KBS). Different approaches are applied

to implement KBS and researchers study accuracy performance of the approaches.

However, there are limited performance studies on the approaches in the con-

text of telecom companies and none for ethio telecom. Most of the studies are also

only focused to accuracy performance of the approaches and other relevant perfor-

mance metrics that have an impact on the incident handling time of Information

Technology (IT) experts are not addressed well.

This thesis work presents performance comparison for KBS development approaches

in the context of operation support and maintenance process of ethio telecom.

Rule-based, Case-based and Artificial Neural Network (ANN)-based KBS develop-

ment approaches are considered and these approaches are modeled using data

collected from ethio telecom technical support experts’ knowledge and experience

through interviews and data analysis. For the performance analysis, data prepro-

cessing techniques including data reduction, data cleaning, data integration and

data transformation are applied on the collected datasets. Execution time, accu-

racy, F-measure, precision, recall, error rate and mean square error metrics that

have an impact on incident handling time are used for the performance evalua-

tion. Python programming language is used to model, train, evaluate and compare

the selected approaches.

Achieved performance results show that ANN-based KBS development approach

has a better performance in terms of building and executing the model, taking a

minimum time of 0.95 seconds. Furthermore, rule-based approach accomplishes

the highest accuracy that is 98.6 %, with minimum error in identifying the class

labels which are incident types. Based on the evaluation results on the execution
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time or response time, accuracy, and error measures which have an impact on the

incident handling time, a hybrid KBS development approach from the ANN and

rule-based KBS development approach can provide the best aggregate result.

K E Y W O R D S

KBS, Rule-based development approach, Case-based development approach, ANN-

based development approach
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1
I N T R O D U C T I O N

The term knowledge is defined as a high-value form of information, which pro-

vides a competitive significance to a company and is mostly used for decision and

action support [1, 2]. It is combined with company policy, strategy, rules, proce-

dures, expert experience, interpretation, context, reflection, and skills. There are

two basic types of knowledge. The first one is implicit or tacit knowledge, which

resides in people as mental models, experience, and skills [1, 2]. The other one is

explicit knowledge, which can be communicated and captured from formal mod-

els, rules, and procedures [1, 2].

From time to time knowledge is gradually taken as an organization’s valuable

resource and becoming a key to organizational success [3],[4]. In order to have a

successive journey and drive as competitive, companies are required to manage

their organization’s knowledge [3, 4].

Knowledge Management (KM) is a collection of formal processes that direct on

how a piece of knowledge is captured, created, distilled, organized, stored, dis-

seminated, utilized, and retained throughout the organization [2]-[4]. Managing

both, implicit and explicit knowledge of a company provide enormous benefits

[1]-[4]. Such as

• Filling knowledge gaps among the same section employees by creating ex-

pert knowledge sharing means

• Accelerate self-support for service or product users

• Increase customer satisfaction by eliminating time wasted to communicate

or ask domain experts and by minimizing request or incident handling time

• Accomplish learning without diverting experienced employees and without

spending time and money on training
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introduction

• Helps to accomplish employees tasks by providing updated information, by

enabling to perform the right procedure and model, by enabling to follow

the right rules and regulations

• Offer knowledge for innovation

The KM process by itself is not technical. IT emerges a computer system with an

intelligent technical means to manage an organization’s knowledge; known as a

Knowledge Management System (KMS), KBS, or Expert System (ES) [1]-[5], [6].

KBS and ES used interchangeably, to express Artificial Intelligence (AI) based sys-

tem designed to solve a problem using expert’s decision-making procedure and

ability by simulating knowledge, methods, and experience of experts [1]-[7].

The value of a KMS or KBS is recognized by different organizations and applied to

problems in so many fields. From researches, fields like engineering, electronics,

law, agriculture, medicine, manufacturing, metrology, geology, physics, forestry,

finance, IT, and telecommunication are mostly mentioned fields, which implement

KMS [3] -[7].

In the telecommunication field, there are a number of problems that need to imple-

ment KBS as a solution. Within telecom companies’ environment, there exist nu-

merous network equipment, applications, systems, software, and hardware used

for providing telecom service and products. For a successful business telecom

companies need to sustain a good quality of service by providing consistent and

timely maintenance and support for their customers. This is succeeded by hir-

ing and training IT experts. But to maintain telecom services, to handle incidents

that may happen on the service and equipment, and to provide timely support

for customer requests, IT experts need to be timely available. If IT experts can’t

be available due to different reasons, telecom companies encounter difficulties to

provide a sustainable quality of service. However, this can efficiently be managed

using KBS by collecting, storing, sharing, and managing IT Expert’s knowledge

and experience on solving problems and decision-making ability.

Researchers propose different approaches like rule-based, semantic networks or

ontology-based, case-based, ANN Based, frame-based, object-oriented based and

scripts based approaches to implement KBS or ES [7]- [8]. Each approach has its
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1.1 background of ethio telecom

own advantages, disadvantages and performance. Finding a suitable approach, to

build and implement the best KBS for a specific company, is not an easy task and

needs deep investigation.

1.1 background of ethio telecom

Ethio telecom is a fully government-owned sole provider of telecom service com-

pany in Ethiopia since 1894. The company tries to increase the number of its ser-

vices and subscribers in each fiscal year from its establishment. Ethio telecom, as

a telecom service provider, implements the latest technologies to provide modern

service for its enterprise and individual customers. The company also continues to

build and expand its network infrastructure, implement applications and systems

that can enable the company to offer recent services and technologies in a good

quality of services. Because of different causes the employed network infrastruc-

ture, applications, systems, software, hardware, and equipment may face different

problems, which are called incidents in the company trend, and affect the func-

tionality of the company. This will affect the company employees from achieving

their dedicated duty on the company’s mission and on serving customers. It also

affects customers from getting subscribed service with good quality.

In order to provide technical support and maintenance by handling such kinds

of service and operation interruption, ethio telecom organizes the operation and

maintenance department in its structure. Those departments are incorporated

within each division to support the company employees as internal customers

and service users as external customers. Some of the operation and maintenance

departments are specifically in charge of supporting the company divisions and

departments to have the required system and applications privilege, to resolve

their technical difficulties, and to maintain their resources and applications based

on their scope. Those divisions and departments, that need support from opera-

tion and maintenance, serve and support external customers. Though supporting

these divisions and departments is directly related with supporting external cus-

tomers, hence problems that happened internally affect external customers.
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1.1 background of ethio telecom

Ethio telecom hired IT technicians who can satisfy the operation and maintenance

department requirements. Employees assigned to operation and maintenance de-

partments get induction and on-the-job training on the way of handling expected

customer requests and maintaining resources, services, and applications. The com-

pany also provides additional training and workshops to expert its IT technicians.

Employees working in operation and maintenance departments by themselves try

to acquire and update their knowledge and ability of operation support and main-

tenance through education and experience with personal effort and using the com-

pany’s training opportunity. They continuously keep going to improve themselves

in incident handling, maintenance, and technical support and bring themselves up

to specialist and expert levels. Hence IT experts use their knowledge and experi-

ence to solve the problems. Handling incidents and requests require employees to

have a better and fast way of responding. This makes the time required to handle

the problem depend on the expert’s ability.

Those technical support specialists and experts may assigned to another duty or

transfer to other positions or resign from the company or may take a longer leave.

Such types of cases forced the support departments to handle customer problems

with the remaining staff, which may not have enough knowledge on incident han-

dling, or with newly hired ones. This makes the company to face a challenge

in providing consistent operation support by handling the same incidents and

customer requests with a lower capability as compared to its previous capabil-

ity. To sustain the previous way of incident handling and to obtain specialist and

expert trends of handling, support staff will try to contact experts through dif-

ferent means of communication. Specialists and experts may not be available at

the required time or explain the solution explicitly; which may take extra time for

understanding. This will result in handling the same problem with much time,

which causes an increment in a customer complaint, decrease customer satisfac-

tion, and avert the support and the company from meeting its target achievement.

As a solution, from the previous and current trend, the support department facili-

tates additional training. This will cause the company to spend extra expenditure

and needs additional time to prepare, schedule, and perform the training. These

all the mentioned solutions are not time and cost-effective.
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1.2 statement of the problem

In order to solve this problem, there must be a means of managing and sharing

domain experts, which are specialists and experts, knowledge and experience on

incident handling among the operation support employees. For this purpose, im-

plementing KBS is an efficient way. To do so, there are several KBS development

approaches and techniques, that help to manage knowledge and facilitate expert

knowledge sharing, proposed by researchers. The proposed KBS development ap-

proaches include rule-based, semantic networks or ontology-based, case-based,

ANN Based, frame-based, object-oriented based and scripts-based approaches [7]-

[8]; and have different capabilities and performance.

Studying the performance of the available KBS development approaches is re-

quired to identify the best approach for implementing a better KBS which is suit-

able for ethio telecom.

1.2 statement of the problem

Telecom companies, including Ethiotelecom, must provide consistent support and

maintenance for their customers to achieve a successful business. This in turn, re-

quired having domain experts that can have enough knowledge and experience

in incident handling and avail in the required time. Domain experts may not

be timely available due to different reasons; remaining or newly hired staff may

cannot able to handle incidents as domain experts do. Under this circumstance,

providing consistent and quality operation maintenance and support cannot be

achieved. Such kinds of problems result in increasing customer complaints, de-

creasing customer satisfaction, and prevent the company from meeting its targeted

goal and missions. To overcome this challenge solutions like trying to contact do-

main experts through different communication means and facilitating additional

training for the remaining and new staff are not time and cost-effective. This can

be resolved efficiently by using KBS to manage and share domain experts knowl-

edge and experience on incident handling among the operation support employ-

ees.
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1.3 objective

There are different approaches that can be applied to implement KBS. Those ap-

proaches have different capabilities and performance. Studying the performance

of the available KBS development approaches is needed to select the appropriate

one. Yet there are limited KBS development approaches performance studies in the

context of telecom companies and none for ethio telecom. Most of the studies are

also focused only on the accuracy performance of the approach and other relevant

performance metrics that have an impact on incident handling are not addressed

well.

There is a need for a study that can address such research gaps and difficulties in

identifying a better KBS development approach which is suitable for ethio telecom

to solve the mentioned problem. This research focuses on proposing a better KBS

development approach suitable for ethio telecom by studying and comparing KBS

development approach performance that has an impact on incident handling other

than accuracy.

1.3 objective

1.3.1 General Objective

The main objective of this study is to compare knowledge base system devel-

opment approaches and propose a better approach suitable to manage experts’

knowledge in the ethio telecom operation and maintenance process.

1.3.2 Specific Objectives

The specific objectives of this study are:

• To identify and understand different KBS development approaches

• To build and train selected approaches used for KBS development

• To test and analyses the performance of selected KBS development approaches

• To compare selected approaches used for KBS development
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1.4 methodology

• To propose the better approaches suitable to develop KBS for ethio telecom

operation and maintenance process

1.4 methodology

In order to achieve the general and specific objectives of this study, the following

methodologies and techniques are applied.

1.4.1 Literature Review

Relevant literature and articles including conferences, journals, thesis, and books

related to the Knowledge Base system are reviewed and grasp a better understand-

ing of:

• Knowledge Base system

• Approaches, techniques used to model or develop a KBS and select the ap-

propriate approach

• Tools used to implement KBS and select the appropriate tool to implement

the selected knowledge base system model

• Data required to model and implement KBS

1.4.2 Data Collection

Both primary and secondary sources of data were used to acquire the required

knowledge for this study. Knowledge is mainly gathered from Ethio-Telecom’s

technical support (TS) section. TS structurally found in CSD operation support

department and responsible to support customer service employees to accomplish

their duty and to support external customers.

As a primary data source, domain knowledge is collected through interviews with

domain experts that spent in the technical support section of ethio telecom to

gather the cause and possible solutions for selected incident types.
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1.4 methodology

Although many sampling techniques are available to conduct research, the pur-

posive sampling technique is applied for this study to select domain expert [9].

Purposive sampling is defined as " judgmental sampling that makes the conscious

selection of certain subject or element to include in the study " .

The basic criteria considered to select domain experts are their previous and or

current position, educational background, and year of experience. Based on those

criteria five (5) domain experts are selected from the technical support section of

ethio telecom using purposive sampling.

