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ABSTRACT 

Faults are inevitable in telecommunication services, therefore predicting them ahead of 

time is crucial to make the systems more robust and the operation more reliable. Faults 

in telecommunication services have direct impact on its availability and maintenance 

costs, so their quick elimination, prevention and removal of causes that generated them, 

is of special interest. 

This study is aimed at applying data mining techniques to support prediction of broad 

band network service faults at Ethio-telecom. The subject of this study is from Ethio­

telecom's Z-Smart Trouble Ticket system, which contains customer's service fault report 

information and remarks given by experts about the actual fault reasons after the 

problems solved. 

In the data mining process, the first step was collecting the target data from the above 

mentioned system at Ethio-telecom. Then various types of preprocessing tasks were 

performed on the collected data so that to make the data ready for the planned data 

mining tasks. On the model building phase. (4.5 variant of decision tree and Na"ive 

bayes of Bayes ian network algorithms were applied for building the classifiers and 

accuracy results obtained using J48 and NaIve bayes was 74·06% and 69% respectively. 

Due to the data set imbalance observed on the class variables, SMOTE minority over 

sampling technique with J48 algorithm was applied and it improves the classifier 

accuracy to 77·90%. 
The results from this study were encouraging, which strengthened the belief that 

applying data mining techniques could in fact support network service faults prediction 

activity at Ethio telecom. In the future, using a balanced data set, and incorporating 

more attributes and also by testing with various classification algorithms better 

classifier accuracy could be obtained. 

Key Words: Data Mining, Classification, Prediction, Telecommunication, Network, 

Faults. 
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CHAPTER ONE 

INTRODUCTION 

1.1. Background 

Currently most companies are collecting and storing data in large databases, and most 

of the owners of these data recognized the potential value of these data as a useful 

information source for business decisions. Today knowledge discovery and data mining 

are answering the dramatically increasing demand for better decision support (Jackson, 

2002). 

The telecommunications industry is one of the industries that generates and stores a 

tremendous amount of data. These data include:-
I. Call deta il data , which describes the calls that traverse the telecommunication 

networks, 
II. Network data , which describes the state of the hardware and software cU lnponents of 

the network devices, and 

II I. Cus to m e r data , which describes the telecommunication customers. 

The amount of data is so great that manual analysis of the data is difficult, if not 

impossible. 
The need to handle such large volumes of data led to the development of knowledge-

based expert systems. These automated systems performed important function s such as 

identifying fraudu lent phone calls and identifying network faults. The problem with this 

approach is that it is time consuming to obtain the knowledge from human experts and, 

in many cases; the experts do not have the required knowledge. The advent of data 

mining technology promised solutions to these problems and for this reason the 

telecommunications industry was an early adopter of data mining technology (Weiss, 

2005)· 
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Generally, data mining is the process of analyzing data from different perspectives and 

summarizing it into useful information - information that can be used to increase 

revenue, cuts costs, or both. Data mining allows users to analyze data from many 

different dimensions or angles, categorize it, and summarize the relationships 

identified. Technically, data mining is the process of finding correlations or patterns 

among dozens of fields in large relational databases. 

In general, data mInlllg tasks can be classified into two categories description & 

prediction(Siraj & Abdoulha, 2007): 

>- Description: finding human- interpretable patterns, associations or correlations 

describing the data. 
» Prediction: constructing one or more sets of data models performing inference 

on the available set of data, and attempting to predict the behavior of new data 

sets. 

Telecommunications network operation is a promisIng target for data mining 

applications because the network operation business consists of several activities, like 

network operation and management , customer care and billing, marketing, busi ness 

management and so on (H ··af·onen. 2009). Therefore, the data collected from all such 

kinds of operations is clearly a huge amount of data on which data mining can be 

applied. 

This research applied data mining techniques on a data obtained from Z-Smart trouble 

ticket information system at ethio-telecom. The target data was a data related with 

broadband network service fault report information which was registered and stored by 

ethio-telecom for the purpose of following the progress of fault handling process. Based 

on the information gained from the domain experts, as of July 2012 the number of 

broadband network service subscribers at ethio-telecom was 30.372 . 

Broadband network service fault has given special consideration because the population 

demand for the broadband services has not stopped rising in the last couple of years. 
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Not only that the number of users is getting higher. but they extensively use the newly 

offered services(Mondejar et ai., 2008). 

The possible application of data mining techniques for supporting ethio-telecom 

network operators in the prediction of telecommunication service faults especially broad 

band network fau lts is the theme of this study. 

The current ethio-telecom is the sole telecommunication company in Ethiopia which 

was established in 1894 as Ethiopian Telecommu nication Agency and since then it has 

been providing various telecommunication services in the country (Yigzaw et aI. , 2010). 

For more than a century, it is the sole and government owned telecom operator of the 

country. The company got its current name 'Ethio telecom' after the transformation 

implemented in 2010, and France telecom took the management contract. 

As being in the telecommunication industry, Ethio-telecom also collected and stored a 

large amount of data from the various network elements as alarm fault or directly from 

the customers using the technicians dedicated for this purpose, via Z-smart system. To 

extract useful information from these accumulated data, data mining technologies playa 

big role. 
Since the plan was to predict the behavior of new faults based on the previously 

happened faults, among the various types of data mmmg techniques, 

classification/prediction was applied in this study. 

1.2. Statem ent of the problem and its Jus tification 

In every part of the world telecommunication companies are known for providing 

different kinds of services for their customers. These companies provide their services 

based on the service agreement they made with their clients. 

In the same scenario ethio-telecom hns service agreements with each and every 

customer regarding the service it is providing. On the other hand, the customer also has 

different obligations to fulfill in order to continue using the service. The telecom 
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operator is also obliged to fix service faults, when it happens. Additionally, the company 

will have a chance of losing its revenue if it does not solve the fault problems on time. 

Therefore, to give and take the services based on the service agreements made between 

both parties, they are expected to do their level best. From the ethio-telecom side the 

first thing which has to be taken care of is to ensure a sustainable service by preventing 

interruptions that can be achieved through minimizing the fault happening rate or by 

trying to prevent the fault from happening. 

In telecommunication services, a variety of network failures are possible with typical 

events resulting in a failure being accidental cable cuts, hardware or network elements 

malfunctions, software errors, natural disasters, human error, and malicious attack 

(both hardware and software)(Medhi & Tipper, 1997)· 

Faul ts in telecommunication services have a direct impact on the availability and 

maintenance costs of the services. Therefore, predicting faults ahead of time to minimize 

fault happening rates or if possible eliminating faults from happening by working on the 

C<'luses that generate them is of special interest; this is very useful to make the systems 

more robust and the operation more reliable. 

Currently, telecom companies are providing various services such as telephone (wire 

line and wireless), internet (dialup & broad band), Mobile (pre-paid and post paid) and 

other value added services. Among these services, broadband services are becoming 

backbones of the economy of a country (Katz, 20 11). If we consider the financial system 

like banks, customs and other government and private businesses, they are heavily 

dependent on broadband services. 

Towards addressing the above mentioned issues, different research works have been 

done worldwide which are related with telecommunication network fault prediction, 

Based on the literatures reviewed by the researcher, most of the data mining research 

works on fault prediction are done based on network device alarm data generated by 

different network devices, 
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Faults in a telecommunication network are reported to management centers in the form 

of alarms. An alarm is a message emitted by a network element, typically when a 

problem is encountered. Unfortun ately, a network element has a very narrow view to 

the network, and can therefore only report the symptoms of the fault from its limited 

viewpoint. On the other hand, one fault can result in a number of different alarms from 

several network elements (Klemettinen et aI., 1999)· 

Since network alarms can be generated as a result of unrelated problems, this might 

have a negative impact on the result of the model developed based on alarm data 

(Weiss, 2002). 

Currently, Ethio-telecom is usmg a Z-smart Trouble Ticket information system for 

collecting and storing various faul t alarms from devices and fault reports from clients in 

to the system database. These fault information are coming either through the call 

center or by directly calling to dedicated technicians. Faults Alarm are collected 

automatically but other faults are registered manually by technicians. So far, broadband 

service faults are among the various service faults registered/ created in Z-smart TT 

information system when customers report faults and the information will be archived 

when the fault is solved. 

The aforementioned system in ethio-telecom registers different types of information 

related with the fault reports; the company is currently using those registered data only 

for tracing the fau lt solving process. Moreover, as confirmed by domain experts, these 

broad band fault records have not been used for fault prediction, by the company. 

But the researcher believe that , the stored data by the system database can be processed 

and analyzed so that it can be used in predicting faults before they are happening in 

order to provide sustainable service. In other words, the findings of the research enable 

the company to take proactive measures and categorize the faults based on their 

dominance or severity. Possibility to analyze spatial distribution of faults and to predict 

places where future errors may arise can significa ntly help Ethio telecom operators who 

are in charge to detect and repair such problems. The data can also be used for future 

planning and design of telecommunication networks as it can help to identify 
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problematic areas and use additional measures for protection of telecommunication 

cables and equipment. 
In general, doing a research on these broad band service fault related records benefits 

Ethio telecom, customers and the country. 

Even if there are a number of local research works done on telecommunication, as per 

the researcher's knowledge there are no local researches done on predicting broad band 

service faults. 

Therefore, this study aims to develop a predictive model for fault prediction by using the 

fault related data from Ethio telecom, specifically the data related with broadband 

network connection faults. An effort ha:; been made to find a pattern which can help to 

predict future faults in the same area and enables the company to take proactive 

measure. 

1.3. Research Questions 

To this end, the research attempts to answer the following research questions. 

?- Which attributes are more useful for predicting broad band network faults at Eth io 

telecom. 
?- Which data mining algorithm can be more suitable to predict broadband network 

service faults? 

?- To what extent does the new predictive model give the desired result on the test 

data set? 

1.4. Objective of the Study 

Below, the general and specific objectives of this specific study are described as 

follows: 

General Objective 
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The general objective of the study is to design a predictive model for 

predicting faults in telecommunication services for ethio-telecom by applying 

data mining approaches. 

Sp ecific Obj ective 

The specific objectives of the planned study are: -

• To review different literatures which are related \",ith the research 

topic, and also with all the sub tasks, which are going to be 

accomplished throughout the course of the study. 

• To collect the necessary data from Ethio telecom and preprocessing the 

data so as to make it ready for applying the different techniques which 

are going to be used. 

• To apply the selected data mining techniques on the preprocessed data 

in order to create predictive model. 

• To evaluate the results obtained from applying the new model on test 

sets and identi fying the best approach. 

1.5. Research Methodology 

The methodology adopted for this study followed the Cross-Industry Standard Process 

for Data Mining (CRISP-DM) process model and this is because CRISP-DM is 

considered as the most and broadly adopted data mining process model (Chapman et 

aI. , 2 000). This model is consisting of six phases intended as a cyclical process. These 

are Business Understanding; Data Understanding; Data Preparation; Modeling; 

Evaluation; and Deployment. 

For the purpose of accomplishing this study the major tasks which were performed 

include literature review, data collection and preprocessing. applying data mining 

techniques, algorithms and finally result evaluation. The approach to each of the tasks is 

described below. 
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1.5.1.Literature review 

The first research methodology which was llsed for the success of the study is reviewing 

different types of literatures from Addis Ababa University libraries and from the 

internet. The literatures reviewed include different books useful for the study and 

previously conducted research papers in the area. 

Bu siness Understanding 

Business unde rstanding ror the study was gained throllgh techniques such as interviews. 

disCliss ions and document observations. 

Data Collectio n and Preprocessing 

The target data set for this particular study was collected from Z-Smart Trouble Ticket 

information system data base at ethio-telecom, and it is a data which is registered and 

collected in relation with Broadband network service fault reports. 

Since the faw data was highly susceptible to noise, missing values, and inconsistency, in 

order to help improve the quality of the data and, consequently, of the mining results 

raw data was pre-processed by applying different preprocessing tasks such as data 

cleaning, data Integration, data Transformation, and data reduction. 

Applying data m ining techniques 

After successfully completing the data preprocessing task, the next step was applying the 

selected data mining techniques and algorithms on the selected mining tool Weka 

version 3.7-4. The data mining techniques selected based on related literatures were 

decision tree with J48 algorithm and Bayesian network with Naive bayes algorithm. For 

splitting the data set into training and test sets, Cross validation, and percentage split 

test options are used. 

1·5·5· Evaluation Techniques 
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The accuracy of the classifier was tested based on the test data managed by Weka, using 

detail accuracy by class and also based on the analysis made on the confusion matrix 

results. 

1.6. Scope and limitation of the study 

The scope of the study was limited to applying data mining techniques for designing a 

predictive model for predicting broadband network faults in ethio-telecom services. 

Since the company provides different kind of services like GSM , COMA, broadband 

internet and data, ISDN, PSTN and others, it is possible to find different types of 

network fault repOlt data registered and stored at ethio-telecom for the mentioned 

services. But this research mainly focus on or limited to broadband internet and data 

faults, specifically on t rouble tickets created for the fault by dedicated technicians using 

Z-smart systems. The data which was used for this particular study was the data related 

to broadband network connection faults obtained from ethio-telecom. This was because 

broadband networking is crucial for the country's economy as well as most widely used 

networking technology and believed to get special consideration to attain sustainable 

service provis ion. I n addition, the time was not enough to consider all types of network 

service faults in this particular study. 
There was a limitation for this study which should be mentioned here. The data used for 

this particular study was expected to be obtained from the data base but due to some 

sort of internal procedures at ethio-telecom it was not possible to get it from the data 

base rather it was obtained through the interface of Z-Smart Trouble Ticket information 

system. Therefore, the study was limited to only some attributes which were accessed 

through the information system. 

1.7. Application and Significance of the Study 

Broadband internet access, often shortened to just "broadband", is high speed Internet 

access that provides download speeds equal to or faster than 256 kbit/s . The standard 

broadband technologies in most areas are Digital Subscriber Line (DSL) and cable 

Page \ 9 



modems. Newer technologies in use include VDSL (Very High Speed DSL) and pushing 

optical fiber connections closer to the subscriber in both telephone and cable plan ts. 

Fiber-optic communication has played a crucial role in enabling broadband internet 

access by making transmission of information over larger distances much more C05t ­

effective than copper wire technology. 