Unstructured interview, which is sometimes referred to as discovery or informal

interviews, the technique also applied to acquire the required knowledge [9, 10].

In this interview technique, the interviewer inquires open-ended questions related

to the research topic instead of using a formal set of questions [10]. This nature of

the interview technique enables the interviewer to modify or change the order of

the question based on the response or experience of the interview candidate [10].

It also makes the interview candidate to be flexible in sharing experiences like

having a natural informal conversation [10]. Therefore, using the unstructured in-

terview technique knowledge is acquired from domain experts by focusing on the

expert’s experiences and documents, if any, used to handle the selected incident

types and customer requests.

As a secondary data source, 6 months recorded incident log and report is ex-

tracted and document analysis is applied: by referring technical support written

documents, manuals, and incident log and report as a baseline, additional relevant

literature also reviewed.

1.4.3 Data Preprocessing

The collected expert knowledge is preprocessed by reducing, cleaning, transform-

ing, and integrating the dataset, to have a clean, complete, and suitable dataset for

the selected knowledge base system development approach models and tools.
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1.4 methodology

1.4.4 Building Knowledge Base System Model

Building a well-formed knowledge base system is required to select an appropri-

ate technique to structure the knowledge.

From the literature review three mostly applicable knowledge base system devel-

opment approaches are selected to be modeled, evaluated and compared based

on their performance. Those are rule-based, case-based, and ANN-based develop-

ment approaches.

The selected three KBS development approaches models are built, as presented in

chapter four, according to the required knowledge representation.

1.4.5 Implementation Tool

There are numerous programming languages established to implement Knowl-

edge base systems. Researchers usually used programming languages like PRO-

LOG, CLIPS, LISP, Logic and Object Oriented Programming (LOOP), OPS5, Epistemic

Ontology Language with Constraints (EOLC), python, mathlab , ARCHLOG , ADA,

JAVA and C++ [11], [12], [13], [14].

Among those programming languages python is selected to be used as a tool for

building the selected KBS development approaches models. It is selected because

of its portability, applicability, increased productivity, easy and fast debugging ca-

pability, robustness, full development environment, and sustainable performance

[11] - [14].

Python is one of an open source software designed based on object oriented pro-

gramming concept. It is more applicable to implement knowledge base systems or

expert systems; hence, it is a widespread programming language for data science

[14],[15], [16].

1.4.6 Evaluation and Result Discussion

To evaluate the performance of the modeled knowledge base development ap-

proaches evaluation metrics such as execution time, accuracy, F-measure, preci-
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1.5 scope and limitations of the study

sion, recall, error rates and mean square error are selected.

The performance of the KBS model is evaluated and compared based on selected

evaluation metrics with the involvement of domain experts. Based on the evalu-

ation and comparison result, the KBS development approach with better perfor-

mance is proposed for ethio telecom.

1.5 scope and limitations of the study

This study aims on comparing the performance of rule-based, case-based, and

ANN based knowledge base system development approaches.

Although there are different KBS development approaches this research limited

to study rule-based, case-based, and ANN approaches. In addition, though there

exist a number of incident types, the study focuses on the top ten incident types.

1.6 contributions of the research

Ethio telecom is beneficiary from this study because it identifies which knowl-

edge base development approach is appropriate for the company to build the best

knowledge base system. In addition, if the proposed solution is implemented it

enhance the operation and maintenance support capability of telecom companies,

like ethio telecom. By enabling companies

• To have a fast and accurate KBS with minor errors in identifying the occurred

incident types and recommend expert solutions.

• To overcome challenges that occurred when domain experts were unable to

exist at the required time.

• To provide consistent and smooth operation support and maintenance with

available IT technicians by adopting expert solutions.

• Technicians, who have not enough experience in the domain area, to solve in-

cidents easily and accurately in a minimum time using experts’ knowledge.
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• To minimize investment run to train new technicians by enabling experts’

knowledge sharing.

• To increase customer satisfaction, minimize customer complaints, and in-

crease company revenue by minimizing service interruption time.

From the literature review, it is clearly shown that there is no specific work done

on comparing the three knowledge-based development approaches: rule-based,

case-based, and ANN-based approaches using additional evaluation metrics other

than accuracy. In addition, there are limited researches done related to KBS devel-

opment approaches applicability for telecom sectors. So, the result of this study

can be used as an input for the research areas community.

1.7 literature review

Many researchers conducted to provide approaches, which may have different

reasoning techniques and help to build a knowledge base system or expert system.

Among such researches, some related work is reviewed and presented below.

L. Atymtayeva, K. Kozhakhmet, and G. Bortsova [6] developed an approach used

to build a Knowledge Base (KB) for Information Security (IS) expert system based

on ISO 2700k IS standard. The constructed ontology KB consists of assets (ob-

jects that need to be protected), sources (standards), threats that could influence

assets, vulnerabilities that can exploit those threats, steps (guideline or controls

that might mitigate those vulnerabilities), and relationships among them from IS

expert’s knowledge. The developed approach recommends appropriate measures

that can be taken to avoid a risk that might happen in the organizations and im-

prove information system security level by analyzing the threats or vulnerability

types with IS standards. The developed model serves as IS audit process, which

avoids previous security audit process expense in time, cost, and human resource

involvement. The result enables IS management to discover and decide on the

right IS policy by reducing the cost spent for IS audit.

Latha B. Kaimal, Abhir Raj Metkar, and Rakesh G [17] present an enhanced algo-

rithm suitable to the real-time expert system used for alarm’s root cause analysis
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within a power plant. The researchers compared the available association-based

machine learning algorithms and select an efficient algorithm, which uses real

data exist in a power plant domain and generates all significant rules. The au-

thors develop the expert system using programming languages Java, Flex, and

MySql Database. From available association-based learning algorithms, such as

Apriori, predictive Apriori, FP growth, and Tertius, the authors found that the

Tertius algorithm is appropriate for this application. The result shows that the

learning engine that uses an association rule-based algorithm enhances the real-

time expert system by supporting the establishment of new rules.

Sourav Mandal, Sumanta Chatterjee, and Biswarup Neogi [18] introduced an in-

telligent expert system which helps to diagnose and troubleshoot computer hard-

ware faults based on expert system and AI. The designed system receives com-

puter system defects, diagnoses the defect by applying formal fuzzy-logic rule-

based reasoning from its intelligent KB, and recommends a probable solution to

resolve the problem. The authors present the extension of their previous work,

implemented with Turbo Prolog programming language and database manage-

ment system, by using Object Oriented technology and web-based programming

approach in addition to exploring the previous expert system. Even if the system

is not tested, the authors put their expectation of the system’s ability in helping to

repair computer system faults and save time and cost by suggesting appropriate

time-consuming maintenance tasks.

Mazlina Md Mustaffa, A.S.Shibghatullah, A.S.H.Basari, and B.Hussin [19] pre-

sented an intelligent expert system that helps for diagnosing computer hardware

failures and making a decision on a solution. The system records the computer

hardware problem, symptoms, and domain knowledge expert solutions; then it di-

agnoses the computer hardware failure using rule-based technique and presents

possible causes with appropriate solutions. The authors use a formal software de-

velopment process to develop the proposed system. Following the process they

mentioned that the expert system was evaluated by human experts but they did

not present the result, they only put their general expectation. In general, the pro-

posed system expect to assist technicians in making a quick decision in diagnosing

computer hardware failure and providing optimum solutions. It also expects to

12



1.8 thesis organization

solve the problems in diagnosing computer hardware failure, their causes, and

solutions. Such as the trial and time were taken to actually detect and identify the

cause of computer hardware failure.

Yingying Wang, Qiuju Li, Chang, Hongwei Chen, and Guohua Zang [20] intro-

duce fault diagnosis expert system by using and combining advantages of Neural

Network (NN) and fault tree technologies. Researchers use control box faults taken

from the digital control system to simulate, train and test the designed expert sys-

tem model. The result shows that the proposed model is more accurate and fast

in fault diagnosis by enabling the system to locate the source of failure.

Finally, the reviewed related work presents an expert system suitable for the se-

lected domain. They used different approaches to acquire, represent, model, and

implement KBS. They also use different mechanisms like an expert test to evaluate

the accuracy of their system. Even if there are additional metrics that have an im-

pact on the incident handling time of IT technicians, none of them compares their

proposed approach with another similar purpose KBS development approach to

evaluate its performance other than its accuracy. In addition to this, the perfor-

mance of such development approaches is not studied in the context of telecom

companies, especially ethio telecom.

1.8 thesis organization

This study is organized into six chapters. Chapter 1 is the introduction part which

contains the background of the study, statement of the problem, objectives, method-

ology, scope and limitation of the study, the contribution of the study, and related

literature reviews. The second chapter Chapter 2 provide detailed information

about the knowledge base system overview including its background and archi-

tecture with its component description. The overall discussion of the KBS develop-

ment approaches ,which are selected for this study cover under Chapter 3. Tasks

performed under the process of modeling the selected knowledge base system

development approaches stated in Chapter 4. Chapter 5 present the result found

in the performance evaluation of the development approaches. Chapter 6 discuss
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the conclusion of this study based on the obtained experiment result and recom-

mendations for future work.
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2
K N O W L E D G E B A S E D S Y S T E M

2.1 introduction

The knowledge-based system also known as an expert system, is an artificial

intelligence-based system designed to solve a problem using an expert’s decision-

making procedure and ability by simulating knowledge, methods, and experience

of experts [1] - [6].

An artificial intelligence by itself is devised in 1956 and denote the latest science

that makes computer programs intelligent to do things by adopting the perceiving,

understanding, manipulation, predicting ability of the human being [5, 21, 22].

This makes AI entities to handle many problems in the same way as human beings

handle it [5, 21, 22]. Starting from its emerging time, which is 1956, AI became a

scientific basis for different technology fields including KBS.

Knowledge-based system uses human expertise domain knowledge, stored in an

intelligent computer program, called knowledge base, then drive expert knowl-

edge from it when users’ needs access to the knowledge. It can consult by giving

a suggestion or advice like human experts on how anyone can solve a problem.

KBS enables to save money, time, and effort by making several experts’ knowledge

to be available in anywhere and anytime without the need of the experts’ physical

existence. It also smoothens the consistency of work by providing experts’ knowl-

edge and making anyone to function in a productive manner at a higher level as

an expert.

KBS provide numerous benefits by overcoming domain expert’s limitation such as

[4, 23]:

• There may be scarcity in domain experts.
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• Experts’ may take a longer leave, assign to another duty, resign or die

• Experts’ may forget details in the problem-solving process or procedure

• Experts’ may get physically or mentally tired from workload

• Experts’ may not be consistent in their day-to-day decisions

• Experts’ are limited in place and time

• Some experts’ may not need to share their experiences, so they may lie about

or hide their experience

2.2 architecture of knowledge-based system

KBS as a system consists of an interconnected system component with their own

roles working together to provide the required functionality. As shown in the

architecture of KBS presented in fig 2.1, the essential components of the KBS are

knowledge acquisition module, knowledge representation module, KB, inference

engine, and User Interface (UI) [7], [8]. Each of these components with their roles

is briefly explained in the following sections.

Figure 2.1: Architecture of a Knowledge-Based System [8]
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2.2 architecture of knowledge-based system

2.2.1 Knowledge Acquisition

The first step in building KBS is Knowledge acquisition (KA). KA is the process of

extracting relevant knowledge from specified data sources such as domain experts,

documents like books, manuals, and journals [7] – [8]. KA extract knowledge to

accumulate and transfer experts’ knowledge and problem-solving skill into com-

puter programs and system users. Potential data sources of knowledge include

domain experts’, domain-specific literature and researches, textbooks, databases,

and the like. Techniques such as interviews, data analysis, questioners, and obser-

vations can be used to acquire knowledge from potential data sources. KA includes

eliciting and structuring of knowledge obtained from different data sources [7] –

[8].

The KA process determines the performance, usefulness, and trustworthiness of

KBS. So, more attention must be given to the effectiveness of the techniques used

to acquire reliable, accurate, and valid knowledge [7]- [8].

In order to build the KBS efficiently, knowledge engineer must carry out the fol-

lowing steps sequentially during KA process [8].