The population demand for the broadband services has not stopped rising in the last 

couple of years. Not only that the number of users is getting higher, but they extensively 

use the newly offered services (MondejaT , et a1., 2008). 

In this thesis the researcher studied the application of data mmmg techniques for 

predicting broadband network faults in the telecommunications network operations. 

The result of this study can be a great help for ethio-telecom since the company can 

predict broad band service faults before they are going to happen and based on the 

prediction made, the company can take different measures so as to minimize the service 

interruption by: -

• Preventing faults from happening and/or 

• By maintaining the faults within a reasonable time. 

So that the company can have a good relationship with its customers and also can 

collect the maximum revenue that it should get from its services. In addition the 

identified algorithms in this study that best suited for the prediction of faults can be 

used as an input for future studies in the area. 

1.8 . Th esis Organization 

As an introduction Chapter one consists of background, statement of the problem, 

objective of the study, methodology, scope and significance of the study. Chapter two 

describes the various concepts and approaches of data mining and its relation with other 

fields. It also describes the application areas of data mining in general and in 

telecommunication industry in particular. 
Chapter three discusses selected data mining techniques for this study with the specific 

algorithms applied. 
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Chapter four explains the data preparation and preprocessing tasks applied throughout 

the study. 

Based on the selected data mlnmg techniques and algorithms, in chapter Five the 

different experimentation tasks and the evaluation performed with the results obtained 

arc described. 

Finally in chapter six, it has been tried to summarize the whole story of the thesis by way 

of conclusion and future research directions are recommended. 
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CHAPTER TWO 

LITERATURE REVIEW 

The growth of huge databases is a result of the progress in digital data acquisition and 

storage technology. This has been observed in almost all walks of life, from the ordinary 

(such as supermarket transaction data, credit card usage records, telephone call details, 

and government statis tics) to the more unusual (such as images of astronomical bodies, 

molecular databases, and medical records). As a result of having such huge databases, 

an interest has grown towards tapping these da ta, so that to extract information which 

might be useful to the database owner. The discipline concerned with this task has 

become known as data mining (I-land et a1., 2001). 

2.1 Data mining overview 

"Data mining is the nontrivial process of extracting valid, previously unknown, 

comprt::hensible, and useful information from large databases and using it"(Sumathi , 

2006). It is an exploratory data analysis, trying to discover useful patterns in data that 

are not obviolls to the data user. 

Data mining is a multidisciplinary field , drawing work from areas including database 

technology, machine learning, statistics, pattern recognition, information retrieval, 

neural networks, knowledge-based systems, artificial intelligence, high-performance 

computing, and data visualization. Data mining emerged during the late 1980s, made 

great strides du ring the 1990S, and continues to flouri sh into the new millennium. (Han 

et al. , 2006; Sumathi, 2006). 

The evolution of data mining began when business data was first stored in computers 

and technologies were generated to allow users to navigate through the data in real time 

(Pujari, 2001). Data mining takes this evolutionary process beyond retrospective data 

access and navigation, to prospective and proactive information delivery. The three 
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sufficiently mature technologies that support the evolution of data mining are: massive 

data collection, high performance computing and data mining algorithms. The core 

components of the data mining technologies have been under development for decades, 

and today the maturity of these techniques coupled with the high performance relational 

database engines and broad data integration efforts have made these techniques 

practically applicable. 

Kantardzic (2003) noted that , data mining is one of the fastest growing fields in the 

computer industry. Although it was once a small interest area within computer science 

and statistics, data mining has quickly expanded into a field of its own. One of the 

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

techniques that can be applied to a host of problem sets. 

Data mining techniques have been applied successfully in many areas, from business, 

science, to sports (Sumathi, 2006). 

2.2 Gen era l d a ta m in ing pl"OCeSS 

"Data mining is not simply a collection ofis-alated tools, each completely different from 

the other and waiting to he matched to the problem, but rather it is an iterative process" 

(Kantardzic, 2003). This process needs to study the data, to examine it using some 

analytical techniques, to look at it again in another way and modifying it, and then go 

back to the beginning and apply another data analysis tool to reach to a better of 

different result. This can be repeated many times; each technique is used to probe 

slightly different aspects of data- to ask a slightly different question of the data. 

Therefore, we can say that data mining is a carefu lly planned and considered process of 

deciding what will be most useful , promising, and revealing. 

According to Kantardzic (2003), the general experimental procedure adapted to data­

mining problems involves the following steps: 

2.2.1 State the proble m and form ulate t he hypothesis 
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It is necessary to have domain specific knowledge and experience in order to come up 

with meaningful problem statement. This is required because most of the data based 

modeling studies are performed in a particular application domain. 

The process of acquiring such knowledge requires a close interaction between the data­

mining expert and the application expert . This cooperation continues during the entire 

data mining process in successful data mining applications (Kantardzic, 2003)· 

2 .2.2 Collect the data 

In order to apply the estimated model successfully, it is very important, to understand 

how data collection affects its theoretical distribution, since such a priori knowledge can 

be very useful for modeling and, later, for the final interpretation of results. It is also 

very important to make sure that the data used for estimating a model and the data used 

later for testing and applying a model come from the same, unknown, sampling 

distribu tion(Kantardzic, 2003)· 

2.2.3 Preprocessing the data 

Data pre-preprocessing is an important step in the data mining process and it includes 

cleaning, normalization, transformation, feature extraction and selection, etc. 

If there is much irrelevant and redundant information present or noisy and unreliable 

data, then knowledge discovery during the training phase is more difficult. Therefore 

data-preprocessing steps should not be considered completely independent from other 

data-mining phases. Generally, a good preprocessing method provides an optimal 

representation for a data-mining technique by incorporating a priori knowledge in the 

form of application-specific scaling and encoding (Kantardzic, 2003)· 

2.2.4 Estimate the model 

The selection and implementation of the appropriate data-mining technique is the main 

task in this phase. This process is not straightforward; usually, in practice, the 

implementation is based on several models, and selecting the best onc is an additional 

task (Kantardzic, 2003)· 
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2.2.5 Interpret the model and draw conclusions 

Data mining models are expected to ease the decision making process in most cases. 

Therefore, the models need to be interpretable in order to be useful. Note that the goals 

of accuracy of the model and accuracy of its interpretation are somewhat cont radictory. 

Usually, simple models are more interpretable, but they are also less accurate. Modern 

data-mining methods are expected to yield highly accurate results using high 

dimensional models (Kantardzic, 2003)· 

2.3 Data mining in telccom industries 

Even if telecom companies have a huge amount of information which exceeds our 

capacity to analyze it , data-Mining techniques also have different features that make 

them suitable for analyzing this great amount of data available (Costea, 2006). 

The data generated by telecom industries are broadly grouped into three types as 

Customer data (Demography), Network data, and Bill data (Y. Umayaparvathi, 2012). 

Data mining techniques are applied in telecom database for various purposes. Each uses 

different type of telecom data depending on the purpose. 

Currently, telecommunication companies are using data mining to improve their 

marketing efforts, identify fraud, and better manage their telecommunication networks. 

However, the enormous size of thei r data sets, the sequential and temporal aspects of 

their data, and the need to predict very rare events-such as customer fraud and 

network failures in real-time are still a challenge to these companies (M.weiss, 2009). 

M.weiss (2009) also described that, the popularity of data mining in the 

telecommunications industry can be viewed as an extension of the use of expert systems 

in the telecommunications industry. These systems were developed to address the 

complexity associated with maintaining a huge network infrastructure and the need to 

maximize network reliability while minimizing labor costs. Because it is both difficult 

and time consuming to elicit the requisite domain knowledge from experts, developing 

expert systems become expensive. Therefore, data mining can be viewed as a means of 

automatically generating some of this knowledge directly from the data. 
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2.4 Telecommunication Network Faults 

Telecommunication networks often contain thousands of components and a problem 

with one component may quickly propagate through the network. This makes the 

process of managing the performance of telecommunication networks an extremely 

complex task (Weiss, 2 002). Ident ifying and isolating faults in these networks is one 

important aspect of managing network performance. In fact, in order to maintain the 

availability of these networks, it is critically important to identify a fault before it results 

in a total failure. 

Variety of network failures are possible with typical events resulting in a failure being 

accidental cable cuts, hardware malfunctions, software errors, natural disasters, human 

error (e.g., incorrect maintenance), and malicious attack both on hardware and software 

(Medhi & Tipper, 1997). 

A fault is a malfunction that has occurred either in the hardware or software on the 

network. (Sterritt et aI. , 2000). 

(Hudyma & Fels, 2004 ), categorize network failures into seven types these are: -

2-4.1 Hardware Problems 

Variations in the quality of equipment, the quality of network planning and 

design, complexity of the implementation, the interaction and interoperability of 

components at the time of actual deployment of the networks, can be resulted in 

hard ware problems (Hudyma & Fels, 2004)· 

2.4.2 Software Proble ms 

Faulty device drivers, subtle differences in protocol implementation and 

handling, and operating system faults and anomalies can be mentioned as causes 

of network software fa ilures (Hudyma & Fels, 2004). 

2.4.3 Operator Errors 
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"An operator error that affects 1he network reliability can arise from people's 

interaction with networking equipment , physical cables and connectors as well as 

from events by other IT devices result from user actions" (Hudyma & Fels, 2004). 

2.4.4 Mass Storage Devices 

"Although the failure of these devices is not by itself considered to be a network fail ure, 

there has been a rapid growth in the deployment of Storage Area Networks (SAN) where 

large arrays of mass storage devices are directly connected to a network th rough high 

capacity channels" (Hudyma & Fels, 2004). 

2.4.5 Network Problems 

"Hardware and Software problems that are directly related to the Network are included 

in this category" (Hudyma & Fels, 2004)· 

2.4.6 Denial of Service Attack 

Denial of Service attacks has been a major source of network failures since 2000. 

Example of the impact of Denial of Service attacks is the Code Red virus and a 

morc recent variation, Slammer worm, disrupted millions of computers by 

unleashing a well coordinated Distributed Denial of Service Attack. These attacks 

resulted in a significant loss of corporate revenues worldwide (Hudyma & Fels, 

2004). 

2.4.7 Disaster Scenarios 

The fi nal category of failure considered is that of disaster scenarios which occur 

from a wide range of ci rcumstances, many of them environmental and some 

synthetic. Environmental disasters include floods, earthquakes, hurricanes, long 

term power outages, tornadoes and fi res. Synthesized disasters can include: theft, 

vandalism, arson, war and acts of terrorism (Hudyma & Fels, 2004)· 

Currently, Quality of Service and customer satisfaction with profit maximization is the 

vision of any service providing company. If a company in the telecom industry have 

applications and databases, the logical next question is how to use this existing data to 
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predict locations of future faults (with acceptable margins of probability) and prevent or 

minimize network downtime (Medved et aI., 2000). 

2.5 Data Mining and Knowledge discovery from databases 
(KDD) 

Converting data into knowledge in traditional methods is based on manual analys is and 

interpretation. "In any field the classical approach to data analysis relies fundamentally 

on one or more analysts becoming intimately familiar with the data and serving as an 

interface between the data and the users and products" (Fayyad, 1996). 

As data volume grow significantly, manual data analysis will become impossible. 

Currently, computers have enabled us to gather more data than we can digest. 

Therefore, it is normal to look for computational techniques to help us discover 

meaningful patterns and structures from the huge volumes of data. 

According Sumathi (2006), "an enormous proliferation of databases in almost every 

area of human endeavor has created a great demand for new, powerful tools for turning 

data into useful , task-oriented knowledge". To address this need, researchers have been 

exploring ideas and methods developed in machine learning, pattern recognition, 

statistical data analysis, data visualization, neural nets , etc. With their hard work, the 

researchers came up with a new research area, frequently called data mining and 

knowledge discovery. 
The task of finding useful patterns in data has been historically given a variety of names, 

including data mining, knowledge extraction, information discovery, information 

harvesting, data archaeology, and data pattern processing (Fayyad, 1996). 

The term data mining has mostly been used by statisticians, data analysts, and the 

management information systems (MIS) communities. It has also gained popularity in 

the database field. 

The term knowledge discovery in databases or KDD, for short, was coined in 1989 to 

refer to the broad process of finding knowledge in data, and to emphasize the "high­

level" application of particular DM (Ana Azevedo, 2008). 
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KDD has evolved, and continues to evolve, from the intersection of research in fields 

such as databases, machine learning, pattern recognition, statistics, artificial 

intell igence and reasoning with uncertainty, knowledge acquisition for expert systems, 

data visualization, machine discovery, scientific discovery, information retrieval, and 

high-performance computing (Fayyad et al., 1996). 

KDD focuses on the overall process of discovering useful knowledge from data including 

how the data are stored and accessed, how algorithms can be scaled to massive data sets 

and still run efficiently, how results can be interpreted and visualized, and how the 

overall man-machine interaction can usefully be modeled and supported. 

Data mining is a particular step in the KDD process and it is the application of specific 

algorithms for extracting patterns from data. Currently data mining is regarded as the 

key element of the KDD process (Fayyad et aI., 1996). 

Data mining involves fitting models to or determining patterns from observed data. The 

fitted models play the role of inferred knowledge. Deciding whether or not the models 

reflect useful knowledge is a part of the overall interactive KDD process for which 

subjective human judgment is usually required (Fayyad, et aI., 1996). 

These days, the term Data Mining is becoming more popular than KDD (Han, et aI., 

2006). 

2,6 Data mining process models 

The common process models describing the data mining process are the KDD 

(Knowledge Discovery in Databases) process model, SEMMA, CRISP-DM (CRoss 

Industry Standard Process for Data Mining) and Reinartz's framework (Welcker et aI., 

2012). 

Due to time constraint, for the purpose of this study three of the above mentioned data 

mining process models (KDD, SEMMA, and CRISP-DM) will be discussed. 
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2.6.1 The KDD Process model 

The KDD process is an organized process of identifying valid, novel, useful , and 

understandable patterns from large and complex data sets (Maimon & Rokach, 2005)· 

As shown in figure 2:1 below, the KDD process is interactive and iterative, involving 

nu merous steps with many decisions being made by the user (Fayyad, et aI., 1996). The 

numerous steps are summarized in nine steps as follows: -
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Figure 2: 1 Process of knowledge discovery in databases (Maimon & Rokach , 2005) 

Following is a brief description of the nine-step KDD process by (Maimon & Rokach, 

2005):-

1. Develo ping a n un derstanding of the application dom ain : The people who are 

in charge of a KDD project need to understand and define the goals of the end-user and 

the environment in which the knowledge discovery process will take place (including 

relevant prior knowledge). 

2 . Selecting a nd creating a data set on wh ich d iscovery will b e performed: 

This includes finding out what data is ava ilable, obtaining additional necessary data, 
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and then integrating all the data for the knowledge discovery into one data set, including 

the attributes that will be considered for the process. 

3. Preprocessing and data cleansing: In this stage, data reliability is enhanced. It 

includes data clealing, such as handling missing values and removal of noise or outliers. 

4. Data transformation: In this stage, the generation of better data for the data 

mining is prepared and developed. 

5. Choosing the appropriate Data Mining task: We are now ready to decide on 

which type of Data Mining to li se, for example, class ification, regression, or clustering. 

This mostly depends on the KDD goals, and also on the previous steps. 

6. Choosing the data mining algorithm(s): This stage includes selecting the 

specific method to be used for searching patterns 

7. Employing the Data Mining algorithm: Finally the implementation of the Data 

Mining algorithm is reached. In this step we might need to employ the algorithm several 

times until a satisfied result is obtained, for instance by tuning the algorithm's control 

parameters, such as the minimum number of instances in a single leaf of a decision tree. 

8. Evaluation: In this stage we evaluate and interpret the mined patterns (rules , 

reliability etc.), with respect to the goals defined in the first step. 

9. Using discovered knowledge: includes incorporating the knowledge into the 

pelformance system, taking actions based on the knowledge, or simply documenting it 

and reporting it to interested parties, as well as checking for and resolving potential 

conflicts with previously believed (or extracted) knowledge. 

2.6.2 The SEMMA process model 

The SEMMA process was developed by the SAS Institute (Ana Azevedo, 2008). The 

acronym SEMMA stands for Sample, Explore, Modify, Model, Assess, and refers to the 

process of conducting a data mining project. 

The SAS Institute considers a cycle with 5 stages for the process: 
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1. Sample - This stage consists on sampling the data by extracting a portion of a large 

data set big enough to contain the significant information, yet small enough to 

manipulate quickly. This stage is pointed out as being optional. 

2. Explore - This stage consists on the exploration of the data by searching for 

unanticipated trends and anomalies in order to gain understanding and ideas. 

3. Modify - This stage consists on the modification of the data by creating, selecting, 

and transforming the variables to focus the model selection process. 

4. Model - This stage consists on modeling the data by allowing the software to search 

automatically for a combination of data that reliably predicts a desired outcome. 

5. Assess - This stage consists on assessing the data by evaluating the usefulness and 

reliabili ty of the findings from the data mining process and estimate how well it 

peiforms. 
SEMMA offers an easy to understand process, allo\-v1.ng an organized and adequate 

development and maintenance of OM projects. 

2 .6 .3 The CRISP~DM process model 

The Cross-Industry Standard Process for Data Mining (CRlSP-DM) process was 

developed by the means of the effort of a consortium initially composed with 

DaimlerChryrler, SPSS and NCR (Ana Azevedo, 2008). 

The life cycle of CRlSP-OM consists of six phases. As shown in Figure 2:2, the sequence 

of the phases is not rigid. Moving back and forth between different phases is always 

required. The outcome of each phase determines which phase, or particular task of a 

phase, has to be performed next. The arrowS indicate the most important and frequ ent 

dependencies between phases (Chapman, et aI., 2000). 
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Figure 2 2 CRlSP-DM life cycle (Chapman, et aI., 2000) 

1. Business understanding - Focuses on understanding the project objectives and 

requirements from a business perspective, then converting this knowledge into a 

data mining problem definition and a preliminary plan designed to achieve the 

objectives. 

2. Data understanding - This phase starts with initial data collection and proceeds 

VYith activities that enable you to become familiar with the data, identify data 

quality problems, discover first insights into the data , and/ or detect interesting 

subsets to form hypotheses regarding hidden information. 

3. Data preparation - The data preparation phase covers all activities needed to 

construct the final dataset that wili be fed into the modeling tool from the initial 
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raw data. Activities include table, record, and attribu te selection, as well as 

transformation and cleaning of data for modeling tools. 

4. Modeling - In this phase, va rious modeling techniques are selected and applied, 

and their parameters are calibrated to optimal values. Typically, there are several 

techniques for the same data mining problem type. Some techniques have 

specific requirements on the form of data. Therefore, going back to the data 

preparation phase is often necessary. 

5. Evaluation - At this stage the key objective is to determine if there is some 

important business issue that has not been sufficiently considered. At the end of 

this phase, a decision on the use of the data mining results should be reached. 

6. Deployment - At th is stage the knowledge gained will need to be organized and 

presented in a way that the customer can use it. 

Among the above mentioned data mining process models, CRISP-DM is going to be 

applied for the purpose of this particular research. This is because, CRISP-DM is 

considered as the most and broadly adopted data mining process model (Chapman, el 

al. , 2000). 

2.7 Data Mining Tasks 

Due to the existence of many patterns in a large database, the tasks in data mining are 

very diverse and distinct (Sumathi, 2006). It requires applying different methods and 

techniques in order to find different types of patterns. Tasks in data mining can be 

classified into summarization, classification, clustering, association, and trend analys is 

based on the patterns we are looking for. This data mining tasks are briefly discussed 

below. 

2.7. 1 Summarization 

Summarization is the process of summarizing and abstracting a set of task-relevant 

data. As a result of this process, a general overview of the data will be obtained in a 

smaller set. The process can result into different abstraction level and can be viewed 
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from different angles. By combining the different abstraction levels, various kinds of 

patterns and regularities can be obtained. (Sumathi, 2006). 

2.7.2 Classificati on 

Classification derives a function or model, which determines the class of an object, 

based on its attributes (Sumathi , 2006). A set of objects is given as the training set. In it, 

every object is represented by a vector of attributes along with its class. A classification 

function or model is constructed by analyzing the relationship between the attributes 

and the classes of the objects in the training set which can be applied for classifying 

future objects. 
Among the different types of data mining tasks, classification is going to be applied for 

this specific research. This because the aim of the study is to classify the data set and 

then based on it to predict future data sets. 

2.7.3 Association 

Association is the discovery of rules that reveals the associative relationships among 

objects. Association rules can be useful for marketing, commodity management, 

advertising, and so forth (Sumathi, 2006). 

2.7-4 Clustering 

Clustering is the process of identifying classes or groups for a set of objects whose 

classes are unknown (Sumathi, 2006). This is done based on some criteria defined on 

the attributes of the objects. Once the clusters are decided the objects are labeled wi th 

their corresponding clusters. The common features for object in a cluster are 

summarized to form the class description. As result of the clustering process, it will be 

observed that an increase in similarity among objects within the same cluster, and a 

decrease in similarity among object in different clusters. 

2.7.5 Trend analysis 

Accumulated records over time are called time series data, and such kind of data can be 

viewed as objects with an attribute time. The objects are snapshots of entries with values 

that change over time. Finding the patterns and regularities in the data evolution along 

the dimension of time can be fascinating (Sumathi , 2006). 
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2.8 Data mining techniques 

Data mining adopted its techniques from many research areas, including statistics, 

machine learning, database systems, neural networks, rough sets, and visual ization 

(Sumathi ,2006). 

There are many up-ta-date techniques for the different types of data mining tasks such 

as for classification (decision trees, oa" lve Bayes classifier, k-nearest neighbor, neural 

networks), for clustering (k-rneans, hierarchical clustering, density-based clustering), 

for association (one-dimensional, multidimensional, multilevel association, constra int­

based association) , and so on. 

According to S. Sumathi (2006), data mining techniques can be categorized based on 

their approach as fol1ows: -

2.8.1 Statistical approaches 

Many statistical tools have been used for data mining, including Bayesian network, 

regression analysis, cluster analysis, and correlation analysis. Usually statistical models 

are built from a set of training data. An optimal model. based on a defined statistical 

measure, is searched among the hypothesis space. Rules, patterns, and regularities are 

then drawn from the models (Su mathi, 2006). 

• A Bayesian network is directed graph computed using the Bayesian probability 

theorem. It represents the causal relationships among the variables. 

• Regression is the function derivation, which maps a set of attributes of objects to 

an output variable. 

• Correlation analysis studies the correspondence of variables to each other. 

• Cluster analysis finds groups from a set of objects based on distance measures. 

2.8.2 Machine learning approaches 

Like statistical methods, machine-learning methods search for the best model that 

matches the testing data. Unlike statistical methods, the searching space is a cognitive 

space of n attributes instead of a vector space of n dimensions. Besides that , most 

machine learning methods use heuristics in the search process. 
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The most common machine learning methods used for data mining include decision 

tree, inductive concept learning, and conci~ptual clustering (Sumathi, 2006). 

• A decision t ree is a classification tree, which determines an object's class by 

following the path from the root to a leaf node. It chooses the branches according 

to the attribute values of the object. Decision trees are induced from the training 

set. Classification rules can be extracted from the decision trees. 

• Inductive concept learning derives a concise, logical description of a concept from 

a set of examples. 

• Conceptual clustering finds groups or clusters 10 a set of objects based on 

conceptual closeness among objects. 

2.8 .3 Database-orie n ted a pproaches 

Database-oriented methods do not search for a best model, as do the previous two 

methods. Instead, data modeling or database specific heuristics are used to exploit the 

characteristics of data in hand. The attribute-oriented induction, the iterative database 

scanning for frequent item sets, and the at tribute focusing are representatives of the 

database-oriented methods (Sumathi , 2006). 

2.8.4 Other appr oaches 

Many other techniques have been adopted for data mining, including neural networks, 

rough sets, and visualization (Sumathi, 2006). 

• A neural network is a set of interlinked nodes called neurons. A neuron is a 

simple device that computes a function of its inputs. The inputs can be outputs of 

other neurons or attribute values of an object. By adjusting the connection and 

the functional parameters of the neurons, a neural network can be trained to 

model the relationship between a set of input attributes and an output attribute. 

A neural network can be used, for example, in classification when the output 

attribute is the object class. 
• A rough set is a set whose membership is fuzzy. A set of objects can be arranged 

to form a group of rough sets for use, in say, classification and clustering. 

• Visual exploration is another interesting data mining technique. Data are 

transformed into visual objects such as dots, lines, and areas. The data is then 
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displayed in a two- or three-dimensional space. Users can interactively explore 

the interesting spots by visual examination. 

These methods can be integrated or combined to deal with complicated probabilities, or 

provide solutions. Indeed most data mining systems employ multiple methods to deal; 

with different kinds of data, different data mining tasks, and different application areas 

(Sumathi,2006). 

2.9 Data mining and other related fields and technologies 

Data mining has its origins in various disciplines, of which the two most important are 

statistics and machine learning (Kantardzic, 2003). For the purpose of this study the 

relation of data mining with machine learning and statistics are discussed. More over 

tvYo technologies applied in data mining - data warehouse and aLAP - will also be 

explained. 

2.9.1 Data mining and Machine learning 

Data mining adopted its techniques from many research areas, including statist ics, 

machine learning, database systems, neural networks, rough sets, and visualization 

(Sumathi, 2006). 
"Machine learning is the study of computational methods for improving performance 

by mechanizing the acquisition of knowledge from experience" (Jackson, 2002). 

Machine learning aims to provide increasing levels of automation in the knowledge 

engineering process, replacing much time-consuming human activity with automatic 

techniques that improve accuracy or efficiency by discovering and exploiting regularities 

in training data. Although machine learning algorithms are central to the data mining 

process, it is imp0l1ant to note that the process also involves other important steps, 

including: 

>- building and maintaining the database, 

>- data formatting and cleansing, 

>- data visualization and summarization, 
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» the use of human expert knowledge to formulate the inputs to the learning 

algorithm and to evaluate the empirical regularities it discovers, and 

l> Determining how to deploy the results. 

The most common machine learning methods used for data mining include decision 

tree, inductive concept learning, and conceptual clustering (Sumathi, 2006). 

2.9.2 Data Mining and statistics 

"Statistics is the traditional field that dt~als with the quantification, collection, analysis, 

interpretation, and drawing conclusions from data" (Benjamini & Leshno, 2005)· It 

provides a language and framework for quantifying the uncertainty resulting when one 

tries to infer general patterns from a particular sample of an overall population (Fayyad, 

et aI., 1996). 

As Jackson (2002) described, the disciplines of statistics and data mining, both aim to 

discover structure in data. So much do their aims overlap, that some people regard data 

mining as a subset of statistics. But that is not a realistic assessment as data mining also 

makes use of ideas, tools, and methods from other areas - particularly database 

technology and machine learning, and is not heavily concerned with some areas in 

which statisticians are interested. 

Statistical procedures do, however, playa major role in data mining, particularly in the 

processes of developing and assessing models. Most of the learning algorithms use 

statistical tests when constructing rules or trees and also for correcting models that are 

over fitted. 

Data mining differs from traditional statistics on two issues: the size of the data set and 

the fact that the data were initially collected for purpose other than that of the OM 

analysis. Thus, experimental design, a very important topic in traditional statistics, is 

usually irrelevant to DM. On the other hand asymptotic analysis, sometimes criticized in 

statistics as being irrelevant, becomes very relevant in DM (Benjamini & Leshno, 2005)· 
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2.9.3 Data warehousing, OlAP and Data Mining 

Daily stored data in to production systems at the end should serve to management. 

Administ rat ive structure of the company should be able to extract useful information 

from large amounts of data , and use it for evaluating the results achieved, planning and 

making business decisions. For this purpose it is necessary to ensure a quick and easy 

access to data stored in complex structures of production systems. 

Nowadays. organizational data can be stored in many different types of databases. One 

data base architecture that has recently emerged is the "data warehouse", which is a 

repository of multiple heterogeneous data. sources, organized under a unified schema at 

a single site in order to facilitate management decision-making (Reddy, Srinivasu, Rao, 

& Rikkula, 2010). 