• Elicit the data obtained from domain experts and document analysis

• Interpret the acquired knowledge and conclude domain expert knowledge

and reasoning process

• Construct the model by structuring the expert’s knowledge

• Repeat step I-IV until the KBS became fully functional

2.2.2 Knowledge Representation

After extracting the required domain knowledge, knowledge must be encoded in

a systematic means [7]- [8]. This implies a knowledge representation (KR). KR in-

cludes preparing a knowledge map and the documenting, structuring, encoding

of acquired knowledge. KR is the process of transforming and encoding the ac-

quired knowledge into a systematic means or computer understandable form to

make the knowledge suitable for the selected KBS development approaches [7] –
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[8]. Through the process of knowledge representation knowledge engineer makes

the knowledge to be suitable for the designed knowledge base. KR differ based on

the selected KBS development approaches. Different KBS development approaches

have different ways of knowledge representation technique.

2.2.3 Knowledge Base

The body of KBS mainly consists of the inference engine and KB, which exist as sep-

arate modules and work together closely [7]- [8]. They provide the main function

of KBS.

The KB is a repository that stores all relevant knowledge acquired from domain

experts through knowledge acquisition process [7]- [8]. The acquired knowledge,

which is structured and encoded in the knowledge representation process, is

stored in the knowledge base. The structure of the knowledge base differs based

on the selected KBS development approaches. Different KBS development approaches

have different ways of structuring the knowledge in the knowledge base.

2.2.4 Inference Engine

The inference engine is an instruction on how the knowledge stored in knowledge-

based is used for problem-solving [7]- [8]. It performs a search and deduces facts

or draws conclusions from expert knowledge stored in the knowledge base. In-

ference engines accept end-user questions in a natural language form, formulate

them to be understandable for a computer program, find the solution for the end-

user questions and present the answer in the form of natural language. Inference

engine uses reasoning mechanisms to manipulate, control, uses, and interpret ex-

pert knowledge and provides expert recommendations or advice [7]- [8].

2.2.5 User Interface

Once the construction of the KBS is completed, it requires one critical module

called the user interface to interact with system users simply by hiding KBS’s

complex internal structure [7]- [8]. The quality of UI may determine the acceptance
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of KBS. In order to get user acceptance, the KBS UI must be user-friendly. KBS uses

a Graphical User Interface (GUI) or natural language base question and answer,

menu-driven user styles to implement the UI [7]- [8]. However, currently, most

KBS use GUI. The user interface is where the KBS accepts end-user questions as an

input and display experts’ solution for the end-user as an output.

19



3
K N O W L E D G E B A S E D S Y S T E M D E V E L O P M E N T

A P P R O A C H E S

Knowledge base system development approach, also known as knowledge base

reasoning technique, is used to implement KBS or ES [7]- [8]. Knowledge base

system development approaches differ on the way they are used to represent

knowledge, on their knowledge base structure design, and their inference engine

reasoning. The well-known Knowledge base system development approaches are

rule-based, semantic networks or ontology-based, case-based, ANN Based, frame-

based, object-oriented based and scripts based approaches [7]- [8]. For the purpose

of this study, from the available reasoning mechanisms, the most commonly used

three reasoning techniques; rule-based, case-based, and ANN-based techniques

are selected and discussed as follows.

3.1 rule based development approaches

Rule-based knowledge base system development approach, which is also known

as rule based reasoning (RBR) technique is one of the most popular reasoning

techniques that represents a piece of knowledge in the form of rules facts [24]. The

rule is a conditional statement that derives a conclusion based on the fulfillment of

a condition. The basic form of rule-based reasoning is the “IF-THEN “ approach.

From the “IF-THEN” statement, the “IF” side expresses the premises or condition

that needs to be true in order to execute the rule, and the “THEN” side of the

statement states action needs to be taken or the conclusion needs to derive.
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3.2 case based development approaches

In the rule-based KBS development approach two inference methods are available.

They are known as forward-chaining (Data-Driven) and Backward chaining (Goal

Driven) [25]. Both inference methods follow the same procedure and have the

same function, they only differ in their inference technique and in the structure of

the KB.

Forward chaining (Data-Driven)

In the forward chaining inference method, the inference engine receives a problem

as a condition and derives the conclusion that satisfies the condition. First, the

system will crosscheck all the rules to find the one whose condition satisfies. So,

with this scenario, a rule is executed at least once whether a fact that satisfied it is

available in the database or not.

Backward chaining (Goal Driven)

This inference method only focuses on the rules that are applicable to a particular

goal or conclusion. Unlike to forward-chaining, backward chaining does not check

rules that are not related to its conclusion or goal. Backward chaining receives a

problem as a conclusion and tries to find premises or conditions that will cause

the conclusion. In another expression, the system accepts a goal and then tries to

find the fact that can match with the goal.

3.2 case based development approaches

Case-based knowledge base system development approach, also known as case

based reasoning (CBR) technique, is an automated reasoning and decision process

whereby it solves new problems through experts’ experience accumulated in solv-

ing previous ones [26, 27]. CBR is built by storing the condition of the problem and

the action taken at that time then the KBS focused on recognizing the similarity

of new problems to existing previous ones. It is used for diagnosis, prediction,

classification, or recommendation of a solution to the new case by remembering

previous similar case[26, 27].

CBR represent a piece of knowledge in the form of cases. Cases, in CBR, can be

taken as a previously experienced situation collected and stored over time. CBR
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focuses on managing cases to solve a new case by finding a previously recorded

situation that is similar with the new one. CBR structured as a four-step process

named as four R’s which are: Retrieval, Reuse, Revision, and Retention. The below

figure represents four R’s as a case-based approach cycle. Each process is also

stated in detail in the following section.

Figure 3.1: Case based cycle [26]
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Retrieval is the process of finding a case similar to the current situation or state.

: It relies on ability to assess any two states based on their applicability.

: Adjustable weight vector to control direction of the hyperplane

: The retrial process uses a similarity measure to measure

how much the previous cases are similar to the new case.

: Similarity Measure : also known as case matching

: match new case with the previous case from the case based

to find the solution.

: Select cases that have the same or near the same solution

and can be adopted easily to the current problem.

: uses attribute weight, which is assigned based on their importance,

to calculate degree of similarity.

: There are two types of similarities : -

Local and Global similarity

: Local similarity used to compute the similarity between new case

attribute and previous case attributes value at feature level.

: Attributes value can be discrete and numeric or continuous.

: Global similarity is a weight sum of local similarity

computed at case or object level

Reuse : is a process when the system retrieve a case and propose it

as a valid action to apply for the current state.

Revision : is a process to evaluate through a serious of metrics or simulation on

how well the proposed solution will perform and whether it is practical

to apply it for the new case.

Retention : is a process of storing the result of the new or previous case experience

in memory to be used for future.

In order to build the KBS using the case-based development approach, knowledge

must be acquired from previous situations and experts’ solving experience first,
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3.3 ann based development approach

then knowledge must be represented in the form of cases. The knowledge base

and the inference engine should be designed based on the case-based cycle pro-

cess. The user interface should also align with and support the case-based process.

3.3 ann based development approach

In the ANN based development approach, also known as ANN based reasoning,

knowledge is represented as a structure of human brain systems [28, 29]. It is

designed by making artificial neurons to be an approximately simulated model

of human brain neurons. ANN has a large connected network, formed by neurons

which takes an input and computes the desired output by processing the input

values through multiple layers. ANN store the knowledge in the form of weight in

which the value is decided based on the importance that particular input has to

calculate the desired output. Some computation is taken place between input and

output layers, in the hidden layers [28–30].

Layers are used to hold neurons and pass them to the subsequent layers. In the

ANN based development approach neuron is an input point. Each neuron is a

mathematical operation that takes its input to multiply it by the weight associated

with it and passes the sum through the activation function to the other neurons.

As can be seen in fig 3.2 below ANN generally has three layers known as input

layer, hidden layer, and output layer.

Input Layer: accepts all the inputs provided by the user

Hidden Layers: are set of layers that can be exist

between input and output layers.

: perform some computations which results in the output.

: results are gained from this layer.

Output Layer: is the layer where the output is delivered.
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Figure 3.2: Artificial Neural Network (ANN) model [30]

In each layer, there are a number of neurons that take the input and perform a

mathematical operation by multiplying the input with weights associated with it

and passing the sum through the activation function to the other neurons. The

activation function computes the output from the weight of some of the inputs. It

also normalizes the computed input to produce an output. Hence ANN deals with

numeric data knowledge, knowledge needs to be converted from text to binary.

There are a number of ANN types. The most applicable ANN types are feed-

forward neural network, convolutional neural network, and recurrent neural net-

work.

Feedforward Neural Network (Artificial Neuron)

In this ANN type, the input in the NN travels in one direction. It only used front

propagation wave and backpropagation is not allowed in this ANN type. Feed-

forward NN is the simplest form of ANN, which makes it easier to be build and

maintained. The input data is entered through the input layer nodes, the weighted

sum of the nodes is calculated using classifying activation function and the output

is exited on the output layer nodes. Such type of ANN may or may not have a hid-

den layer [31] - [34]. Feedforward neural network applications are found in speech

recognition, computer vision, face recognition, and simple classification [31] - [34].
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Convolutional Neural Network

A convolutional neural network encloses a three-dimensional array to arrange

neurons, instead of having a two-dimensional array as standard. The first layer of

a convolutional neural network is known as the convolutional layer. In the convo-

lutional layer, neurons can only process from the small part of the input features

by filtering them in batch-wise and computing this operation many times until

the full visual image or the input is processed. The convolutional neural network

is similar to a feedforward network, yet its neurons have learnable weight. Convo-

lutional Neural Network applications are found in speech recognition, computer

vision, video recognition, machine translation, semantic parsing, signal process-

ing, image classification, paraphrase detection, and image processing[31] - [34].

Recurrent Neural Network

In a Recurrent Neural Network, the output of a layer is saved in its neurons and

feedback to the input in order to predict the outcome of a layer. The recurrent

computational process is accomplished by making neurons to retain and remem-

ber information from previous steps. In the forward propagation stage of the

recurrent neural network, input information is executed using a recurrent compu-

tational process. In the backward propagation, a layer outcome is predicted using

previously stored information in neurons. If the prediction is wrong, error correc-

tion or learning rate means is used to make small changes that make recurrent

neural networks to perform the right prediction. Recurrent neural networks appli-

cations are found in the text to speech processing, text processing, image tagger,

translation, and semantic analysis[31] - [34].
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4
E X P E R I M E N TA L A N A LY S I S

The overall and detailed experimental process performed to conduct this thesis

work is specified in this chapter. The overall experimental process of this research

work is shown in fig 4.1 below. As illustrated in figure 4.1 the experimental pro-

cess is composed of four components such as data collection, data preprocessing,

modeling or building knowledge base development approaches, and finally model

evaluation and comparison. The detailed activities carried out under each step of

the experimental process are described in the next section of this chapter.

Figure 4.1: Overall Experimental Process [35]
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4.1 data collection

4.1 data collection

For this study, both primary and secondary sources of data are used to collect

the required data and to acquire the required knowledge from it. Interview with

domain experts is used as a primary data source whereas as a secondary data

source domain knowledge is collected using document analysis: by referring tech-

nical support written documents, manuals, incident logs, and incident reports.

Any problem that might happen in the network infrastructure, applications, sys-

tems, software, hardware, resource, and equipment is known as incidents in the

ethio telecom trend. The main data used for this study is a collection of incidents

that happened in the customer service division (CSD), which is stored in a sys-

tem internally developed by Ethio-Telecom’s technical support team and known

as Incident Management and Reporting System (IMARS).

Each and every incident occurred in the CSD logged by the TS team in the IMARS.

The team TS is the one who is responsible for providing operation and mainte-

nance support for CSD employees to accomplish their duty and for supporting

external customers.