Data warehouse technology includes data cleaning, data integrating, and on-line 

analytical processing (OLAP) that is, analysis techniques with functionalities such as 

summarization, consolidation and aggregation, as well as the ability to view information 

from different angles. 

According to Jackson (2002), the data cleaning and data integration tasks in the 

construction of a data warehouse, can be viewed as an important preprocessing step foJ' 

data mining. However, a data warehouse is not a requirement for data mining. The data 

to be mined can be extracted from one or more operational or transactional databases or 

data marts if it is not possible to have a data warehouse. It is also possible to use a 

logical or a physical subset of a data warehouse as a database for mining. 

From a data warehouse perspective, data mining can be viewed as an advanced stage of 

on-line analytical processing (OLAP). However, data mining goes far beyond the narrow 

scope of summarization-style analytical processing of data warehouse systems by 

incorporating more advanced techniques for data analysis (Han, et a1., 2006). 

Han, et al. (2006) describe the relationship of data warehousing and OLAP with data 

mining as: _ "The capability of OlAP to provide multiple and dynamic views of 

summarized data in a data warehouse sets a solid foundation for successful data 

mining". 
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2.10 Application Areas of Data mining 

Many organizations use data mining to help manage all phases of the customer li fe 

cycle, including acquiring new customers, increasing revenue from existing customers, 

and retaining good customers (Han, et aI., 2006). 

By determining characteristics of good customers (profiling), a company can target 

prospects with similar characteristics. By profiling customers who bought a particular 

product a firm can focus attention on similar customers who have not bought that 

product (cross selling). 

Profiling also enables a company to retain customers who are at risk for leaving 

(reducing churn or attrition), because it is usually far less expensive to retain a customer 

than acquire a new one. 

Examples of other industries where data mining can make a contribution include: 

>- Telecommunications and credit card companies are two of the leaders in applying 

data mining to detect fraudulent use of their services. 

}> Insurance companies and stock exchanges are interested in applying data mining 

to reduce fraud. 

>- Medical applications use data mining to predict the effectiveness of surgical 

procedures. medical tests, or medications. 

>- Financial firms use data mining to determine market and industry characteristics 

as well as to predict individual company and stock performance. 

}> Retailers make use of data mining to decide which products to stock in particular 

stores (and even how to place them within a store), as well as to assess the 

effectiveness of promotions and coupons. 

}> Pharmaceutical firms mine large databases for chemical compounds and genetic 

material to discover substances that might be candidates for development as 

agents for the treatments of disease. 
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2.10.1 Application of Data mining in the Telecommunication industry 

The telecommunications industry was an early adopter of data mining technology and 

therefore many data mining applications exist (Weiss, 2005). These applications are 

divided into three application areas: fraud detection, marketing/ customer profiling and 

network fault isolation. 

• Fraud Detection 

Fraud is a serious problem for telecommunication companies, leading to billions of 

dollars in lost revenue each year (Weiss, 2005). Fraud can be divided into two 

categories: subscription fraud and superimposition fraud . Subscription fra ud occu rs 

when a customer opens an account with the intent ion of never paying for the account 

charges. Superimposition fraud involves a legitimate account with some legi timate 

activity, but also includes some "superimposed" illegitimate activity by a person other 

than the account holder. Superimposition fraud poses a bigger problem for the 

telecommunications industry. 

The most common method for identifying fraud is to build a profile of customer's calling 

behavior and compare recent activity against this behavior. Thus, this data mining 

application relies on deviation detection. 

• Marketing / Customer Profiling 

Telecommunication companies maintain a great deal of data about their cllstomers. A 

serious issue with telecommunication companies is customer chum. Customer churn 

involves a customer leaving one telecommunication company for another. Customer 

churn is a significant problem because of the associated loss of revenue and the high 

cost of attracting new customers (Weiss, 2005)· 

Thus, it is often useful to profi le customers based on their patterns of phone usage, 

which can be extracted from the call detail data. These customer profiles can then be 

used for marketing purposes, or to better understand the customer, which in turn may 

lead to better forecasting models. 
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• Nehvork Fault Isolation 

The other data mining application area in the telecom industry, in which the task of this 

specific study can be grouped into, is network fault isolation. 

As Weiss (2005) described. telecommuniC!.;1tion networks are extremely complex 

configurations of hardware and softwaw. Most of the network elements are capable of at 

least limited self-diagnosis. and these elements may collectively generate mill ions of 

status and alarm messages each month. In order to effectively manage the network. 

alarms must be analyzed automatically in order to identify network faults in a timely 

manner. 

Because of the volume of the data, and because a single fault may cause many different, 

seemingly unrelated, alarms to be generated, the task of network fault isolation is qui te 

difficult . Data mining has a role to play in generating rules for identifying faults. 

2.11 Related works 

There are a number of studies done in the fi eld of applying data mining techniques in 

telecom industry and specially for predicting telecommunication network faults. 

One of the studies, presented a temporal alarm prediction scheme for fault-prediction in 

a Telecommunications Network based on a predictive tool known as TimeSleuth (Jaudet 

et aI. , 2005). They selected a countrywide data network of Pakistan Telecom (PTCL) as a 

basis for the investigation of classification algorithms to predict faults. The main 

problems addressed were the evaluation of alarms and development of new machine 

learning tools to help overcome the interoperability issues. 

The motivation behind thei r work was to assist human operators and minimize the cost 

of the alarm evaluation process. During the study, they employed and adapted Time­

Sleuth (decision tree based algorithm- (4.5 variant) software for analysis of alarm 

messages and fault.predict ion. The collected data for their study had 60,000 alarms 

which had occurred over the previous four days. The main variable of interest for their 

data was separation of time between consecutive alarms. Upon their experimentation, 

accuracy of rules for having classificat ion tree and its rules stayed arollnd 80-85% and 
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accuracy for prediction of groups stayed around 90%. They describe that their result 

based on the C4.5 variant were quite accurate in terms of alarm symbol prediction. 

Another study describes a project in which a temporal data mining system called Time­

weaver is used to identify faulty telecommunication equipment from logs of network 

alarm messages (Weiss, 2002). The motivation of the study was to minimize the time 

taking and costly process of knowledge acquisition in the telecommunication domain. 

For performing their task they developed TimeWeaver data mining software package 

which is a genetic-based data mining system that evolves populations of prediction 

patterns in order to solve event prediction problems. The target dataset was form ed by 

collecting two week worth of alarms which contain 148,886 alarms from which 1045 

distinct alarms were made ready after preprocessing. Each alarm contains 

approximately 20 variables from which five variables were selected based on their 

importance for diagnosis and the available domain knowledge. The data mining task 

selected for their study was prediction task. The selected data mining task requires an 

algorithm that can identify predictive sequent ial and temporal patterns in the network 

alarm data. Because existing methods and software packages were not suitable for 

performing this task, the researchers develop a software package called Time-Weaver. 

This software package is a genetic-based data mining system that involves populations 

of prediction patterns in order to solve event prediction problems. Upon their 

experimentation, the researchers split the target dataset in to disjoint training and test 

sets by placing 70% into the training set and '(he remaining into the test set. As a result it 

was observed that the precision of the predictions decreases as the recall of the 

predictions increases. It was also observed that, the shorter the warning time the better 

gets the predictions. 

The other study, described a formalism to model the behavior of telecommunications 

networks when a fault occurs and how the effects are propagated across equipment 

(Aghasaryan et aI., 2002). The objective of their work was to ease the construction and 

the update of a model corresponding to the supervised network; According to 

researchers, their model can be used to simulate fault propagation in the network and 

also to process on-line diagnosis and determine primary causes of a set of observed 
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alarms. They also mentioned that, even if their experiment was carried out for a small 

network, they reasonably suppose that the approach can be extended successfully to 

larger, more complex networks, for the following reasons: (i) the number of classes of 

component will always be small, and (ii) the distributed nature of the algorithms makes 

them well adaptable when the size of the network grows. They also disclosed the main 

limitation of their approach as that the structural model is assumed to be unchanged, 

which is not the case in real telecommunications networks. 

Another research presented a process to perform data mining on electric power fault 

information reports (Rayudu & Maharaj). The researcher's motivation behind their 

study was to device a data mining strategy to analyze power system fault information 

report s. Initially the researchers selected around 470 events spanning over three years. 

After applying preprocessing, 342 events with 30 attributes were used for train ing phase 

of the dada mining process. Three different algorithms (SSV decision tree, K nearest 

neighbors, and Feature Space Mapping (FSM)) used for data mining the data set. 

As the researchers mentioned, no single algorithm had performed well against all 

outputs. All algorithms for all predictors had an average accuracy of about 66·7%· The 

researchers present some points that can help in improving the accuracy obtained such 

as reiterating the pre-processing phase and converting some important information 

which is in English to a machine readable language. 

There are also few local research works which are conducted on the telecommunication 

domain such as: -"Using Data Mining to Combat Infrastructure Inefficiencies: The Case 

of Predicting Non-payment for Ethiopian telecommunication corporation"( Yigzaw et 

al. . 2010), "Application of Data Mining Techinques to Customer Relationship 

Management (CRM): The case of Ethiopian Telecommunications Corporation" (Girma, 

M., 2009), and "Data Mining Application in Supporting Fraud Detection on Ethio­

Mobile Services" (Gebremeskel,2006). 

As it can be seen from the above discussion. all the research works related with network 

fault prediction are based on network device alarm data. Which is different from the 

data used for this particular studYI which is a data related with the broad band network 
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service faults information report data of Ethio-telecom - (detail explanation about the 

data used for this study will be presented on the coming chapters). 

In addition, as per the researcher's knowledge, none of the local researches are 

conducted on a related data or research topic with this specific study. 

Therefore, the researcher believes that, this research is unique and contributes new 

knowledge to the existing body of knowledge pertaining to the application of data 

mining techniques for fault prediction. 

Page I 36 



CHAPTER THREE 

DATA MINING TECHNIQUES 

In data mining, classification is one of the most important tasks. The alln of 

classification task is to build a classifier based on some given training data set. Then, the 

obtained classifier will be applied for predicting the class of new attributes. The 

commonly used methods for data mining class ifica tion tasks can be classified into the 

following groups - Decision Trees (DT's), Support Vector Machine (SVM), Genetic 

Algorithms (GAs) / Evolutionary Programming (EP), Fuzzy Sets, Neural Networks, and 

Rough Sets. 

One of the classification techniques applied in this specific research is Decision trees. 

Decision tree is selected because its representation of acquired knowledge in tree form is 

intuitive and generally easy to understand by humans, the learning and classification 

steps of decision tree induction are simple and fast, and decision tree classifiers have in 

general good accuracy. Moreover, decision trees have a capability of handling missing 

values and compared to other sophisticated models, they can be generated very quickly. 

(Frank, 2000; Han, et aI. , 2006; Pyle, 1999)· 

The other data mining technique selected for this study is Bayesian Network. There are 

four main reasons for selecting Bayesian Networks for fau lt prediction system (Medved, 

et aI., 2000). These are: -

• Bayesian networks can readily handle incomplete data sets. 

• 

• 

Bayesian networks allow learning about casual relationships. 

Bayesian networks in conjunction with Bayesian statistical techniques facilitate 

the combination of domain knowledge and data. 

Bayesian methods in conjunction with Bayesian networks and other types of 

models offers an efficient and prindpled approach for avoiding the over fitting of 

data. 
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In addition, among several research areas that are proved to be useful as a method of 

reasoning, network fault detection is one of the diverse numbers of application areas 

where Bayesian network modeling is exploited (Cayd et a1.). 

For this particular study, the J48 algorithm (WEKA's implementation of the C4·s 
decision tree learner) and Naive-Bayes Hayp-sian network are applied for building the 

classification models from the available data set. 

The researcher selected two different types of data mining techniques for the purpose of 

comparing experimental results. 

3.1 Decis io n Tr ee 

"A decision tree is a decision-modeling tool that graphically displays the classification 

process of a given input for a given output class labels"(Drazin & Montag, 2012). 

It recursively partitions a data set of records using depth-first greedy approach or 

breadth-fi rst approach until all the data items belong to a particular class. A decision 

tree structure is made of root, internal and leaf nodes. Each node in a decision tree 

represents a feature in an instance to be classified, and each branch represents a value 

that the node can assume. Instances arc classified slarting at the root node and sorted 

based on their feature values. 

The tree structure is used in classifying unknown data records. At each internal node of 

the tree, a decision of best split is made using impurity measures. The tree leaves are 

made up of the class labels which the data items have been group. Decision tree 

classification technique is performed in two phases: tree building and tree pruning 

(Anyanwu & Shiva, 2009)· 

3.1.1 Tr ee building 

Decision trees are produced by algorithms that identify various ways of splitting a 

dataset into branch-like segments. Tree building is done in a recursive top-down 

manner by partitioning the tree until all the data items belong to the predefined class 

labels. The tree will be displayed in an inverted form with the root node (the node that 

contains the data set to be examined) at the top. Naturally, it consists of the values of the 
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field that will be partitioned or examined as the decision tree grows. Because this fi eld is 

the target of the analysis, it is oft en called the target; however, because its values can be 

dependent on the values of the fields that will be used to examine it, then it can also be 

called a dependent field or variable. 

In order to retain strong relationships between inputs and the target, important inputs 

will be selected as a splitting criterion. In addition, the decision tree criteria will 

separate important branches from unimportant one. Inputs are referred to as 

predictors or classifiers because their values can be used to predict target values or 

classify target values. 

The tree branches can be 2-way (binary) or multi-way (many) and are formed by 

splitting the target values with respect to the corresponding values in the inputs (De 

Ville, 2006). When a branch is identified with its associated leaves or nodes, then the 

members of each leaf or node are expected to be as homogenous as possible with respect 

to their relationship with the target. In addition, each leaf or node is maximally 

distinguished or differentiated from other nodes on the same branch of the decision 

tree. 

There are different statistical measures for analyzing the association or relation of one 

set of value with the other. For example, measure of information gain identify, how 

much information about a target can he gained through knowing the corresponding 

information about an input. On the other hand, a measure of purity identi fy, how 

homogenous or diversified are the members of a branch of the tree. It is possible to 

review the partitions or classifications formed by various inputs and to either select an 

input based on the numerical properties of the partitioning mechanism, or to select an 

input based on business rules (De Ville, 2006). A general decision tree construction 

process is illustrated in figure 3:1 which shows the steps in building a decision tree 

starting from the root node towards the leaf node by applying the splitting criteria. 
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Decision trees are said to be grown recursively; that is, once the initial or root node is 

split into a branch, all subsequent nodes are also split using the same methodology. 