For this work, the 6-month incident log extended from 01-09-2020 up to 28-02-2021

that contains 4531 incidents extracted from IMARS. The collected data consists of

around 19 attributes. The attributes of the incident log with their description are

illustrated in table 4.1.
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No Attribute Description

1 Site A Place where the room is located

2 Section The name of the section

3 Room Specific room where the incident happened

4 Owner Specific name of the incident handler

5 Incident Type General Category of the incident happened

6 Incident Description The specific type of incident

7 Handler Handler of the incident position

8 SD Number Number of the incident if the incident is escalated to other section

9 Status Status of the incident whether it is closed or opened

10 Raised Time The time where the incident is happened

11 Reported Time The time where the incident is reported to the handler

12 End Time The time where the incident is handled

13 Frequency Redundancy of the incident occurrence

14 Duration For how long the incident is stayed

15 Remark Description if any

16 Coach Group Specific team if the incident is happened in Call center

17 Impacted User The number of affected users by the incident

18 Created Date The date reported to other section handler if the incident is escalated

19 Modified Date Date where the status of the incident is updated

Table 4.1: Raw Data from Incident log

Not all the above incidents, incident types, and attributes are necessary for this

work. So attributes, features, and the top 10 incident types are selected in the data

preprocessing stage.

However, the incident log doesn’t contain the causes or indicators of the incident,

which are used to identify the incident types with their possible expert solution

and mainly required for this study. Due to this reason, the remaining required

data is needed to be collected through interviews with domain experts. In order

to simplify the work, the interview is done after data preprocessing with selected

top 10 incident types. The interview is held with domain experts, selected current

and former TS employees, to identify the causes or indicators of the selected top

10 incident types and the expert’s solutions for them.
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Five (5) Domain experts were selected using purposive sampling techniques, al-

though many sampling techniques are available to conduct research [9]. The basic

criteria considered to select domain experts are their previous and or current posi-

tion within the TS section, educational background, and year of experience in the

TS section.

To perceive the required knowledge unstructured interview technique is applied.

The interview with domain experts focuses on their expert’s experiences and doc-

uments if any, used to identify each incident type and techniques used to handle

the selected incidents. The interview questions cover on identifying the main prob-

able causes that indicate the specific incident type and on how the domain experts

handle the selected incident or their recommended solution for a specific incident.

During the interview session, the collected data from each domain expert was

recorded on an excel sheet. The selected and participated domain experts’ profiles

are presented in Table 4.2 below.

No Current Position Previous Position Year of experience Level of Education

1 IT Application Support Supervisor IT Application Support Specialist 8 MSC.

2 IT Application Support Supervisor IT Application Support Specialist 8 MSC.

3 IT Application Support Specialist IT Application Admin 8 MSC.

4 IT Application Support Specialist IT Application Admin 6 BSC.

5 IT Application Support Specialist IT Application Admin 5 BSC.

Table 4.2: Profile of domain experts

In addition to the interview, data analysis on documents such as Frequently asked

question (FAQ) prepared in TS and training documents guided to maintain im-

plemented systems are done to assess causes or indicators used to identify the

selected top ten incident types and their recommended expert solution.

From the result of unstructured interview and data analysis, 30 causes or indica-

tors that are used to identify the selected top ten incident types are collected and

listed in the table 4.3 below:
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No Incident cause (indicator) No Incident cause (Indicator)

1 Static IP assignment Problem 16 Corrupted MS Office application

2 DHCP Problem 17 OS Problem

3 Shortage of Static IP 18 Mcafee antivirus issue

4 Compatibility issues on browser 19 System stack

5 Network/ Intranet problem 20 IPCC system become busy

6 Mail size exceed 21 Multiple browser open at time

7 User account Problem 22 IE crushed or stack

8 Outlook set to offline 23 Outlook problem

9 IPCC CRM Integration failure 24 Microsoft Office License

10 Network interruption between TC and server side 25 PC performance problem

11 Cookies and temp file 26 Outlook does not closed properly

12 PC miss policy update 27 Attachment file size is beyond the limit

13 Open eye does not get a license 28 File corrupted or attacked by virus

14 MS Office activation problem 29 Application Software Corrupted

15 Un licensed MS Office 30 Application Software is not compatible for the file

Table 4.3: Incident causes (indicators) from Interview

4.2 data preprocessing and attribute selection

Raw data may be inconsistent, incomplete and noisy [35],[36]. So preprocessing

the data is essential. Data preprocessing is the process of producing understand-

able data by transforming the collected raw data [35],[36]. It enables the result of

the research to be accurate and efficient by improving the quality of data [35],[36].

So, incident types and features that are relevant for this study should be selected

from the raw data collected from the IMARS incident log, through interview and

data analysis. Domain experts are also involved in data preprocessing on the top

ten incident types and feature selection.

To do so, the following tasks are done during the data preprocessing and feature

selection process. As depicted in the fig 4.2 below, the data preprocessing process

includes data reduction, data cleaning, data integration, and data transformation.

In the next portion, each task of the process is discussed in detail.
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Figure 4.2: Data Preprocessing Process [36]

4.2.1 Data Reduction

As the name implies, data reduction is used to minimize the volume of data by

maintaining the integrity of the original data [35],[36]. Dimensionality reduction,

numerosity reduction, and data compression are some of the techniques used for

data reduction [35],[36].

For this study, the dimensionality reduction technique is used to reduce the amount

of raw data. Dimensionality indicates the number of attributes or features in the

dataset. So in this technique, the number of attributes or features in the dataset

is reduced to decrease the dimension of the dataset. Dimensionality reduction by

itself has two sections: feature extraction and feature selection. In the feature ex-

traction part, a high volume of data is reduced into a lower volume and produces

a dataset with a fewer number of features. On the other hand, the feature selection

segment is a process of finding a small subset that represents the original dataset

[35],[36].

32



4.2 data preprocessing and attribute selection

4.2.1.1 Feature Extraction

Hence, in the 6-month incident log, the amount of data extracted from IMARS con-

tains 4531 incidents with 17 previously identified incident types. Processing such

an amount of data does not cost and time efficient. In order to smooth the research

work and reduce the amount of dataset, a dimensionality reduction technique is

applied. In the feature extraction phase of dimensionality reduction, the top 10

incident types are selected by taking their frequency of occurrence as a major cri-

terion. Applying this technique step enables to reduce the size of the dataset from

4531 incidents into a total of 1924 incidents. The extracted top 10 incident types

are summarized in table 4.4 below.

No Incident Type Frequency

1 Unable open/work applications (Excel problem, Word Problem, Ppt problem, Project problem, Access problem, power geez, micro soft projector) 442

2 Unidentified network due to "IP conflict/different system cannot log on the same IP" 292

3 IPCC unable to login due to long time loading stack problem 291

4 Outlook problem unable to send and receive mail 207

5 IPCC unable to display customer information 194

6 IPCC unable to login due to "RES unknown error" " failure of open eye registration" 194

7 IPCC exit by itself 93

8 Unable to open outlook load for long time 90

9 Outlook update delay 73

10 Unable to open any file data due to corrupted /no Â compatible software 48

Table 4.4: Selected Top 10 Incident Types

4.2.1.2 Feature Selection

As stated in the data collection section, causes or indicators of the selected top 10

incident types and their recommended expert solution are collected from domain

experts through interview and through document analysis. The quality of the data

collected through interview and document analysis also needs to be maintained.

From feature selection strategies, filter strategy is selected to be used for this re-

search work. Filter strategy select features using information gain, also known as

mutual information, by measuring dependency of the two variables. In this study,

filter strategy is applied on the dataset that contains the 30 causes or indicators

of incident types as independent variables and the top 10 incident types as a de-

pendent variable. Then the 30 incident causes or indicators of incident types are

selected accordingly and preserved as features to model the KBS.
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4.2 data preprocessing and attribute selection

4.2.2 Data Cleaning

Data cleaning is the process of cleaning a dataset to provide accurate and complete

datasets to the models [35]. This can be done by replacing missing values and by

removing incorrect, incomplete, and inaccurate data [35], [36]. Handling missed

and noisy or irrelevant data are the techniques that can be used in this process.

Missed values and noisy data can be handled by replacing them with the probable

value or by removing them totally from the dataset [35], [36].

For this study, this process runs over the reduced dataset which contains 1924

total incidents. There were missed values that cannot be replaced by the probable

values, accordingly, those values are removed from the dataset and a total of 1786

incidents are preserved as a complete and accurate dataset.

4.2.3 Data Integration

In the case when the data is gathered from different sources, data integration is a

critical step of data preprocessing. It is a technique used to consolidate the data

collected from different sources into one. [35], [36] .

In this stage the data set, which is previously obtained from IMARS incident log,

through interview and from data analysis preprocessed by passing through data

reduction and data cleaning phases, integrated into one completed data set.

The final data set prepared after data integration is presented in the table 4.5. The

incident causes or indicator values presented with zero and ones.The incident

causes with the value of one indicates the presence or existence of that incident

causes whereas the incident causes with the value of zero specifies the absence of

the incident causes.
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4.3 building knowledge base system model

4.2.4 Data Transformation

Data transformation is the process of making a change in the format or structure

of the data set to make it suitable for the selected model [35], [36].

In this process, the data set is transformed and coded into a format, which is suit-

able to build the rule-based, case-based, and ANN based knowledge base system

development approach models. The detail of the data transformation process for

each KBS development approach is stated in the Knowledge representation part of

the Knowledge-based system model building section.

4.3 building knowledge base system model

After completing the data preprocessing and feature selection step, the next phase

is building the KBS model using the selected KBS development approaches. The

selected three KBS development approaches are rule-based, case-based and ANN

based KBS development approaches. The final dataset contains 30 causes or indi-

cators of incident types taken as independent variables and features, the top ten

incident types taken as dependent variables or class labels, and a total of 1786

incidents taken as instances.

In order to build the KBS model there is a general process aligned with KBS archi-

tecture as stated in chapter two that needs to be accomplished.

Each step taken to build the KBS model using the selected KBS development ap-

proaches is explained in the coming subsection.

4.3.1 Rule-Based knowledge-based system model building

Knowledge Acquisition

The steps mentioned in the chapter 2 knowledge acquisition process are applied

for each KBS development approach model building to extract the relevant knowl-

edge.
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4.3 building knowledge base system model

As mentioned in the data collection section, knowledge is acquired from domain

experts through interviews and from data analysis. The collected knowledge is

elicited and structured during the data preprocessing phase. The same data is

used to build the rule-based KBS model.

knowledge Representation

For the purpose of this study, the preprocessed domain knowledge is changed

into the form of “IF-THEN “rules. In this case, the “IF” side holds class features,

which are the possible causes or indicators of the incident types, and the “THEN”

side of the statement states the class label which is the identified incident type

that might occur when the listed causes or indicators exist with the appropriate

expert solutions for it.

From the domain knowledge, 32 rules are derived to identify the class labels,

which are the selected incident types. In addition, the rules are designed based on

the class features, which are identified causes or indicators of each incident type

with the expert’s solution. Sample rules out of 32 rules, which are included in the

rule-based reasoning KBS model are mentioned below.

Rule:

IF Cookies and temp files exist,

THEN IPCC unable to display customer information incident occur,

SOLUTION: Reset IE setting

IF PC miss policy update,

THEN IPCC unable to display customer information incident occur,

SOLUTION: Apply forced GP update

IF IPCC - CRM Integration fail,

THEN IPCC unable to display customer information incident occur,

SOLUTION: Escalate the problem to CRM Team to recover

the integration
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4.3 building knowledge base system model

Rule:

IF there is a Static IP assignment problem,

THEN Unidentified network due to "IP conflict/different system cannot log

on the same IP" incident occur,

SOLUTION: Find unused IP Address and Assign unique IP address for each

PC or If possible change to dynamic IP

IF there is shortage of static IP,

THEN Unidentified network due to "IP conflict/different systems

cannot log on the same IP" incident occur,

SOLUTION: Contact ISD to adjust Static IP range and assign

unique IP address for each PC

IF DHCP problem exist,

THEN Unidentified network due to "IP conflict/different system

cannot log on the same IP" incident occur,

SOLUTION: Check and reconfigure DHCP Server

Refresh Switch

Building Rule-Base knowledge based system Model

In this case, the knowledge-based system model is built using the rule-based KBS

development approach. The rule-based knowledge-based system model is built us-

ing the python programming language. The rule engine is designed as a KB based

on the 32 rules derived in the knowledge representation step. The system is also

designed and implemented to infer the value of the input features as causes and

deduce the appropriate class labels, which are incident types, and recommended

expert solutions by cross-checking the input regardless of the rules.

4.3.2 Case-Based knowledge based system model building

Knowledge Acquisition

The steps mentioned in the chapter 2 knowledge acquisition process are applied

for each KBS development approach model building to extract the relevant knowl-

edge.

41



4.3 building knowledge base system model

As mentioned in the data collection section, knowledge is acquired from domain

experts through interviews and from data analysis. The collected knowledge is

elicited and structured during the data preprocessing phase. The same data is

used to build the case-based KBS model.

knowledge Representation

In this study, in order to build the case-based KBS model, the preprocessed domain

knowledge is converted into cases or experiences. From the domain knowledge,

32 cases are drawn based on the 30 features obtained from incident causes or in-

dicators, to identify the most similar class labels, which are the incident type with

the appropriate expert solution.

Sample cases, out of 32 cases that are included in the case-based KBS model, are

mentioned below.

Case 1:

Static IP assignment problem exist , there is a DHCP Problem, there is no shortage of Static

IP, there is no compatibility issues on browser, the intranet and the network working well ,

mail size is not exceed to the limit, user account has no problem, outlook is not set to offline,

IPCC and CRM Integration is working well, there is no network interruption between TC

and server side , cookies and temp files are cleaned properly, PC properly update its policy

and has no performance problem , open eye get its license, MS Office activate on time

accurately, the installed MS office is licensed, MS Office application is not corrupted ,

there is no problem with the OS, Mcafee antivirus has no issue , IPCC system is working

well without stack and busy , multiple browser doesn’t open at time, IE is working well,

there is no outlook problem and outlook is closed properly , mail attachment file size is

not beyond the limit ,the attached file is not attacked by virus, application Software is

compatible with the attached file and not corrupted.

The incident type is: Unidentified network due to IP conflict

different system cannot log on the same IP

The solution is: Find unused IP Address and

assign unique IP address for each PC or

if possible change the static IP to dynamic
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4.3 building knowledge base system model

Case 21:

There is no static IP assignment problem , there is no a DHCP Problem, there is no shortage

of Static IP, there is no compatibility issues on browser, the intranet and the network

working well , mail size is not exceed to the limit, user account has no problem, outlook

is not set to offline, IPCC and CRM Integration is working well, there is no network

interruption between TC and server side , cookies and temp files are cleaned properly, PC

properly update its policy and has no performance problem , open eye get its license, MS

Office activate on time accurately, the installed MS office is licensed, MS Office application

is not corrupted , there is no problem with the OS, Mcafee antivirus has no issue , IPCC

system is became stack and busy , multiple browser doesn’t open at time, IE is working

well, there is no outlook problem and outlook is closed properly , mail attachment file size

is not beyond the limit ,the attached file is not attacked by virus, application Software is

compatible with the attached file and not corrupted.

The incident type is: IPCC exit by itself

The solution is: Adjust IE setting or

Add the link into compatible mode in the IE setting or

Restart PC or TC

Building Case-Base knowledge based system Model

In this case, the knowledge-based system model is built using the case-based KBS

development approach. The case-based knowledge-based system model is built

using the python programming language and based on the case-based cycle pro-

cess. The case-based library is designed as a KB based on the 32 previous cases

prepared in the knowledge representation step. The system is also designed to pre-

pare the new case using the value of the input features and infer to deduce class

labels, which are incident types with recommended expert solutions, by cross-

checking the new case with existing cases and suggesting the one with the highest

similarity.
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4.3 building knowledge base system model

4.3.3 ANN-Based knowledge based system model building

Knowledge Acquisition

The steps mentioned in the chapter 2 knowledge acquisition process are applied

for each KBS development approach model building to extract the relevant knowl-

edge.

As mentioned in the data collection section, knowledge is acquired from domain

experts through interviews and from data analysis. The collected knowledge is

elicited and structured during the data preprocessing phase. The same data is

used to build the ANN-based KBS model.

knowledge Representation

In this study, 30 features, which are causes and indicators of incident types, are

used as an input feature and the top ten incident types with their expert solution

are used as a class label to build ANN-based KBS model.

In order to represent the knowledge for the ANN based KBS model the prepro-

cessed knowledge, which contains the 30 input features and the 10 class labels,

are encoded from text variables into dummy variables. Dummy variables are vari-

ables that have zero and one values. The variable with the value of one indicates

the presence or existence of that variable whereas the variable with the value of

zero specifies the absence of the variable. Then the knowledge is coded accord-

ingly to predict the ten class labels.

Knowledge represented for the ANN based KBS model is the same as table 4.5.

Building ANN-Based knowledge based system Model

From the available ANN types, a feed-forward neural network that is suitable for

classification is selected for this study. In this case, the knowledge-based system

model is built using the ANN-based KBS development approach. The ANN-based

knowledge-based system model is built using the python programming language.
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4.3 building knowledge base system model

The model is built using the selected 30 features which are the causes or indicators

of the incident types. So, the input layer has 30 neurons to handle the 30 features.

The number of the epoch, hidden layers, and neurons across each hidden layer

affect the performance of ANN-based KBS model. So ANN-based approach is built

and trained using different numbers of an epoch, hidden layers, and neurons. An

epoch is a number of cycles used to train the neural network with all the training

datasets. Then finally, the number of an epoch, hidden layers, and neurons that

came up with higher performance is taken for this study. From the model-building

progress, the below points are observed and a decision is made accordingly.

• having two and above hidden layers produce the same performance result

• even if there is no standard formula to decide on the number of neurons that

can be available on each layer, there are basic concepts to be considered on

selecting the hidden neurons.

– Number of neurons in each hidden layer should be between the size of

the input layer neurons and the size of the output layer neurons.

– Number of neurons in each hidden layer should be less than twice the

size of input layer neurons

– having a number of neurons that satisfies the above concepts per each

hidden layer makes the model in a better performance

• using 70% of the dataset as a training dataset produces a better performance

• having 100 and above epoch produce the same performance result

Therefore as a conclusion

• Two hidden layers are used to process the input features using relu as an

activation function.

• 25 and 15 hidden neurons are used for the first and second hidden layers

• Out of the 1786 instances 70% of the data set is used to train the ANN based

KBS model

• Out of the 1786 instances 30% of the data set is used to test the ANN based

KBS model
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• 200 epoch cycles are used to train the ANN based KBS model

Related kinds of literature also support this conclusion [20].

Hence the output of the ANN based KBS model consists of 10 class labels, which

are the top 10 incident types with their appropriate experts’ solution, the output

layer is designed to have 10 neurons and process the output using softmax as an

activation function.

4.4 performance evaluation metrics

After building the selected knowledge-based system development approaches

model, the next step is evaluating and comparing the performance of the ap-

proaches model towards identifying the class labels, which are incident types with

recommended expert solutions.

A number of standard metrics are available to measure and compare the per-

formance of knowledge based system development approaches [37], [38], [39],

[40]. Among them, six performance evaluation metrics are selected and used for

this study to evaluate and compare the performance of the KBS development ap-

proaches. These are execution time, accuracy, F-Measure, precision, recall, error

rate and mean square error (MSE). The evaluation is done by comparing the re-

sult of the KBS development approaches against the domain expert’s decision on

the class label identification or incident type identification with solution recom-

mendation.

The size of the test dataset applied to evaluate the models contains a total of 1786

instances, incidents.

4.4.1 Execution Time

Execution time is used as a performance evaluation metric, which measures the

time taken by the system to respond to the user request. It is used to measure the

response time of KBS development approaches.

The time required to build and execute the rule-based, case-based, and ac{ANN-
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based KBS development approach models is measured in seconds. And the models’

response time taken to predict the class labels, which are the top 10 incident types,

after accepting the input features is compared.

4.4.2 Accuracy

Accuracy is the simplest performance evaluation metric. It is defined as the ratio of

correctly identified or predicted instances with respect to the total number of the

dataset, multiplied by 100 [37], [39]. The mathematical representation of accuracy

is shown in equation 4.1.

Accuracy =
TP+ TN

TP+ TN+ FP+ FN
∗ 100 (4.1)

Where;

TP: Stands for true positive and indicates the number of instances in which the

algorithm correctly predicted as positive or yes and the actual label is also positive

or yes.

TN: Stands for true negative and indicates the number of instances in which the

algorithm correctly predicted as negative or no and the actual label is also nega-

tive or no.

FN: Stands for false-negative and indicates the number of instances in which the

algorithm incorrectly predicted to be negative or no and the actual label is positive

or yes.

FP: Stands for false-positive and indicates the number of instances in which the

algorithm incorrectly predicted to be positive or yes and the actual label is nega-

tive or no.
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The rule-based, case-based, and ANN-based KBS development approach models’

ability on how correctly predict the exact class label, the top 10 incident types, for

the 1786 instances. Based on the formula the accuracy of the models is measured

by computing TN, TP, FN, and FP. In this study, there are 10 class labels named

as class label A to class label J. Let the class label of the instance is class label A,

so according to this study TN, TP, FN, and FP means:

• True positive {TP}, the instance class label is predicted by the model as class

A and the actual class label is also Class A

• True Negative {TN}, the instance class label is predicted by the model as

class label B or C or D or E or F or G or H or I or J class label, and the actual

class label is B or C or D or E or F or G or H or I or J

• False-negative {FN}, the instance class label is predicted by the model as

class label B or C or D or E or F or G or H or I or J class label, and the actual

class label is A

• False-positive {FP}, the instance class label is predicted by the model as class

label A and the actual class label is B or C or D or E or F or G or H or I or J

F-measure, precision, recall and error rate performance of the models were also

evaluated using the above definition of TP, TN, FP, and FN.

4.4.3 F-Measure

F-measure is one of the commonly used performance evaluation metrics. It is the

harmonic mean between precision and recall [37], [40]. It shows the effectiveness

of the algorithm on how correctly predict instances without missing an important

number of instance[40]. Equation 4.2 tells how F-measure is calculated.

F−measure =
2 ∗ Precision ∗ Recall
Precision+ Recall

=
2TP

2TP+ FP+ FN

(4.2)
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Precision: measures the ratio of correctly predicted instances as positive with re-

spect to the sum of correctly predicted instances as positive and incorrectly pre-

dicted instances as positive [37], [40]. If the precision is high, it indicates that

the instance miss-predicted by the model is less in number (small FP). It can be

calculated using equation 4.3.

Precision =
TP

TP+ FP
(4.3)

Recall: measures the ratio of correctly predicted instances as positive with respect

to the number of all relevant samples ( the sum of correctly predicted instances

as positive and incorrectly predicted instances to be Negative) [37], [40]. It can be

calculated using equation 4.4.

Precision =
TP

TP+ FN
(4.4)

4.4.4 Error Rate

The error rate is an error measure that can be obtained by subtracting the al-

gorithm accuracy performance rate from one(100%). In another form, it can be

defined as a ratio of an incorrectly evaluated instance over the total number of

evaluated instances[37]. The error rate can be calculated using equation 4.5.

ErrorRate =
FP+ FN

TP+ TN+ FP+ FN
(4.5)

4.4.5 Mean Square Error (MSE)

Mean square error is one of the error rate measurement which measures the er-

ror in a mean squared form between the predicted result and the actual result
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[37], [41]. To have a good performance, the algorithm must score small MSE. The

equation to obtain MSE is defined as equation 4.6 [37]:

MSE =
1

n

n∑
j=1

(pj −Aj)
2 (4.6)

Where;

Pj: is the predicted value obtained from the algorithm for instance j,

Aj: is actual target value for instance j

n: is the total number of instances

The rule-based, case-based, and ANN-based KBS development approach models’

errors between the predicted class label and the actual class label. Based on the

formula MSE of the models is measured by computing the parameters Pj, Aj and

n. According to this study Pj, Aj and n means:

• Pj: the class label of instance j predicted by the model

• Aj: the actual class label of instance j

• n: the total number of instances, which is 1786
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5
R E S U LT S A N D D I S C U S S I O N

Knowledge base systems have different performance. The development approaches

used in KBS inference engine for reasoning the conclusion and to construct the

knowledge base engine affect the performance of KBS. This study shows how the

performance of the KBS depends on the applied KBS development approach. The

study compares the performance of KBS model build using rule, case, and ANN-

based approaches. Performance evaluation metrics such as execution time, accu-

racy, F-measure, precision, recall, error rate, and Mean Square Error (MSE) are

used to compare the KBS development approaches.