This process continues as the decision tree is grown until it either runs out of data in the 

descendent node, or the growth is stopped according to a stopping rule. This is called 

recursive partitioning grmvth. Various stopping rules can suggest when recursive 

partitioning should be stopped. It is necessary to stop at some point because deep 

decision trees are more complicated to understand and less useful. The validity, 

accuracy, and reproducibility of the decision tree can be tested through validation(De 

Ville, 2006). 

The results, interpretation, and application of decision trees can be described, 

semantically, as simple IF <condition > THEl <action> rules. This way of describing 

relationships is very general and close to natural language, so it is readily 

understandable in non-scientific situations. 
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3.1.2 Over-fitting and Pruning 

When decision trees are built, many of the branches may reflect noise or outl iers in the 

training data. Tree pruning is done in a bottom·up fashion. It is used to improve the 

prediction and classification accuracy of the algorithm by minimizing over-fittin g (noise 

or much detail in the training data set) . Over fitting in decision trce algorithm results in 

misclass ifica tion error. Tree pruning is less tasking compared to the tree growth phase 

as the training data set is scanned only once. The two approaches to tree pruning arc 

Pre-pruning and Post-pruning (Han, et a1. , 2006) . 

Pre-pruning is deciding when to stop the growth of a tree (a method that controls the 

growth of a decision tree during its development) where as post pruning is reducing the 

size of a fu lly expanded tree. In the later case, to determine the optimal size of a tree, the 

tree is grown to full size (i.e., until all data arc spent) and then pruned back. The optimal 

size is determined using a complexity measure that balances the accuracy of the tree as 

measured by cost complexity and by the size of the tree. 

3.1.3 C4.5 d ecision tree algorithm 

Among the va rious types of decision tree algorithms. the most well-known algorithm in 

the literature for building decision trees is the C4.5 (Kotsiantis, Zaharakis, & Pintelas, 

2007). 
C4.5 algorithm is a successor of 103 (Iterative Dichotomiser) . It adopts a greedy 

approach in which decision trees are constructed in a top-down recursive divide-and -

conquer manner. <A.5 handles continuous and discrete attributes. Whenever a set of 

items (training set) is encountered, the algorithm identifies the attribute that 

discriminates the various instances most clearly. This is done using the standard 

equation of information gain(patel) . 
Among the possible values of this feature, if there is any value for which there is no 

ambiguity, i.e., for which the data instances falling ,vithin its category have the same 

value for the target variable, then that branch is terminated and the obtained target 

value is assigned to it ; For all other cases, another set of attributes arc looked at that 
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e In e same manner until either '1 gives the highest information gain ; This is continu d ' th . . 

clear decision of the value of the target variable . h d . ..' IS feae e WIth a combination of 

, or runnmg out 0 attrIbutes. conditions on various independent variables/ att ributes . f' 

, n am Iguous result from the In the event of running out of attributes or gett,'ng a b' 

u a e maJonty 0 the available information, the branch is assigned a target val e th t th .' f 

items under this branch possess. 

3.1.4 Pros and cons of decision trees 

Decision tree have an advantage over numerous techniques in that the output of a 

decision tree is transparent, which makes it easy for users or non technical persons to 

understand. 

But decision tree techniques also have scalability and efficiency problems. slich as 

substantial decrease in performance and poor use of available system resources (Danso, 

2006). 

3.2 Bayesian Networks 

A Bayesian network is a structure that shows the conditional dependencies between 

domain variables and may also be used to illustrate graphically the probabilistic causal 

relationships among domain variables, A Bayes ian network consists of a di rected acycl ic 

graph and probabili ty tables. The nodes of the network represent the domain variables 

and an arc between two nodes (parent and child) indicates the existence of a causal 

relationship or dependency among these two nodes. Associated \vith each node there 

exist a probability table (!"f). If the node has no parents. its probability table contains 

the prior probabilities else the conditional probabilities between the node and its 

parents. Although the domain variables can be continuous, they are discretized most of 

the time for simplicity and efficiency. Besides representing the dependencies between 

domain variables, a Bayesian network is used for inferencing the probability of a 

variable given the observations of other variables (Cayci, et al.) . 
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3.2.1 Graphical Structure of Bayesian Networks 

A Bayesian network is a graphical structure that allows us to represent and rcason about 

an uncertain domain (Bashar, Parr, McClean, Scotney, & Nauck, 2010). For a set of 

variables X = {Xl, X2, X3 ... ,xn}, a Bayesian network consists of a network structu re S 

that encodes a set of conditional independence assertions about variables in X, and a set 

P of local probability distributions associated with each variable. An edge from one node 

to another implies a direct dependency between them, with a child and parent 

relationship. To quantify the strength of relationships among the random variables, a 

conditional probability function P is associated with each node, such that P = (p(XI I fI I), 

...... , p(Xnlfln)}, where m is the parent set of Xi in X. If there is a link from Xi to Xj, 

then Xi is a parent of Xj and thus it belongs to nj . For discrete random variables the 

conditional probability functions are represented as tables, called Conditional 

Probability Tables (CPTs). For a typical node A, with parents BI ,B2, ... ,B", Knowledge 

Discovery Using Bayesian Network Framework there is associated a CPT given by 

P(A IBI,B2, ... ,Bn). For root nodes, the CPT reduces to prior probabilities. The main 

principle on which BN work, is Bayes' rule: P(U le) = p(elH)PUD Pee) (I) 

where P(H) is the prior belief about a hypothesis, p(el H) is the likelihood that evidence 

e results given H, and P(U le) is the posterior belief in the light of evidence e . This 

implies that belief concerning a given hypothesis is updated on observing some 

evidence. 
Applying Bayesian network (BN) techniques to classification involves two sub-tasks: BN 

learning (training) to get a model and BN inference to classify instances(Cheng & 

Greiner, 2001). 

3.2.2 Na'ive b ayes 

Na
·· b . 1 ·fi t· t chnl·que based on the Bayesian theorem. This technique 
Ive ayes IS c aSSI lca Ion e 

analyses the relationship between each attribute and the class for each instance to derive 

a conditional probability for the relationships between the attribute values and the class. 
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The principle behind NaIve bayes for classification is a fairly simple process. During 

training, the probability of each class is computed by counting how many times it occurs 

in the training dataset. This is called the "prior probability" P(C=c). In addition to the 

prior probability, the algorithm also computes the probability for the instance x given c 

with the assumption that the attributes are independent. This probability becomes the 

product of the probabilities of each single attribute. The probabilities can then be 

estimated from the frequencies of the instances in the training set. Numeric attributes 

can have a large number (possibly infinite) of values and the probability cannot be 

estimated from the frequency distribution, which tend to reduce the performance of 

Naive bayes (Danso, 2006). 

As it is shown on figure 3:2, Naive·Bayes Bayesian network is a simple structure that has 

the classification node as the parent node of all other nodes (see Figure). 

Figure 3:z A simple Naive lJaycs structurc 

Naive-Bayes has been used as an effective classifier for many years. It has t\~O 
I ·fi F' t 't is easy to construct as the structure IS 

advantages over many other c aSSl lers. us , 1 ' 

given a priori (and hence no structure learning procedure is required). Second, the 
.. . ffi· t B th advantages are due to its assumpt ion that all 

claSSIficatIon process IS very e clen. 0 . . 
. f h th Although this independence assumption IS 

the features are mdependent 0 eac 0 er. 
. 'n ly outperformed many sophisticated 

obviously problematic, Naive-Bayes has surpflSI g 
ian where the features are not strongly 

classifiers over a large number of datasets, espec y 

correlated (Cheng & Greiner, 1999)· 
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Once the telecom fault data is collected, preprocessed and prepared, J48 decision tree 

algorithm and naIve bayes algorithm are used for tracking and creating predictive 

model . This model enables us to predict telecommunication service faults that may 

happen to Ethio telecom. 

3.3 Selected tools 

While selecting tools for this study, the researcher considered variolls aspects sllch as: 

functionality, ease of use and experience. Addressing these aspects led the researcher to 

conclude that Weka and MS-Excel are suitable for accomplishing the planned tasks for 

this particular study. 

)0- Weka: _ is an open-source J ava application produced by the University of 

Waikato in New Zealand. This software bundle fea tu res an interface through 

which many algorithms (including decision trees) can be uti lized on 

preformatted data sets(Drazin & Montag. 2012). 

WEKA is a collection of machine learning algorithms for Data Mining tasks. 

it contains tools for data preprocessing, classification, regression, clustering, 

association rules, and visualization. 

WEKA has four different modes to work in. 
Simple eLl; provides a simple command-line interface that allows 

direct execution of WEKL\ commands. 
• 

• 

• 

• 

Explorer; an environment for exploring data with WEKA. 

Experimenter; an environment for performing experiments and 

conduction of statistical tests between learning schemes. 

Knowledge Flow; presents a "data-flow" inspired interface to 

WEKA. 
From the above mentioned working modes of WEKA, most of the tests made in 

this particular study were done by using the explorer mode. 
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~ Ms-Excel : 

Microsoft Excel is a spreadsheet application with different features slich as calculation, 

graphing tools, pivot tables, and a macro programming language called Visual Basic for 

Applications. 
For this study Microsoft Excel was used for preprocessing and preparing the target 

dataset by applying different standard spreadsheet techniques and also programming 

with VBA was applied to handle additional tasks that were impossible with standard 

spreadsheet techniques. The VBA sample codes applied in the preprocessing step of this 

study are attached in the appendices. 
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CHAPTER FOUR 

DATA PREPARATION & PREPROCESSING 

Data preparation is a crucial step during data mining for enhancing the performance of 

the model created to predict telecom service fault. 

4.1 Business and Data Understanding 

On this section of the study the focus is to describe the knowledge gained through 

business and data understanding and also to explain the appropriate data mining 

problem definition identified with a preliminary plan design to achieve the objectives. 

• Broadband network service Fault handling at ethio-tclccolll 

As a sole telecom operator, ethio-telecom provides different types of telecommunication 

services. Broadband network service is one of the various types of services provided by 

ethio-telecom. The types of broad band network services arc summarize below in table 

4·1. 
No. Broadband Network Service Types 

Description 

Wireless connection for data + internet 

For connections less than 4 mbps 
BB-ADSL 

For connections greater than 4 mbps 
2 EPON 

For shared ADSL connection (individuals) 
3 ADSL2+(PPPOE), 

For data network connection (point to point) 
4 BB-DDN 

For data and internet wireless connection 
5 BB-Fixed wireless access(FWA), 

BB value added or additional services 
6 Email-Domain Name-Web hosting 

internet connection using telephone network 
7 BB-Dial Up Internet and data fiber connection (di rect) 
8 BB-Methro Internet and data fiber connection (d irect) 
9 Direct Fiber 

10 BB-AiroNet 

Tabte 41 Broadbllnd technologies 
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upon providing the above mentioned types of service th . S, e company accepts vanous 

service fault reports from its customers. For the purpose of h dl ' h an mg sue reports so as 

to fanaw the problem handling process, currently the company is using an information 

system called Z-Smart Trouble Ticket system. 

Z-Smart Trouble Ticket is a system which has fault creation, fault follow up, fault closing 

or frouble ticket (TT) archiving functionalities. The company is using this system for 

handling IT preprocessing, dispatch, handling, confirmation and archiving tasks. It is 

also integrated with the automatic alarm system that is coming from the network 

elements. Trouble tickets are created both manually and automatically that arc traced in 

the trouble ticket system. 

By using this system, every time a customer reports a fault or service disruption, the 

assigned technician for registering and identifying fault types generate or create a 

trouble ticket for each and every fault reports. As it is indicated on table 4.2, the original 

data set generated from Z_Smart IT information system for this particular study. have 

twenty one different attributes which are related with the overall fault handling process. 

Attribute Name Data e Dcscri l ion 

Trouble Ticket No. String A unique number which identifies 
each fault re ort from customers. 

Work Order No. String Sequential number given for a fault 
case till it ets the final solution. 

Occurrence Date Date Fault happening date 

Title String Subscriber name 

BB Technologies String Type of service 

Trouble Grade String The category of the subscriber 

VIP Flag Boolean If the subscriber is among the VlP 
rou . 

Warning Date 
Notification time before the 1T tune 

out. . h· 

Time·out Date 
The final time expired for fims mg 
fault maintenance. 

Current Handle Site String 
Department/ section currently 
handlin the faul t 
Person or individual who handle the 

Handler Strin 
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Attribute Nam e 

Check Out 

Activity 

Order State 

State 

Work Order Type 

Completed 

Work Order Sta rt Date 

Completion Date 

Fault Type 

Object 

Data type 

Siring 

String 

String 

String 

String 

Boolean 

Date 

Date 

String 

Number 

Descri )t ion 
rl'. 
~ f the 11 is being handled , it will be 
III check out state and it is will be in 
check in state if the problem is 
solved. 
Sta tus of the fau lt handling process. 

Whether a fault work order is being 
on nrocess Or cOllll)letoo. 
Whether a sub task of the fault 
solving process is finished or not. 

Same as Activity attribute. 

Confirm whether problem is solved 
or not. 
The time and date of the problem 
handl ing process started . 

The time and date of the problem 
solved. 
The act ual fault happened. 

The service number of the faulty 
service. 

Table 4;2 Attribute names, datu tYI)C und dcscrilltioll 

After the fault reports are registered with all the necessary information, they will be 

assigned to the respective handler so that the problem can be further analyzed and get 

solution by the staffs in the handler sites. After solving the problem, the real cause of the 

problem which was the reason for the service fault to happen, will be registered in the 

system by field technicians. 

In addition, the Troub)e~tickets created in Z~Sma rt system and all the information 

registered after wards related with a specific Trouble-ticket helps for tracing the fault 

handling process and its progress. In addition it is also possible to know who is currently 

handling the case. It also tells how long the Trouble-ticket or fault delayed for the 

customer and with specific handler. Currently, there is no data mining technique 

Page I 49 



na YSIS IS emg made to deal with applied on the data registered and stored and no a I . . b ' 

recurring fault types. 