The same dataset is used to test all KBS development approach models. The data

set contains 30 causes or indicators of incident types taken as independent vari-

ables and features, the top ten incident types taken as dependent variables or class

labels, and a total of 1786 incidents taken as instances.

The result of the study is analyzed based on the outcome of the execution time

taken by the system to respond to the input dataset, the accuracy, error in class la-

bel or incident type identification using error rate, MSE, and F-measure including

precision and recall.

Execution Time

As stated in table 5.1 and fig 5.1 unlike rule-based and case-based, ANN based

KBS development approach takes the lowest time, which is 0.95 seconds to build

and execute the model to predict or identify the class labels or incident types

with recommended expert solution. Rule-based and case-based KBS development

approaches execute in 2.7 and 6.8 seconds respectively. Compared to case-based

approach, rule-based approach execute with slightly minimum time.
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results and discussion

KBS Development approaches Execution Time ( in second )

Rule Based Reasoning 2.7

Case Based Reasoning 6.8

ANN Based Reasoning 0.95

Table 5.1: Execution time taken by each KBS development approaches

Figure 5.1: Execution time metrics in second

Accuracy

An accuracy of 98.1 % achieved by the rule-based KBS development approach.

Whereas the case-based and the ANN based development approaches record accu-

racy of 96.8 % and 97.45 % respectively. In this result, the case-based development

approach is the least performer. Compared to others, the rule-based KBS develop-

ment approach has better accuracy in predicting or identifying the accurate class

label or incident type with recommended appropriate solutions. The result of the

accuracy performance measurement is presented below in table 5.2 and fig 5.2.
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results and discussion

KBS Development approaches Accuracy ( % )

Rule Based Reasoning 98.6

Case Based Reasoning 96.8

ANN Based Reasoning 97.45

Table 5.2: Accuracy performance of each KBS development approaches

Figure 5.2: Accuracy performance of each KBS development approaches

The F-measure, precision, and recall presented in table 5.3 and figure 5.3 below

shows the same result as the overall accuracy can show in table 5.2 and figure

5.2. The result clearly shows that the rule-based development approach has the

highest F-Measure, precision, recall. This indicates that the rule-based develop-

ment approach is more efficient to correctly predict or identify the class labels or

incident types and respective recommended expert solutions with less probability

of miss predicting or identifying the class labels.
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results and discussion

KBS Development approaches F-Measure Precision Recall

Rule Based Reasoning 0.99 0.99 0.99

Case Based Reasoning 0.97 0.98 0.97

ANN Based Reasoning 0.97 0.98 0.97

Table 5.3: F-measure, Precision and recall performances

Figure 5.3: F-measure, Precision and recall performances

Errors

The rule-based KBS development approach is the best approach in minimizing er-

rors, hence it scores the minimum error rate and MSE which is 1.4 % and 0.187.

Next to the rule-based approach, ANN based development approach has the min-

imum error rate and MSE which is 2.54 % and 0.35. Whereas the case-based de-

velopment approach produces major errors in predicting or identifying the class

labels or incident type with recommended expert solution by recording a 3.19

% error rate and 0.49 MSE. The result of the error performance measurements is

presented below in table 5.4 and fig 5.4.
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results and discussion

KBS Development approaches Error rate Mean Square Error ( MSE )

Rule Based Reasoning 1.4 0.187

Case Based Reasoning 3.19 0.49

ANN Based Reasoning 2.54 0.35

Table 5.4: Errors in KBS development approaches

Figure 5.4: Errors in KBS development approaches

In conclusion, after observing the overall performance results. The rule-based ap-

proach is the best KBS development approach in accurately predicting or identi-

fying the incident types and recommending the appropriate solutions with mini-

mum error. In another way, the ANN based approach is the best KBS development

approach to build a KBS which has a fast response time. The conclusion is driven

according to the evaluation metrics used for this thesis.

55



6
C O N C L U S I O N A N D R E C O M M E N D AT I O N

6.1 conclusion

Telecom companies, including ethio telecom, challenged to provide quality and

consistent operation support and maintenance without timely availability of do-

main experts. This can be efficiently be managed using the KBS. KBSs are designed

to solve a problem using experts’ decision-making procedures and abilities by sim-

ulating their knowledge, methods, and experience. There are several development

approaches used to build KBS. To select and use one of them, companies or indi-

viduals need to make sure that the selected approach has the best performance.

Researchers try to evaluate the performance of different KBS development ap-

proaches to investigate the best approach. However, the performance of such de-

velopment approaches is not studied in the context of telecom companies, espe-

cially ethio telecom. In addition, most of them only evaluate the accuracy of the

approaches even if there are additional metrics that have an impact on the incident

handling time of IT technicians and must be seen to investigate fast and accurate

KBS development approaches.

This study is conducted to identify the best KBS development approaches appro-

priate for ethio telecom, which has the best performance in accuracy, execution

time, F-measure, precision, recall and produce less error in error rate and MSE.

Rule-based, case-based, and ANN based KBS development approaches are selected

and compared on their ability in predicting or identifying class labels or incident

types and propose an expert solution.

The ANN-based KBS development approach model achieves a better performance

in execution time evaluation metrics by building and executing the model and
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6.1 conclusion

presenting the result in 0.95 seconds. Rule-based and case-based KBS development

approaches models accomplish 2.7 and 6.8 seconds in the execution time respec-

tively. In another way, the rule-based KBS development approach model scores the

best in accuracy measurement, which is 98.1 %. In these metrics, the case-based

and ANN based development approach models record 96.8 % and 97.45 %. In this

result, the case-based development approach is the least performer. Compared to

others, the rule-based KBS development approach has better accuracy in predict-

ing or identifying the class labels or the accurate incident type with recommended

appropriate solutions. As the same as the overall accuracy, the rule-based KBS

development approach model has the highest F-Measure, precision, recall perfor-

mance. The rule-based KBS development approach model also achieves the best

performance in minimizing errors, hence it scores the minimum error rate and

MSE which is 1.4 % and 0.187. ANN based development approach model produces

2.54 % error rate and 0.35 MSE. Whereas the case-based development approach

model produces a 3.19 % error rate and 0.49 MSE.

According to the result of the performance evaluation, the rule-based approach

is the best KBS development approach in accuracy, error rate as well as in MSE

evaluation metrics. AS well, ANN based KBS development approach is the best KBS

development approach to build a fast response time KBS.

In the ethio telecom context, the response time of the KBS is related to the handling

time of incidents and gives a high priority. Accuracy of the KBS to suggest the exact

class labels or incident type with related expert solutions, also affect the handling

time of an incident. If a high priority is given to response time, ANN based de-

velopment approach is a better solution to build a KBS for ethio telecom. While a

high priority is given to accuracy and error metrics, the rule-based development

approach is the better one.

It is known that all evaluation metrics have an impact on the handling time of

an incident and are taken as mandatory metrics. So, as a conclusion, this study

proposes a hybrid KBS development approach by combining both rule-based and

ANN based KBS development approach to be benefited from both approaches. The

proposed approach enables ethio telecom to have a fast and accurate KBS with

minor errors in identifying the class label or occurred incident types with recom-
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6.2 recommendations for future work

mended expert solutions. Indirectly, the proposed approach allows ethio telecom

to resolve its challenge occurred by the time its domain expert can’t exist and

enable to provide consistent operation support with available IT technicians by

adopting expert solutions.

6.2 recommendations for future work

This study suggests that ethio telecom must build KBS by combining rule-based

and ANN based KBS development approaches to have a fast and accurate KBS. But

there may be a lot of ways on how to build a hybrid KBS by combining the rule

and ANN based approaches. So studying the better combination approaches can

be taken as future work.
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Abstract—For a successful business, telecom companies need to
provide consistent, quality, and timely maintenance and support
to their customers. This is difficult to achieve without the timely
availability of domain experts that can efficiently be managed
using the knowledge Base System. Several approaches are applied
to implement a knowledge Base System. Among them, this paper
selects rule-based,case-based, and artificial neural network-based
knowledge Base System development approaches; compares their
performance in the context of the operation and maintenance
process of ethio telecom, and proposes the better approach.

Related performance studies in the context of telecom compa-
nies only focused on the accuracy performance of the approaches,
there is none related studies for ethio telecom. This paper
includes execution time, accuracy, F-measure, precision, recall,
error rate and mean square error metrics that have an impact
on incident handling time as performance evaluation metrics.
Python programming language is used to model, evaluate and
compare the selected approaches.

The performance results show that the Artificial Neural
Network-based knowledge Base System development approach
has a better performance in terms of building and executing the
model, taking a minimum time of 0.95 seconds. Furthermore,
rule-based approach accomplishes the highest accuracy that is
98.6 %, with minimum error in identifying the incident type.
Based on the evaluation results on the response time or incident
handling time, a hybrid knowledge Base System development
approach from the Artificial Neural Network and rule-based
knowledge Base System development approach can provide the
best aggregate result.

Index Terms—Knowledge Base System, Rule-based develop-
ment approach, Case-based development approach, Artificial
Neural Network-based development approach

I. INTRODUCTION

The term knowledge is defined as a high-value form of
information, which provides a competitive significance to a
company and is mostly used for decision and action sup-
port [1], [2]. It is combined with company policy, strategy,
rules, procedures, expert experience, interpretation, context,
reflection, and skills. There are two basic types of knowledge.
Implicit or tacit knowledge resides in people as mental models,
experiences, and skills. The other one is explicit knowledge,
which can be communicated and captured from formal models,
rules, and procedures [1], [2].

Knowledge is gradually taken as an organization’s valuable
resource and becomes a key to organizational success [3], [4].
To have a successive journey and drive as competitive, com-
panies are required to manage their organization’s knowledge
[3], [4].

Knowledge Management(KM) is a collection of formal
processes that direct on how a piece of knowledge is captured,
created, distilled, organized, stored, disseminated, utilized,
and retained throughout the organization [2]- [4]. Managing
both, implicit and explicit knowledge of a company provide
enormous benefits [1]- [4].

The KM process by itself is not technical. Information
Technology (IT) emerges a computer system with an intelli-
gent technical means to manage an organization’s knowledge;
known as a knowledge management system (KMS), knowl-
edge base system, or expert system (ES) [1]- [6].

KBS and ES are used interchangeably, to express artificial
intelligence (AI) based systems designed to solve a problem
using an expert’s decision-making procedure and ability by
simulating knowledge, methods, and experience of experts [1]-
[7].

The value of a KMS or KBS is recognized by different
organizations and applied to problems in so many fields.
From research, fields like engineering, electronics, law, agri-
culture, medicine, manufacturing, metrology, geology, physics,
forestry, finance, IT, and telecommunication are mostly men-
tioned fields, which implement KMS [3] - [7].

Researchers propose different approaches like rule-based,
semantic networks or ontology-based, case-based, artificial
neural network (ANN) Based, frame-based, object-oriented
based, and script-based approaches to implement KBS or ES
[3] - [7]. Each approach has its own advantages, disadvantages,
and performance. Finding a suitable approach, to build and
implement the best KBS for a specific company, is not an
easy task and needs deep investigation.

II. PROBLEM DESCRIPTION

Ethio telecom, including other telecom companies, imple-
ments the latest technologies to provide modern service for its
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customers. The company also continues to build and expand
its network infrastructure, implement applications and systems
that can enable the company to offer recent services and
technologies in a good quality of services. For a successful
business, ethio telecom needs to sustain a good quality of
service by providing consistent and quality maintenance and
support for their customers. This is succeeded by hiring and
training IT experts. But to maintain telecom services, to handle
incidents that might happen on the service and equipment, and
to provide timely support for customer requests, IT experts,
domain experts, need to be timely available. If IT experts can’t
be available due to different reasons, telecom companies en-
counter difficulties to provide a sustainable quality of service.
Such types of cases forced the support departments to handle
customer problems with the remaining staff, which may not
have enough knowledge on incident handling or with newly
hired ones. This makes the company to face a challenge in
providing consistent operation support by handling the same
incidents and customer requests with a lower capability as
compared to its previous capability.

To sustain the previous way of incident handling and to
obtain domain expert trends of handling, support staff will try
to contact experts through different means of communication.
domain experts may not be available at the required time or
explain the solution explicitly; which may take extra time for
understanding. This will result in handling the same problem
with much time, which causes an increment in a customer
complaint, decrease customer satisfaction, and avert the sup-
port and the company from meeting its target achievement. As
a solution, from the previous and current trend, the support
department facilitates additional training. This will cause the
company to spend extra expenditure and needs additional time
to prepare, schedule, and perform the training. These all the
mentioned solutions are not time and cost-effective.

However, this can efficiently be managed using KBS by
collecting, storing, sharing, and managing domain experts’
knowledge and experience on solving problems and decision-
making ability. To do so, there are several KBS development
approaches and techniques, that help to manage knowledge
and facilitate expert knowledge sharing, proposed by re-
searchers. Studying the performance of the available KBS
development approaches is needed to select the appropriate
one. Yet there are limited KBS development approaches per-
formance studies in the context of telecom companies and
none for ethio telecom. Most of the studies are also focused
only on the accuracy performance of the approach and other
relevant performance metrics that have an impact on incident
handling are not addressed well.

There is a need for a study that can address such research
gaps and difficulties in identifying a better KBS development
approach suitable for ethio telecom to solve the mentioned
problem. This research focuses on proposing a better KBS
development approach suitable for ethio telecom operation
and maintenance process by studying and comparing KBS
development approach performance that has an impact on
incident handling other than accuracy.

III. KNOWLEDGE BASE SYSTEM

A. Introduction
The knowledge-based system also known as an expert

system, is an artificial intelligence-based system designed to
solve a problem using an expert’s decision-making procedure
and ability by simulating knowledge, methods, and experience
of experts [1] - [6].

The knowledge-based system uses human expertise domain
knowledge, stored in an intelligent computer program, called
knowledge base, then drives expert knowledge when users
need access to the knowledge. It can consult by giving a
suggestion or advice like human experts on how anyone can
solve a problem. KBS enables to save money, time, and
effort by making several experts’ knowledge to be available
anywhere and anytime without the need of the experts’ phys-
ical existence. It also smoothens the consistency of work by
providing experts’ knowledge and making anyone function in
a productive manner at a higher level as an expert.

B. Architecture of Knowledge Based System
KBS as a system consists of an interconnected system

component with their own roles working together to provide
the required functionality. As shown in the architecture of KBS
presented in fig 1, the essential components of the KBS are
knowledge acquisition, knowledge representation,knowledge
base (KB), inference engine, and user interface(UI) module
[7], [23].

Fig. 1. Architecture of a Knowledge-Based System [23]

1) Knowledge Acquisition: Knowledge acquisition(KA) is
the process of extracting relevant knowledge from specified
data sources such as domain experts, documents like books,
manuals, and journals [7] – [23]. KA extract knowledge to ac-
cumulate and transfer experts’ knowledge and problem-solving
skill into computer programs and system users. Potential
data sources of knowledge include domain experts’, domain-
specific literature and research, textbooks, databases, and the
like. Techniques such as interviews, data analysis, questioners,
and observations can be used to acquire knowledge from
potential data sources. KA includes eliciting and structuring
of knowledge obtained from different data sources [7] – [23].

The KA process determines the performance, usefulness,
and trustworthiness of KBS. So, more attention must be given
to the effectiveness of the techniques used to acquire reliable,
accurate, and valid knowledge [7]- [23].
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In order to model the KBS efficiently, the knowledge
engineer must carry out the following steps sequentially during
KA process [23].

• Elicit the data obtained from domain experts and docu-
ment analysis

• Interpret the acquired knowledge and conclude domain
expert knowledge and reasoning process

• Construct the model by structuring the expert’s knowl-
edge

• Repeat step I-IV until the KBS became fully functional
2) Knowledge Representation: After extracting the required

domain knowledge, knowledge must be encoded in a system-
atic means [7]- [23]. This implies a knowledge representa-
tion(KR). KR includes preparing a knowledge map and the
documenting, structuring, encoding of acquired knowledge.
KR is the process of transforming and encoding the acquired
knowledge into a systematic means or computer understand-
able form to make the knowledge suitable for the selected
KBS development approaches [7] – [23]. Through the process
of knowledge representation knowledge engineer makes the
knowledge to be suitable for the designed knowledge base. KR
differs based on the selected KBS development approaches.
Different KBS development approaches have different ways
of knowledge representation methods.

3) Knowledge Base: The body of KBS mainly consists of
the inference engine and KB, which exist as separate modules
and work together closely [7]- [23]. They provide the main
function of KBS.

The KB is a repository that stores all relevant knowledge ac-
quired from domain experts through the knowledge acquisition
process [7]- [23]. The acquired knowledge, which is structured
and encoded in the knowledge representation process, is stored
in the knowledge base. The structure of the knowledge base
differs based on the selected KBS development approaches.
Different KBS development approaches have different ways
of structuring the knowledge in the knowledge base.

4) Inference Engine: The inference engine is an instruction
on how the knowledge stored in knowledge-based is used for
problem-solving [7]- [23]. It performs a search and deduces
facts or draws conclusions from expert knowledge stored
in the knowledge base. Inference engines accept end-user
questions in a natural language form, formulate them to be
understandable for a computer program, find the solution for
the end-user questions and present the answer in the form of
natural language. Inference engine uses reasoning mechanisms
to manipulate, control, uses, and interpret expert knowledge
and provides expert recommendations or advice [7]- [23].

5) User Interface : Once the construction of the KBS is
completed, it requires one critical module called the user
interface to interact with system users simply by hiding
KBS’s complex internal structure [7]- [23]. The quality of
the user interface(UI) determines the acceptance of KBS. To
get user acceptance, the KBS UI must be user-friendly. KBS
uses a graphical user interface(GUI) or natural language base
question and answer, menu-driven user styles to implement
the UI [7]- [23]. However, currently, most KBS use GUI. The

user interface is where the KBS accepts end-user questions as
input and displays experts’ solutions for the end-user as an
output.

IV. KNOWLEDGE BASED SYSTEM DEVELOPMENT
APPROACHES

Knowledge base system development approach, also known
as knowledge base reasoning technique, is used to implement
KBS or ES [7]- [23]. Knowledge base system development
approaches differ on the way they are used to represent
knowledge, on their knowledge base structure design, and
their inference engine reasoning. The well-known Knowledge
base system development approaches are rule-based, semantic
networks or ontology-based, case-based, ANN Based, frame-
based, object-oriented based and scripts based approaches [7]-
[23]. For the purpose of this study, from the available rea-
soning mechanisms, the most commonly used three reasoning
techniques; rule-based, case-based, and ANN-based techniques
are selected and discussed as follows.

A. Rule Based Development Approach

Rule-based knowledge base system development approach,
which is also known as rule based reasoning (RBR) technique
is one of the most popular reasoning techniques that represents
a piece of knowledge in the form of rules facts [24]. The rule
is a conditional statement that derives a conclusion based on
the fulfillment of a condition. The basic form of rule-based
reasoning is the “IF-THEN “ approach.

From the “IF-THEN” statement, the “IF” side expresses the
premises or condition that needs to be true in order to execute
the rule, and the “THEN” side of the statement states action
needs to be taken or the conclusion needs to derive.

In the rule-based KBS development approach two inference
methods are available. They are known as forward chaining
(Data-Driven) and Backward chaining (Goal Driven) [25].
Both inference methods follow the same procedure and have
the same function, they only differ in their inference technique
and in the structure of the KB.

a) Forward chaining (Data-Driven): In the forward
chaining inference method, the inference engine receives a
problem as a condition and derives the conclusion that satisfies
the condition. First, the system will crosscheck all the rules to
find the one whose condition satisfies. So, with this scenario,
a rule is executed at least once whether a fact that satisfied it
is available in the database or not.

b) Backward chaining (Goal Driven) : This inference
method only focuses on the rules that are applicable to a
particular goal or conclusion. Unlike to forward chaining,
backward chaining does not check rules that are not related to
its conclusion or goal. Backward chaining receives a problem
as a conclusion and tries to find premises or conditions that
will cause the conclusion. In another expression, the system
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accepts a goal and then tries to find the fact that can match
the goal.

B. Case Based Development Approach

Case-based knowledge base system development approach,
also known as case based reasoning (CBR) technique, is an
automated reasoning and decision process whereby it solves
new problems through experts’ experience accumulated in
solving previous ones [26], [27]. CBR is built by storing the
condition of the problem and the action taken at that time
then the KBS focused on recognizing the similarity of new
problems to existing previous ones. It is used for diagnosis,
prediction, classification or recommendation of solution to the
new case by remembering previous similar case [26], [27].

CBR represent a piece of knowledge in the form of cases.
Cases, in CBR, can taken as a previous experienced situation
collected and stored over time. CBR focuses on managing
cases to solve a new case by finding previously recorded
situation that are similar with the new one.

In order to build the KBS using the case-based development
approach, knowledge must be acquired from previous situa-
tions and experts’ solving experience first, then knowledge
must be represented in the form of cases. The knowledge base
and the inference engine should be designed based on the case-
based cycle process. The user interface should also align with
and support the case-based process.

C. ANN Based Development Approach

In the ANN based development approach, also known as
ANN based reasoning, knowledge is represented as a structure
of human brain systems [28], [29]. It is designed by making
artificial neurons to be an approximately simulated model of
human brain neurons. ANN has a large connected network,
formed by neurons which takes an input and compute the
desired output by processing the input values through multiple
layers. ANN store the knowledge in the form of weight in
which the value is decided based on the importance that
particular input has to calculate the desired output. Some
computation is taken place between input and output layers,
in the hidden layers [28]- [30].

Layers are used to hold neurons and pass them to the
subsequent layers. In the ANN based development approach
neuron is an input point. Each neuron is a mathematical
operation that takes its input to multiply it by the weight
associated with it and passes the sum through the activation
function to the other neurons.

As can be seen in fig 2 below ANN generally has three
layers known as input layer, hidden layer, and output layer.

Input Layer: accepts all the inputs
provided by the user

Hidden Layers: are set of layers that can be exist
between input and output layers.
: perform some computations
which results in the output.
: results are gained from this layer.

Output Layer: is the layer where the output is delivered.

Fig. 2. Artificial Neural Network (ANN) model [30]

In each layer, there are a number of neurons that take the
input and perform a mathematical operation by multiplying
the input with weights associated with it and passes the sum
through the activation function to the other neurons. The
activation function computes the output from the weight of
some of the inputs. It also normalizes the computed input
to produce an output. Hence ANN deals with numeric data
knowledge, knowledge needs to be converted from text to
binary.

There are a number of ANN types. The most applicable
ANN types are feedforward neural network and convolutional
neural network.

a) Feedforward Neural Network (Artificial Neuron): In
this ANN type, the input in the NN travels in one direction.
It only used front propagation wave and backpropagation
is not allowed in this ANN type. Feedforward NN is the
simplest form of ANN, which makes it easier to be build
and maintained. The input data is entered through the input
layer nodes, the weighted sum of the nodes is calculated using
classifying activation function and the output is exited on
the output layer nodes. Such type of ANN may or may not
have a hidden layer [28]- [30]. Feedforward neural network
applications are found in speech recognition, computer vision,
face recognition, and simple classification [28]- [30].

b) Convolutional Neural Network: A convolutional
neural network encloses a three-dimensional array to arrange
neurons, instead of having a two-dimensional array as
standard. The first layer of a convolutional neural network
is known as the convolutional layer. In the convolutional
layer, neurons can only process from the small part of the
input features by filtering them in batch-wise and computing
this operation many times until the full visual image or
the input is processed. The convolutional neural network
is similar to a feedforward network, yet its neurons have
learnable weight. Convolutional Neural Network applications
are found in speech recognition, computer vision, video
recognition, machine translation, semantic parsing, signal
processing, image classification, paraphrase detection, and
image processing [28]- [30].
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V. EXPERIMENTAL ANALYSIS

The overall experimental process of this research work is
composed of four components such as data collection, data
preprocessing, building knowledge base system model, and
finally the model evaluation and comparison.

A. Data Collection

For this work, the 6-month incident log, extended from 01-
09-2020 up to 28-02-2021 contains 4531 incidents extracted
from IMARS. To complete the required knowledge, an in-
terview is held with domain experts to collect the causes
or indicators of the incident, which are used to identify the
incident types and the possible expert solution and mainly
required for this study. To simplify the work, the interview
is done after data preprocessing with selected top 10 incident
types. From the result of the interview and data analysis, 30
causes or indicators that are used to identify the selected top
ten incident types are collected.