It is the researchers' believe that, after preprocessing. this data can be used for 

J ' a a mmmg ec lmques. predicting the network (broad band) service faults by appl-"ng d t .. t I . 

To do so, among the different types of data mining tasks that can be applied on a large 

amount of data to extract useful knowledge, the researcher identified that class ification 

I prediction is the one which can better suit the planned activity (predicting network 

faults). The researcher made this task selection, based on the business understanding 

gained through a discussion held with the domain experts. 

4.2 Data Preparation and pre-processing 

Data preparation and pre-processing, helps in obtaining quality data that leads to 

quality patterns by controlling incomplete, noisy and inconsistent real world data. Data 

preprocessing is consisting of techniques concerned with analyzing raw data such as 

data cleaning, data integration, data transformation, data reduction, and data 

discretization. Applying these techniques can substantially improve the overall <juali ly 

of the patterns mined and/ or the time required for the actuallllining (Han, cl a1., 2006) . 

The target data set used for this particular study was initially extracted from the Z­

Smart Trouble Ticket information system, by selecting features which are related with 

Broadband network fault reports. Initially, around 27,900 records spanning over six 

months were selected. 
Each event is described in terms of twenty one attributes. The attributes are of different 

data types, such as number, date and string. Some of the attributes of the initial data 

have no values in them; some records are redundant; some records contain wrong 

values. Since the original data was not configured for data mining usage, it was 

necessary to go through multiple iterations of data pre-processing to extract meaningful 

dataset for data mining. 

Therefore most of the aforementioned preprocessing tasks are applied III the 

preprocessing task of this particular study. 
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u }' werc one Y lISlIlg Most of the data preprocessing tasks for this IJartl'cular st d db ' 

Microsoft excel spreadsheets and Visual Basic for Applications (VBA) macros. 

3.2.1 Data cleaning 

Data cleaning is onc of preprocessing tasks used to fill in missing values, smooth noisy 

data, identify outliers, and correct data inconsistencies. Therefore, data cleaning was 

applied for this particular study to fill the observed missing values and to remOve noise 

and correct inconsistencies in the data. 

Among the above mentioned 27,900 number of records, 13,299 instances were extracted 

as un ique instances because the rest were recorded redundantly for foll owing the 

progress of the faul t solving process. 

From the extracted 13,299 number of instances, 2191 number of instances had miss ing 

values on the class variable (fault type att ribute) therefore they were deleted. 

The possible 1,156 missing values from the remaining 11,108 number of instances were 

filled by discussing with the domain experts. A1most all of these missing values werc on 

the attribute 'Title' which contains the name of the subscribers, and these valucs wcrc 

filled using service numbers or the values in the 'object' column. These values in the 

object column uniquely identify each subscriber. Oy using these service numbers the 

domain experts identified the name of the missing subscribers. 

In addition, some wrongly inserted values were also edited again with a discussion held 

with the domain experts. 

3.2 . 2 Data in tegration and transformation 

The target data set was initially extracted from the system differentiated in months and 

obtained on separate excel spread sheets. These data on separate spread sheets were 

merged and integrated into one spread sheet to make it ready for further preprocessing 

steps, 

Th b f tt 
'b tes that needed some form of transformation . For 

ere were a num er 0 a n u 
example, the attribute "Title" contains diverse type of service subscriber names such as 

, h 't I hotels universities government and 
name of banks, insurances, embaSSies, OSpl a S,' ' , f ' d' 'duals and others. Therefore, for the 
non government organizations, mternet ea es, III tVl 

Page I S1 



purpose of managing and understanding the mllllllg result , it was imponant to 

categorize the values to some groups. Therefore this subsc ·be ._-_. I n r names w re c3tegonlA."U 

into the following categories: -

};> Bank o r Insurance 

}> Business Centers 

>- Governmental Organizations 

>- No n Governmental Organizations & Embassies 

» Education Centers and Others 

The task of bringing the variolls subscriber names into the above listed calcgori S \Vos 

performed by applying excel VBA macro programming by using some CO llllllo n k y 

words that ca ll help in categorizing them, But the task of selecting a COlll illo n key \\'o l'd 

or representative was a very difficult and time taking because the d:n :l was cll<:od d by 

human beings and there were various types of representing same word or phrase. 

For example it was observed that to represent a private limited company it was written 

as the following representations; pic, p.l.c, P.L.C, I>ic, or using the whole phrase 'p rivat • 

limited company'. This type of difficulty was faced in most of the attributes that were 

tri ed to categorize. 

The other attribute which was transformed was the ' BB Technologies' attributes which 

initially contains the name of various types of broadband network access technologies 

sllch as BB-ADSL, EPON, ADSL2+(PPPOE), BB-DDN, BB-Fixed wireless access(FWA), 

Email -Domain Name_Webhosting, BB-Dial Up, BB-Methro, Direct Fiber, UB-Airol e1. 

Therefore, these values of the attribute were generali zed into th ree types of ca tegories 

such as: -
~ Wired (for copper media connections) 

~ Fiber and 

~ Wireless 

The other attribute was the 'Work Order start date' \.,.hich originally contains the date in 

date format including a time stamp like (20 13-05-06 12:12 :15). By discussing with the 

domain experts it was agreed to lise only the month of this attribute vailles for this study 
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so that to make some analysis from the data mining results base on the seasons. 

Therefore, the month was extracted in text format by using both basic excel and VBA 

macro. 

3.2 .3 Data reduction 

As previously discussed, the original data was consisting of twenty one attributes. 

Among those attributes there were unrelated attributes with the planned task of th is 

study; therefore dimensionality reduction was applied on the data by removing the 

unrelated attributes such as [Work Order No],[ Occurrence Date],[ Warning], [Time­

out] , [Handler], [Check Out], [Activity], [Order State], [State], [Work Order Type], 

[Completed] and [Object] were deleted and the remaining attributes, [Title], [UB 

Technologies], [Trouble Grade], [VIP Flag], [Current Handle Site], [Work Order Start 

Date], and [Fault Type] were used for the planned task. The selected attributes are 

described with sample data in table 4.3 below. 

No Attribute Name Sample Data Descri lion 

I Title String Subscriber name 

2 BB Technologies String Type of service 

3 Trouble Grade string The category of the subscriber 

4 VIP Flag Boolean If the subscriber is among the 
VIP ",oup 

5 Current Handle Site String Department/section cu rren tly 
handlin. the fau!t /Tf 

6 Month String Date & time handler start work 

7 Fault Type 
The actual fault happened. 

String 

Table 4:3 List of selected attributes after preprocessing 

. h · f this study is to predict faults based 
Among the above selected attributes, SInce t e aim a 

·b (Fault type) is selected as a target 
on the previously occurred faults, the last attn ute 

attribute based on a discussion held with the domain experts. 
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Basically this fault type attribute is an attribute which is filled by a technician who is 

assigned to handle the specific trouble ticket. After the technician accomplished his/ her 

mission of solving a specific fault, he/ she will put a remark about the real cause of the 

problem in a phrase or sentence form. Therefore, this attribute was labeled and given 

common representation by working together with the domain experts. 

3.2 .4 Data formatting 

Finally the target data set was prepared in .CSV format so as to make it readable for the 

selected data mining tool (WEKA). 
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CHAPTER FIVE 

EXPERIMENTAl ON 

The main objective of this study is, discovering patterns for predicting network fault 

types within the Ethio telecom Broadband service related fault report information 

registered in information system data base. 

Towards achieving this objective, the model building phase in the DM process of this 

investigation is carried out through applying the supervised class ification techniques. 

These techniques are implemented using Weka data mining tool. 

5.1 Experimentation setup 

A procedure or mechanism of how to test the model's quality and validity is needed to be 

set before the model is actually built. In order to perform the model building process of 

this study, out of the tota127,956 original instances after preprocessing the original data 

11,108 instances were obtained for training the ciassifiCc.'ltion models. In addi tion , from 

the total number of 21 attributes, after preprocessing only the 7 attributes are used fo r 

this specific study. 
For validating the accuracy of the classification model, from the above mentioned 

number of instances Weka managed the test data set based on the test options selected 

for model creation. 
The experimentation of this particular study was performed with the following setup: -

> J48 decision tree algorithm \vith 'lest training set' test option 

> J48 decision tree algorithm ,vith 'cross validation -10 folds' test option 

> J48 decision tree algorithm \vith 'percentage split-66%' test option 

> J48 decision tree algorithm with various confidence factors. 

> J48 decision tree algorithm with SMOTE filtering technique. 

> Na"ivc bayes ,vith the above mentioned three test options. 
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5.2 Classifica tion Modeling 

, . I Ion ree 111 partlcll ar t e For starting the classification modeling experiments the dec's' t (' ' I h 

J48 algori thm) and the na·ive bayes methods are selected. 

The training of the decision tree classification models of the experiment ation is done by 

employing the 10-fold cross validation and the percentage split classification modes. The 

classification is analyzed to measure the accuracy of the classifiers in categorizing the 

instances into specified classes. Accuracy refers to the percentage of correct predictions 

made by lhe model when compared with the actual classifications. The ciassific.Hion 

accuracy of each of these models is reported and their performance is com pared III 

classifying new instances of records. 

5.
2

. 1 Experi mentation , using J4B decision t ree classification algorith ms 

The classification model building experimentation was done by applying J48 decision 

tree algorithm and naive bayes classification algorithms based on three test options 

available on the WEKA data mining tool. The selected test options are 'Usc traini ng set', 

'Cross-Validation (10 folds)" and 'Percentage spl it 66%'. 'I11ese test options were tested 

lIsing the default parameters and also by setting different additional parameters. 

ExperinlClllu l io n 1: -Applying J48 decision t ree algorithm with 'Use t r aini ng 

set' test option a nd default parameters. 
On the first experimentation, the classification model is trained by lI sing the J 48 

decision trec algorithm with the 'use training set' test option of WEKA Using the default 

parameters the classification model developed was having a tree with 165 numbers of 

leaves and 209 tree sizes. The decision tree used the total seven attributes for generating 

the tree. 
As it can be seen from the confusion matrix presented in table 5. 1 below, the developed 

J48 decis ion tree classifier classified 8227 instances (74.06%) out of the total 11 ,108 

instances corrcctly and 2881 instances (25.94%) were classified incorrectly. The time 

taken for developing the model was 0.2 seconds. 
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E,xp. No.of 

No. AI~() ri thm Instance 
No.of Te:st 

Time Acr;ururo> 

Attributf'.8 (JIllion 
I'ar. meler Taken 

, J48 7 
Use t~ini", 

11,loS .« Odault 0.' 7~06'" 

Table 5: 1 Accuracy result using J48 algorithm, use training set test opt ion 

Based on the information gained from the confusion matri x, the class ifier developed 

using the ,148 decision tree algorithm with 'use training set' test option and default 

values, class ified 3096 number of instances frolll the total 11 ,108 number of instances as 

'CPE change or configuration & port' fault type. 

As it can be seen from table 5.2 below, among the total instances, 2177 number of 

instances (70%) were correctly classified as 'e PE change or configuration & port' fault 

type and 917 (30%) were incorrectly classified as 'CPE change or configuration & pori' 

fault type. 

Among the tot al number of instances, 960 instances were classified as 'CNR or ore 

network problem' fault type but among these instances, 494 (5 1%) were classified 

correctly as 'CN R or Core network problem' and the rest 466 (49%) were class ified 

incorrectly. Again from the total number of instances, 4705 instances were classified as 

'Line / Fiber Problem' fault type but among these instances 4356 (93%) were class ified 

correctly as 'Line / Fiber Problem' fault type but the rest 349 (]%) were class ified as 

'Line / Fiber Problem' fault type incorrectly. 

The total number of instances that were classified as 'MSAG power or Transmission 

problem' fau lt type were 1844 but from this number of instances 883 (48%) were 

classified correctly and 961 (52%) were classified incorrectly as 'MSAG power or 

Transmission problem' fault type. 
In addition, 33:::! numbers of instances were classified as 'Customer LAl~ or Router' t)1>c 

of fault but among these instances 193 lS8%) were classified correctly and the rest 139 

(42%) were classi fied incorrectly. From the l71 total number of instances classified as 

'Email , web hosting & Domain name problem' fault type, 124 (73%) were classified 
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correctly and the rest 47 (27%) we '1 ·c . . re c asslilcd Incorrectly 

Domalll nallle problem' fault type 

as ;Email , web hos ting & 

I'redicted 

CPt:: ch;mg!! CNR " IJne I MSAG ~r Cu!lomer Email, .... -:eb 

" c,," Fiber M I.AN " hQnin, & 

Actual confiJ;lIra tion network Problem Transmission Router DOl1ll.in Toe,] """ "'" 8: poI' problem prOOl~m "'-
problem 

CI't:: chHngc 

" 
configuration 2177 166 665 82 6 0 3096 7096 
• port 

CNR or Core 

network 

problem 
94 494 301 69 2 0 960 5196 

Une I Fiber 

Problem 56 70 4356 201 21 1 4705 9396 

MSAG power 

" Transmission ll Dl 35 470 883 47 8 1844 4896 

problem 

-
Customer 

tAN ., ., 4 43 90 193 0 332 5896 
Koulcr 

Email, web 

hosting & 

Domain 
0 3 34 8 2 124 17

' 
7396 

name 

problem 

Table 5, 2 confusion matrix results for experimenlalion I 

From this particular experimentation, it can be observed on table 5.2 that the classifier 

is more confusing the 'MSAG power or Transmiss ion problem' class with the 'Line / 

Fiber Problem' cl ass. 
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Exper im e n tat io n 2: -Applying J48 decision tree algorithm with ' C I'OSS­

Valida tio n <10 folds), test option and default par ameters, 

On this experimentation. the classification model is trained by using the J 48 decision 

tree algorithm with the 'Cross-Validation (10 folds), test option of WEKA. Usi ng the 

default pa ramcters the classification model developed was having a tree with 165 

numbers of leaves and 209 tree sizes. The decision tree used the total seven att ri butes 

for generat ing the tree. 

As it is shown on table 5.3 below, the developed J48 decision tree class ifi er correctly 

classified 8072 instances out of the total 11 ,108 instances that are 72.67 % and 

incorrectly class ified 2863 instances that is 27.33 %. The time taken for developing the 

model was 0.04 seconds. 

Exp. No.of Ti me Att"rll~')' 

No. of Test Take !! 
No. J\II:"ril h m Ins t a nce J'ur. meter 

Attribute5 OI)lion 

C"'" 

·I.IR 11 ,108 7 v~l;d~ lioll Default 0 .... 72 67" , 
(10 folds) po.04 

. I • . ' . l"lh l ioll (toroid .. ) le .. t OJllilllllllHl dl· rllU ll 
Tahle 5: 3 A('l', lI'UQ rcsul! usinJ4 J 4S al~(lnl 1m, \I'C 11 0 .... \ ,\ I • 

pal'alill'lt' " 

Based on the information gained from the confusion matrix, the class ifier developed 

. . . I · h ·th 'Cross-Validation (10 folds)" test opt ion and 
usmg thc J48 decIsion tree a gont m WI ( 

b f · t ces from the total 11,108 number of 
default valll c~, class ified 3096 num er 0 m S an 

. & t' f ult type As it can be seen frol11 table 
instances as 'CP E change or configuration por a . 

. ber of instances <70%) were correctly 
5.4 below, among these Instances, 2162 num 

. & rt' fault type and 934 (30%) were 
classified as 'CP E change or configuration po ( 

fi urat ion & port' fa ult type. 
incorrectly classified as 'CPE change or con Ig ( 

Page I 59 



~p.-----------------------................ ~ 

Among the 10la1 number of instances, 960 instances were classified as 'C R or Core 

network problem' fault type but among these instances, 464 (4896) were classified 

correctly as 'CNR or Core network problem' and the rest 496 (5296) were classified 

incorrectly. Agai n fro m the total number of instances, 4705 instances were class ified as 

'Line / Fiber Problem' fault type but among these instances 4258 (9096) we re class ified 

correctly as 'Line / Fiber Problem' fault type but the rest 447 (1096) were class ified as 

'Line / Fiber Problem' fault type incorrectly. 

The total number of instances that were classified as 'MSAG power or Transmiss ion 

problem' fa ult t~rpe were 1844 but from this !lumber of instances 883 (4896) were 

classified correctly and 961 (52%) WI!re class ified incorrectly as 'MSA power or 

Transmiss io n problem' fault type. 

In addition, 332 numbers of instances were classified as 'Customer LAN or Router' typ 

of fault but amullg these instances 183 (55%) were classified correctly and the rest 149 

(45%) were c1 <1ss ificd incorrectly. From the 171 total number of instances classified as 

'Email , web ho~ ti ng & Domain name problem' fa ult type. 122 (7196) were classified 

correctly ilnd the rest 49 (29%) were classified incorrectly as 'Email , web hosting & 

Domain name problem' fault type. 
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Pred;~f'd 

CI'E change CNR " Line I MSAG power cu.t_ t:nw , web ., Core Fiber ., LAN ... hoi'I in, &: 

"clual configur:llioll network Problem Transmission ilouter Domain To"l --& pOl1 problcm problem "''''' ....... 
crE chango:: ., 
configul1Il ion 2 162 173 655 100 6 0 3096 70 ')6 

& port 

CN R or Core 

network 

problem 
11 4 464 304 n I 0 960 11896 

!jne I Fiber 

Problem 97 68 4258 259 22 I 4705 90')6 

MSAG power ., 
Transmission 4 12 35 456 883 49 9 1844 48 ')6 

problem 

Customer 

IAN ., 
(, 2 42 99 183 0 332 55')6 

Router 

Em:li!, web 

hosting & 

Domain 
3 2 34 8 2 122 171 71')6 

name 

problcm 

From this pa rticular experimentation, it can be observed on table 5·4 that the classifier 

is more confusing the 'MSAG power or Transmission problem' class with the 'Line / 

Fiber Problem' class . 
As the detail accuracy by class indicated in table 5·5, the best precision accuracy is 

obtained in the 'Email, web hosting & Domain name problem' class which is 0.9
2

4, 

followed hy 'er E change or configuration & port' class which is o·n4· Regarding recall 
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and F-measlll .. e, the best result is obtained by ' Li ne / Fiber I>roblem' which is o. 
0.8 15 respectively. 9 5 and 

Class Prcclsitm Rccull 1~- l\1 cnM Irc 

e PE change or configuration & port O·n4 0·698 0 ·734 

CN R or Core network problem 0.624 0 ·545 0-483 

LiIH' / Fiher Problem 0·74 1 0 ·905 0 ,8 15 

MSA(; pfMer or Tr:lllsmission 0.619 
)ruhlc m 0 ·54 0.479 

Cus tomer LAN or Router 0.696 0.55 1 0.6 15 

Email , weh ho"t:,·" &. Domain name 0·924 
Ilrobh' lIl 0·713 0 .805 

'1 hl\· 5-:; 1h-1;lil lu" 

From the above information, it can be sa id that, precis ion is high fo r the class with I ss 

instances ,l1ld rrr:ll1 is high for the class with more instances which is the case observed 

from the cI :l ~ S 'E[lw il, web hosting & Domain name problem' and ' Line / Fiber I>roblcm' 

and . 

Expcl'i m c lIl.di ' 11 3: -Applying J48 decision tree u.lgorithl1l wi lh ' I'crccntag ' 

spli t 66%' test o p t ion an d default parameters. 

On this experimenta tion, the classification model is trained by using the J48 decision 

tree algOl it lr l11 with the 'Percentage Split' test option of WEKA. Using the default 

parameter.j Ihe (I <l ss ifica tion model developed was having a tree with 165 numbers of 

leaves rind ::! o9 tree sizes. The decis ion tree used the total seven attributes for generating 

the tree. 
As it can be seen on table 5.6 below, the developed J48 decision tree classifier correctly 

classified 2745 instances out of the test set instances given by \¥EKA that was 72
.
68 9b 

and incolTl'cl1 y cI;lssified 1032 instances that was 27.32 96. The time taken for 

developi 11 .~ ,1 1C lllndcl was 0 .03 seconds. 
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E.'<p. No. of No. of 
Algndlh lll 

Test Ti me ACCII 

No. Instance Attributes 
Parameter 

option Tuke n y 

I'ne 

Pcrccntag 

3 J48 11,108 7 c split o rault 0 .03 72·68 

66% 

Tnhlt· :j: I, 't' II 

Based on the information gained from the confusion matrix , the classifier developed 

using the .J 48 decis ion tree algorithm with 'Percentage Split ' test option and defauh 

values, classi fied t 01 8 number of instances frolll the total 11 ,108 number of instances as 

'CPE change or configuration & port' fault type, Among these instances, 750 number of 

instances (74%) were correctly classified as 'CPE change or configurat ion & port ' fault 

type and 268 (:!6%) were incorrectly classified as 'ePE change or configuration & port' 

fault type, 

Among Ih(' tot ;.! !lllmher of instances, 284 instances were classified as ;CN R or re 

network prnhl(,1ll' f.lU lt type but among these instances, 139 (49%) were class ifi d 

correctly as '(':-: 1\. o r Core network prohlem' and the rest 145 (51%) weI' c1ass ifi d 

i n corrccll ~', Ag;li n fro m the total number of instances, 1606 instances were class ified as 

'Line I Fibr r Proh lrm' fault type but among these instances 1432 (8996) were class ified 

correctly ns ' l.itH' I Fiher Problem' fault type but the rest 174 ( 11 %) were classified as 

'Line I Fihcr Problcm' fault type incorrectly, 

The total [lHl1lhe l' of instances that were classified as 'MSAG power or Transmission 

problem ' fal'lt "'pc were 689 but from th is number of instances 314 (4696) were 

classified correct'y il nd 375 (54%) were classified incorrectly as 'MSAG power or 

Transmiss ion I'rohlcm' fault t)lJe, 

In addil inll, l iB !lumbers of instances were classified as 'Customer LAN or Router' type 

of fault Iwt <111''111;'; these instances 66 (56%) were classified correctly and the rest 52 

(44%) \\,("'1 ' cb<:<:;f'jed incorrectly, From the 62 total number of instances classified as 

;Email , \\'eh hos ting & Domain name problem' fa ult type, 44 (7196) were classified 
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correctly and the res t 18 (29%) IV I ' . ere c asslfied incorrectly as 

Domam name problem' fault type. 

'Email, web hosting & 

I'rt'd icted 

CI'F d, 'b(' CNR " Line I MSAG power Cullomet' I«n.lI, W<b 

," Core Fiber " LAN .. '*l1n& • 
"ccual cnnfi):,u""lioll network Problem Transmission I(oul r r Domain Total A"'''", 

& porI problem problem nln\t 

problem 

erE clHlll~C 

" conf1s\l r~lion 750 52 179 35 2 0 10 18 7496 

• port 

CNR or Core 

network 

problem 
:13 139 87 25 0 0 284 119% 

!.ine I l'ibt>r 

Problem 49 38 1432 74 9 4 1606 8996 

MSAG ]lOwer 

" 
Trallsmission 173 20 153 314 22 2 689 4696 

]lroblcll1 

Customer -I 
IAN 0< 

Router 
:l 0 13 36 66 0 11 8 5696 

_. 
Emoil, web 1 

hosting & 

Domain 
0 2 14 I I 44 62 7196 

name 

problelll 

From th is p:l rlicu\ ;1I' experimentation, it can be observed on table 5·7 that the classifier 

is morc (' () n ru ~ i no the 'MSAG power or Transmission problem' class with the 'Line I 
Fiber Prohlem' class . It is observed that most of the values in the corresponding twO 
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attribute e BB Technology' and 'Month') val ~ I ' • < lies or t liS two fault types is similar. This 

call cause I he c1a!'slik r to confuse the fault typ f < es rom one to the other. 

ExpCI'i mc nt atio n 4 5 67" .. , , , . usmg J48 decIs IOn tree algorithms with v;triolls 

folds of cross validation Icst option 

The accuracy result of the add itional eXI)criment t ' d ' ' , a Ions Ill;) C uSing J48 dcclslon Ir e 

< va I allon test option III table 5·8 algorithm by c1l<l llging the default parameter of cross I'd ' " 

below. 

- -
Cross 

No. of 
Exp. No. 

,'tt rihu tes 
Algorithm validation Time Ace\! 

fold values 

rAcy 

4 
,-

5 0 .24 72,6 

5 15 0 ,07 72·5 
7 J48 

6 20 0 .0 4 72,6 

7 25 0 .0 4 72.7 

labh' :i: ~ u" 1 I~ n( :\{TU, 'a c:!' rt' ~ ulh fur "\III'r1 11lt' .1' 1 1II1It'll'.in~J .. X 1I1~tlrithlll "illl \>i r inu", fnhl 
, uI IL e'> UIIT" .... ' II l id .II' " '' t .... lllpl iflu . 

As it can be see II from table 5.8 above, the results obtaincd th ro ugh applying diffcr nt 

fold val ues of the cross validation test option, were not predictable becnusc no 

consistent pa t!f' rlI of increasing or decreasing C<:U11l 0t be observed. But a bettcr result is 

observcd at thc fol d vnlue of 25 which results in accuracy of 72.78%. 

Expcl' im c ntali n n 8, 9 , 10,11, 12: Applying various percentage of S MOTE 

fihc l'in g tech ni 'llic on J48 decision tree algorithm with crOSS validation test 

option 

As it C:lll I'c <:'~('q f rom figure below, through visualizi ng the number of instances for 

each of the cla<:<; \·ar i'lbles, it is observed that the classes are not approximately equally 

rep rcsenl(·(l. 
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Sele<ted 3ttrbute 

Namt:: rat.;t fyI'\! 

""''9' 0 ('J',,) 

No, t~~= 

1 CP: d' ;.""~,: Cof c':nfigu'ation & pat 
:or Cc ;- ~ ;-t'Nork ~ObIem f---";: CI.' 

3 Lne I 
4 !,tS":"G 

5 Cusic 

rlO-;o ;: rc,,'~m 
~ c>', ~r cr ir31'tSm:sSlOl'l ~oblem 

,rl:'" . !.'JOf ?out;r 

'r.::' h~s: rl9 &Domail name ~ .. , 

))96 

960 

'70S 
IS41 
332 
171 

-_._--
Class: FaIJt - ~: ' 

-

T'jtIt: NorrnI 
__ lhoJe_ , 0 (1)'') 

W,q,t 

))96.0 
960,0 
.il705.0 
18~,O 

mo -- 171.0 

f u 5: 1 Class variable representation of target da ta set. 

. 1 1'aJIbt" , 

'" 

ThercfO'"n to ndd rc:5 th is dataset imbalance problem, on this experimentation section. 

Synthet; ori t ~ ' Over-sampling Technique (Sl\'IOTE) was applied, This technique is 

an o\'cr ling ;lpproach in which the minority class is over-sampled by creating 

"synt he : '1I11plc5 rather than by over-sampling with replacement. 

There nn I" I'm '11 tely 4705 instances in the majority class (Line {Fiber problem) and 

17
1
, 33::'. ,8 1 <lnd 3096 instances in the minority classes for the training set used 

in lO-fol d cross-\'a:: dation, To get a balanced number of instances for each class 

va ri nblcs S;\ lUrE over sampling technique is applied on the minority classes in different 
Page 166 



percenl il~r' .. \s it C;1 ll be seen on table 5 9 b 1 I . . . . .. . . cow t lC Illmonty classes were o\·cr·sampled 
at 300% ('I the il' ol'1~~ lIla l sIze. 

Exp. No. Aigorilhpl Test 

Applied 
Minority classes SMOTE 

N 

Option Percentage 
Ace 

cw 

uracy 

8 
Emlli ,web hOS1ini &- Domain 

IO-Fold ~:- name problem 
30096 72. 

9 Cllslvrner LAN or Router 30096 
,1.13 Cross 

7J. 