B. Data preprocessing And Attribute Selection

Incident types and features that are relevant for this study
were selected using the data preprocessing process from the
raw data collected from the IMARS incident log and through
interview and data analysis. The data preprocessing process
includes data reduction, data cleaning, data integration, and
data transformation.

1) Data Reduction: Dimensionality reduction has two sec-
tions: feature extraction and feature selection.

a) Feature Extraction: The top 10 incident types, which
are taken as a class label and dependent variable for the
models, are selected by taking their frequency of occurrence
as a major criterion. Applying this technique step enables to
reduce the size of the dataset from 4531 incidents to a total
of 1924 incidents.

b) Feature Selection: In this study, filter strategy is
applied on the dataset, which contains the 30 causes or
indicators of incident types as independent variables and the
top 10 incident types as a dependent variable. Then the 30
incident causes or indicators of incident types were selected
accordingly and preserved as features to model the KBS.

2) Data Cleaning: For this study, this process runs over
the reduced dataset which contains 1924 total incidents. There
were missed values that cannot be replaced by the probable
values, accordingly, those values are removed from the dataset
and a total of 1786 incidents are preserved as a complete and
accurate dataset.

3) Data Integration: In this stage the data set, which
is previously obtained from IMARS incident log, through
interview and from data analysis preprocessed by passing
through data reduction and data cleaning phases, integrated
into one completed data set.

4) Data Transformation: In this process, the data set is
transformed and coded into a format, which is suitable to
model the rule-based, case-based, and ANN-based KBS de-
velopment approach.

C. Building Knowledge base system model

The final data set used to build the KBS model contains
30 causes or indicators of incident types that are taken as
independent variables and features, the top ten incident types
are taken as dependent variables or class labels, and 1786
incidents taken as instances.

1) Rule-Based knowledge-based system model building:
a) Knowledge Acquisition: knowledge is acquired from

domain experts through interviews and from data analysis. The
collected knowledge is elicited and structured during the data
preprocessing phase. The same data is used to build the rule-
based KBS model.

b) knowledge Representation: For the purpose of this
study, the preprocessed domain knowledge is changed into the
form of “IF-THEN “rules. From the complete dataset, 32 rules
are derived to predict or identify the class labels, which are
the selected incident types. In addition, the rules are designed
based on the class features, which are identified as causes or
indicators of each incident type with the expert’s solution.

c) Building Rule-Base knowledge-based system Model
: The rule-based knowledge-based system model is built
using the python programming language. The rule engine
is designed as a KB based on the 32 rules derived in the
knowledge representation step. The system is also designed
and implemented to infer the value of the input features as
causes and deduce the appropriate class labels, which are
incident types, and recommended expert solutions by cross-
checking the input regardless of the rules.

2) Case-Based knowledge-based system model building:
a) Knowledge Acquisition: knowledge is acquired from

domain experts through interviews and from data analysis. The
collected knowledge is elicited and structured during the data
preprocessing phase. The same data is used to build the case-
based KBS model.

b) knowledge Representation: The preprocessed domain
knowledge is converted into cases or experiences. From the
completed dataset, 32 cases are drawn based on the 30 features
obtained from incident causes or indicators, to predict or
identify the most similar class labels, which are the incident
type with the appropriate expert solution.

c) Building Case-Base knowledge-based system Model:
The case-based knowledge-based system model is built using
the python programming language and based on the case-based
cycle process. The case-based library is designed as a KB
based on the 32 previous cases prepared in the knowledge
representation step. The system is also designed to prepare
the new case using the value of the input features and infer
to deduce class labels, which are the incident types and
recommended expert solutions, by crosschecking the new case
with existing cases and suggesting the one with the highest
similarity.

3) ANN-Based knowledge-based system model building:
a) Knowledge Acquisition: knowledge is acquired from

domain experts through interviews and from data analysis. The
collected knowledge is elicited and structured during the data
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preprocessing phase. The same data is used to build the ANN-
based KBS model.

b) knowledge Representation: To represent the knowl-
edge for the ANN-based KBS model, the preprocessed knowl-
edge, which contains the 30 input features and the 10 class
labels, is encoded from text variables into dummy variables.
Dummy variables are variables that have zero and one values.
The variable with the value of one indicates the presence
or existence of that variable whereas the variable with the
value of zero specifies the absence of the variable. Then the
knowledge is coded accordingly to predict the ten class labels.

c) Building ANN-Based knowledge-based system Model:
From the available ANN types, a feed-forward neural network
that is suitable for classification is selected for this study. The
model is built using the selected 30 features which are the
causes or indicators of the incident types. So, the input layer
has 30 neurons to handle the 30 features.

The number of the epoch, hidden layers, and neurons across
each hidden layer affect the performance of the ANN-based
KBS model. So ANN-based approach is built and trained using
different numbers of epochs, hidden layers, and neurons. An
epoch is a number of cycles used to train the neural network
with all the training datasets. Then finally, the number of an
epoch, hidden layers, and neurons that came up with higher
performance is taken for this study. Therefore to build the
model

• Two hidden layers are used to process the input features
using relu as an activation function.

• 25 and 15 hidden neurons are used for the first and second
hidden layers

• Out of the 1786 instances 70 percent of the data set is
used to train the ANN-based KBS model

• Out of the 1786 instances 30 percent of the data set is
used to test the ANN-based KBS model

• 200 epoch cycles are used to train the ANN-based KBS
model

Hence the output of the ANN-based KBS model consists of
10 class labels, which are the top 10 incident types with their
appropriate experts’ solution, the output layer is designed to
have 10 neurons and process the output using softmax as an
activation function.

VI. RESULTS AND DISCUSSION
Knowledge base systems have different performance. The

development approaches used in KBS inference engine for
reasoning the conclusion and to construct the knowledge base
engine affect the performance of KBS. This study shows how
the performance of the KBS depends on the applied KBS
development approach. The study compares the performance
of KBS modeled build using rule, case, and ANN-based
approaches. Performance evaluation metrics such as execution
time, accuracy, F-measure, precision, recall, error rate, and
MSE are used to compare the KBS development approaches.

The same dataset is used to test all KBS development ap-
proaches models. The data set contains 30 causes or indicators
of incident types taken as independent variables and features,

the top ten incident types taken as dependent variables or class
labels, and a total of 1786 incidents taken as instances.

The result of the study is analyzed based on the outcome of
the execution time taken by the system to respond to the input
dataset, the accuracy, error in incident type identification using
error rate, MSE, and F-measure including precision and recall.

Execution Time
As stated in table 5.1 and fig 5.1 unlike rule-based and case-
based, ANN based KBS development approaches takes the
lowest time, which is 0.95 seconds to build and execute
the model to predict or identify the class labels or incident
types with recommending expert solution. Rule-based and
case-based KBS development approaches execute in 2.7 and
6.8 seconds respectively. Compared to case-based approaches,
rule-based approaches execute with slightly minimum time.

KBS Development approaches Execution Time ( in second )
Rule Based Reasoning 2.7
Case Based Reasoning 6.8
ANN Based Reasoning 0.95

TABLE I
EXECUTION TIME TAKEN BY EACH KBS DEVELOPMENT APPROACHES

Fig. 3. Execution time metrics in second

Accuracy

An accuracy of 98.1 % achieved by the rule-based KBS
development approach. Whereas the case-based and the ANN
based development approach record accuracy of 96.8 % and
97.45 % respectively. In this result, the case-based develop-
ment approach is the least performer. Compared to others, the
rule-based KBS development approach has better accuracy in
predicting or identifying the accurate class label or incident
type and recommending the appropriate solutions. The result
of the accuracy performance measurement is presented below
in table 5.2 and fig 5.2.

KBS Development approaches Accuracy ( % )
Rule Based Reasoning 98.6
Case Based Reasoning 96.8
ANN Based Reasoning 97.45

TABLE II
ACCURACY PERFORMANCE OF EACH KBS DEVELOPMENT APPROACHES
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Fig. 4. Accuracy performance of each KBS development approaches

The F-measure, precision, and recall presented in table 5.3 and
figure 5.3 below shows the same result as the overall accuracy
can show in table 5.2 and figure 5.2. The result clearly shows
that the rule-based development approach has the highest F-
Measure, precision, recall. This indicates that the rule-based
development approach is more efficient to correctly predict
or identify the class labels or incident types and respective
recommended expert solutions with less probability of miss
predicting or identifying the class labels.

KBS Development approaches F-Measure Precision Recall
Rule Based Reasoning 0.99 0.99 0.99
Case Based Reasoning 0.97 0.98 0.97
ANN Based Reasoning 0.97 0.98 0.97

TABLE III
F-MEASURE, PRECISION AND RECALL PERFORMANCES

Fig. 5. F-measure, Precision and recall performances

Errors

The rule-based KBS development approach is the best
approach in minimizing errors, hence it scores the minimum
error rate and MSE which is 1.4 % and 0.187. Next to the
rule-based approach, ANN based development approach has
the minimum error rate and MSE which is 2.54 % and 0.35.
Whereas the case-based development approach produces major
errors in predicting or identifying the class labels or incident
type and recommending an expert solution by recording a 3.19
% error rate and 0.49 MSE. The result of the error performance
measurements is presented below in table 5.4 and fig 5.4.

KBS Development approaches Error rate Mean Square Error ( MSE )
Rule Based Reasoning 1.4 0.187
Case Based Reasoning 3.19 0.49
ANN Based Reasoning 2.54 0.35

TABLE IV
ERRORS IN KBS DEVELOPMENT APPROACHES

Fig. 6. Errors in KBS development approaches

VII. CONCLUSION

This study is conducted to identify the best KBS devel-
opment approaches appropriate for the telecom operation and
maintenance process, which has the best performance in accu-
racy, execution time, F-measure, precision, recall and produce
less error in error rate and MSE. Rule-based, case-based, and
ANN-based KBS development approaches are selected and
compared on their ability in identifying class labels or incident
types and propose an expert solution.

According to the result, the ANN-based KBS development
approach achieves a better performance in execution time
evaluation metrics by building and executing the model and
presenting the result in 0.95 seconds. Rule-based and case-
based KBS development approaches accomplish 2.7 and 6.8
seconds in the execution time respectively. In another way,
the rule-based KBS development approach scores the best in
accuracy measurement, which is 98.1 %. In these metrics the
case-based and ANN-based development approach record 96.8
% and 97.45 %. In this result, the case-based development
approach is the least performer. Compared to others, the
rule-based KBS development approach has better accuracy
in identifying the accurate class labels or incident types and
recommending the appropriate solutions. As the same as the
overall accuracy, the rule-based KBS development approach
has the highest F-Measure, precision, recall performance.
The rule-based KBS development approach also achieves the
best performance in minimizing errors, hence it scores the
minimum error rate and MSE which is 1.4 % and 0.187.
ANN-based development approach produces 2.54 % error rate
and 0.35 MSE. Whereas the case-based development approach
produces a 3.19 % error rate and 0.49 MSE.

According to the result of the performance evaluation, the
rule-based approach is the best KBS development approach
in accuracy, error rate as well as in MSE evaluation metrics
and ANN-based KBS development approach is the best KBS
development approach to build a fast response time KBS.
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In the ethio telecom context, the response time of the KBS
is related to the handling time of incidents and gives a high
priority. Accuracy of the KBS to suggest the exact class label
or incident type and related expert solutions, also affect the
handling time of an incident. If a high priority is given to
response time, ANN-based development approach is a better
solution to build a KBS for ethio telecom. While a high
priority is given to accuracy and error metrics, the rule-based
development approach is the better one. It is known that all
evaluation metrics have an impact on the handling time of
an incident and are taken as mandatory metrics. So, as a
conclusion, this study proposes a hybrid KBS development
approach by combining both rule-based and ANN-based KBS
development approaches to be benefited from both approaches.
The proposed approach enables ethio telecom to have a fast
and accurate KBS with minor errors in identifying the occurred
incident types and recommend expert solutions. Indirectly, the
proposed approach allows ethio telecom to resolve its chal-
lenge occurred by the time its domain expert can’t exist and
enable to provide consistent operation support with available
IT technicians by adopting expert solutions.
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