10 Validation 
Emai ,web limiting & [)ornai" 

name problem 
30096 74· 

II J CNIt or core network llroblc:m 30096 74· 

12 Customer LAN or Router 30096 n. 

As it cl1n 1)(' seen from table 5.9 above, the best result obtained from th is specific 

experilllclltal iOIl \\':15 n .9%. This class ifier accuracy is obtained from a new lowl 

number 0:' ins tances which is 21.533· 

Based 011 the informa tion gained from the confusion matrix, the classifier devel ped 

using the ,J 48 d ('ci~ io ll tree algorithm with 'Cross-Validation (10 folds), test option ond 

SMOTE filter in g, technique, 3096 number of instances were classified from the tota l 

21,5331l1l tll her of instances as 'CPE change or configuration & port' fault type. As it c..'HI 

be seell from t ;lhl{~ :; .10 below, among these instances, 2147 number of instances (69%) 

were COlT 'd ly d:1s. di ed as 'CPE change or configuration & port' fault type and 949 

(31%) wete incorrect ly classified as 'CPE change or configuration & port ' fault type. 

Among the tolal llu mher of instances, 3840 instances were classified as 'C, R or Core 

network probh' ll1 ' fa ult type but among these instances, 2963 (71J6) were classified 

correctly tlS 'C: ~ flr Core network problem' and the rest 8n (23%) were class ified 

incorrcct ly. J\}!.ain 1'10 111 the total number of instances, 4705 instances were classified as 

'Line / Fi\l('r Prnhlc lIl ' fault type but among these instances 3S 9 (7696) were class ified 
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correctl\' <1 5 'Line / Fiber Problem' fault type but the rest 1116 (0 ~) I ·f1ed ~ -4 70 were c aSS I I as 

'Line / Fiher Pr'lh1cm' fault type incorrectly. 

The tol:11 num ber of instances that were classified as 'MSAG power or Transmiss ion 

problem' f.Hllt tqle were 1844 but from this nllmber of instances 542 (2996) were 

classified correctly and 1302 (71%) were class ified incorrectly as '~'I AG power 01' 

Transmiss io ll problem' fault type. 

In addit ion. !'i? 1:::' !lll. 'l ')CrS of instances were classified as 'Customer LAN or Router' type 

of faul l hl1t ;l1lH' Tl '~ th('~ c instances 5200 (98%) were classified correctly and th rest 11 2 

(2%) were d;l ss ificd incorrectly. From the 2736 total number of instances classified as 

'Ema il. \\'c'h hm· ti (1 ~; & Domain name problem' fault type, 2338 (8596) were c1ass ificd 

corrcctly :1:1(\ d", l 'e~1 398 (15%) were classified incorrectly as 'Email, web hosting & 

Domain IW P'P rr' I,l "m ' fault type. 

Gencr;l l l~', t] c r'11 or the experimentation with SMOTE filtering technique shows that 

oversi1ll1 pli ng t Ilc minority class can improve the accuracy of the classifier. 

Expc'T"i ' 11 1' 11 ' a I ;(I n 13, 14, 15, 16, 17: using J48 decision tree ulgorilhms by 

va l-ying the value of confidence factor. 

As it can I~ , (, 11 ~(' r .. 'rd r"om the previous experimentations, the number of leaves and tree 

size is hi )!, '11](1 III f Is to be pruned so as to make the tree manageable, Therefore this 

expcr i1ll C' 1l! 'I t iOll (' ' l1 sidcrcd various confidence factors so as to decrease the tree size. 

These ('.'\1"" illl (,llt,l tionc; were made using the J48 decision tree algorithm 'cross 

validation ( 10 fn ld Y test option and by varying the value of the confidence mat rix of the 

classifier . ':-:,nril111'1 . The results obtained are summarized on table 5. 10 below. 

-
I A-Igorithm Test Confidence No of Tree Accuracy 

, I Option Factor LeavCS size 

0·3 171 213 72·87 

Exp. :\ u. " 

No. tr' ~l 

13 
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14 Cross 0 .4 190 239 72.78 

15 " J 48 Validat ion 0 .02 n 99 72.29 

16 10 folds 0 .01 73 94 12·2 1 

17 0 .001 57 74 71.99 
-

",I I.. u,m:l ry ofc, ~'r i m ' 11 ' • . . . . . I l 1.1111111 tI"ln~J 4K ,1t'l'1"wll l r('(' IIIJtorl,hm .lId .lIfh r('111 
\ .l l ll~" IIf ,'onfid" "('I' Ill a lr i \: . 

As it call be see II frf)[\1 the above table 5.10, as we increase the value of confidcn c 

matrix, the [lCCIll':lC), value will also increase and the number of leaves and tree size will 

also incrc:ls" . 011 tbe other hand as the values of the confidence faclor decreases, both 

the nUlll ber of i(';wcs :lI1d tree size will be decreased bu t the classifier accur::l cy will 

decrease. 

Summ a ,'y o r hesT I'es ults of experimentations done us ing J 48 decis io n t.'ce 

algorithm 

1\ 0 . ( r insta nces Test oplions Spccial llJlIJrOach J\ CCUI'; ICY 

-

10 Fold Cross Default 74.06% 
11 ,108 

validat ion 

10 Fold Cross SMOTE filteri ng 

:.1 1,533 validation technique (30096) 
n.90% 

-- -

. I . ' J' I'I.1 lI·h h lll . ht:rnrt'.ml ;ln ('ra ppl~ i nJt ' \H)11 
Tub .·c .. ul l ohlillllt't u "Jn ~ .. 

b ' f om the experiment.ation done using the 
As it ca n be ohscrw>d from table 5. 11 a O\e, r . 

. , Id validation the best result is obt.ained by 
J48 decisirn I 'TC a~..;or i lhm WIth 10 10 croSS, , , . ' 

. . ' ' h ' ~~~h ~_=~~~h 
usmg S110TE fi lt l' nng techmque whlc IS 77·9 ' 

the original da ta set was 72.14%. . . ' r ed 
. O'I'E l inoril)' over samphng lcchmque Imp I 

The result 01 t<l ined wit h applymg SM . J1 
. I I ellough number of instances, a better accuracy 

that if all the si" 1.1'1: \'anab es can ge 

result r an be nht;';l1<~d . 
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To confirm this idea, in addit ion to applying SMOTE, for the sake of curiosity Ih 

resC<.lfcher also ~Ol, the instances of the two class variables with the large number of 

instances and ;lpplicd J48 decision tree algorithm and 10 fold cross va lidation and got a 

classifi er :H'CIlr;t (·y of 8R·4%· 

:'.2.2 F ncr;'} en ta tion lIsing na'ive baycs classifi cation a lgorithm 

Expcl' i 111 t'!' l:t I i n il J 3 : Applying naive bayes classification algorithm wit h 

' us C' I! ' ;linin: ' ~' ' ,Icross validation (10 fold)' and 'percentage s plit (66%)' 

test options 

The n:11\,(' 11:1\<'" ('~: l "~ i fi cation model build ing experimentation was also d nc by 

applying t lln~C of the available four test options on WEKA da ta min ing tool. The sci led 

test opt ions are ' USf' t ra ining set ', 'Cross-Valida tion', and . Percentage split' . The results 

are Sl1lll llwrized i1l 11:)le 5:12 below, 

c r , I 
5 ~ 

~ "" '" c • • 
Test options Parameters .... 8 • 

• • a e ~ • c <: 
i= -

69.38-% . 
Use training sct Default 0 .0 5 

Cross validation Default 0 ,02 69.3996 

Percentage split Dcfaull 0 .0 1 69·3996 

0 ." , 
• -~ -c ~ " • 0 ~ 

E z I -
.;: ;'t " • I --: • 

S . 

l 
i'. 

na"j\c 
7 

I.:y ., 

Tuhl . 
. ,," 1 "lIIa ti (' I .. , in~ na LH' baH;:' da .... ifiC'lItiun alJ:,lInlhlll ha .1\ 

t" l,crllll l 'll a 11)1 " • • 
un the !h r!.'!.' It'''' 'I'I II ·n ... 

hi b the class ifier accuracy obtained using all the three 
As it Ct1ll 1 . sCI~n f "() Ill ta e a Qve, < 

test opLons an ' al (,~ t equal which is approximately 69%· 

. . "ve ba es classification a.lgorilhm wilh 
EX p " I'i mclltatioll 1...t. : ApplyIng nal Y , 

. .ty over sampling tcchmquc 
S ;\ TE mlllOrl 
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The n;l'j\'C b;I)TS {"~ 1 ss i fication model b 'ld ' . U1 II1g expenmentation was also done b 

applying SO:\ ITE I"incwity over sampling t h . Y 
. IT ' • ec mquc and three of the available four t t 

options 011 \\ L,;\ data mmmg tool Th I d . , . e se eete test options are 'Use training set' 

'Cross-Validation', and Percentage split ' TI 1 ' . lC resu Is are summari7.ed in table 5: 13 

below, 

c 
0 ." -• -- I -c --• c .-
e z " I .- ., 
• • <: I Z 

nal\'C 
1 

bay"s 

T;,"! 

~ 
~ - c 

I 
~ 

" ." G' 
- SMOTE " .- Test options 

c • 8 • 
<: 

f- • 
~ 

Filtering technique • " " " 
" 

E ~ " l= 
c < --

Z 

Use training sct 300% 0.05 67.0 19i. 

- Cross validation 300% 0 .0 1 6 9.0 % , 
Percentage split 300% 0 .0 1 66.14% 

,,( c :I:' J)(' l"inwnl;Iliml " "HId" , . .. In,; n,I,\ l' IM\ l' '' d;I .... ifi( .tl in n . Igunl hm "il II 
S :\I(n I- lIIi ll () rit ~ 0\ t.' r ... 1 '''!ll Ul I> l l'dHl itl Ul' . 

As it can be q 11 from table 5:13, the classifier accuracy obtained from the 

expe riment at ion 1l1.1dc with na'ive bayes classification algorithm on a dnta with \'\'I TE 

minor ity 0\,('1' ~:t !Jl pli !lg technique, was not improved. 

C()lll pa r' iSOIl a nd Discussion of accuracy results obtained with both 

algorithms 

As it has iwcll disc'!<:sr c\ in the previous experimentat ion sections, the ta rget data set has 

been tes ted in \\\'(I (;lassification algorithms (J48 decision tree and naive bayes) using 

different W EKA I(.:,"t op tions and varying values of classifier parameters. 

The result<.; ohl incd show'ed that , the classifier accuracy obtained with J48 decision tree 

algorithm 0'1 \ pcrlonl's, in all the three test options, the classifier accuracy obtained 

with ntt"jvc hIY<'s clas,.;ification algorithm. 
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In addit ion , <ll pl; 'inn S~ lOTE minority over sampling techn ique improved the classifier 

accuracy on the c:\: ~ of the J48 decision tree algo ri thm where as on same condition the 

classifirr a i 'CI!r:li'y , 'as decreasi ng for the roase of naive bayes classifica tion algorithm, 

Therefore. ;I,; the :lhll\'C experimentation shows, from the two classifica tion algorithms 

applied in ti' is par';c' !I:lI' study, it can be said that J48 decision tree algorithm is beller 

suitable fo r pl'cdidin:; Ihe target data set. 
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5.2 .3 Bes t I'lli es (,'o m the experimenta tion made us ing the J48 decis ion tree 
a lgorithm 

On th is section, selected 13 best rules are presented with a discliss ion of the niles b) 

grollping the best rules based on current handl ing site and also by the fault OCClIrrcn e 

mont h. It is understood that the list is not exhaustive but only the ones believed to be 

presented :lre listed. 'I'hese best rules were selected together with the domain cxp riS. 

Rul el: IfCu1T('nt r! mel le Site = FAN Addis: Line 1 Fibcr Problem ( In2.O/ I.0) 

Rulc2 : If Cur rcnt Ilandle Site = NNOC and Mont h = Apri l and BB Technologies 

Wired :1I1 d Tronblf' Grade = Critical: Customer LAN or Router (369.0 /50.0) 

Ru le 3: If Cu rrent r landle Site = O&M Addis and Month = August and Trouble md " 

Critical ilnd BB Tcch nnlogies = Wired: CPE change or configuration & port (100.0/ 1.0) 

Rulc 4: I f Current J-Iandle Site = O&M Addis and Month = August and Troubl Grud' 

Critical and i,l) j' 'c]' n< 'ogies = Wireless: CNR or Core network problem (4 1.0/1.0) 

RlI I (~~: I f r llT{'lll I':lndle Site = O&M Addis and Month = August and Trouble rad 

Nonn,, \: CN R or en T'! , network problem (95.0/ 13.0) 

Rul e (,: I fCrlP'{"" I '"l'l(\le Site = O&M Addis and Month = July and VI P Flag :. NO: 

CN R 01' eme network problem (731.0/3:!.O) 

FAN R . and BB Technologies = Wired: Line / 
Ru le -: If \IIITf'n l ! I:mdle Sile = ' eglOll 

Fiber Problem (I:!O}.; .O/ 25·0) 

r . II dl S·t - NNOC and Month = April and BB Technologies • 
Rulc H: I CUlT 111 II e le-
Wired and Trollh' .... ;·adc = Normal: Customer l.Al or Router (153.0/ 9.0) 

Rule (): !f (> IT 1l : I' l1e\1e Site = NNOC and Month = April and SS Technologi~ • 

Firber: Line / Fiber I' roblem (88.0/3.0) 

Rule 10: " ('I , , t '" 
ndle Site = O&M Addis and Month = July and VII' Flag . YES 
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and TrouLll Gr,1(l(' = 

problem (S::!·o/""I,o) 

Escalated and Title = Business Center: CNR or re net\\ork 

Rule I I: Ir C l l1T(' 1 ! ;'lIldle Site = NNOC and ~l onth . March and Titl e Busin -~\ 

< e ra e. nlleal: M AG po\\cr or Cen ter ;'tlld gB Tcthnologies = Wired and Troub! G de " 

TrnnSlll issioll pro~) 10lll (1 3.83/1.0) 

Rule I :! : If Current Ilandle Site = NNOC and Month . March and Title 

InSU1'ntiCC a1ld BB Technologies = Wired ' MSAG po" 'er 0 l ' .. . • r raTl Sllll SSI n 

Bunk or 

prob! In 

Rule I :~: If ( IIT"]lt I [al lel ic Site = NNOC and Month ;:I August and UI3 Technologies 

Wi l'cic! ,1m) "'"(\,,hl Grade = Critical: MSAG power or Transmission probl III 

(1l4.cl/? 0) 

Among the ilho \'c lis t .'d best rules, Rule 1 and 7 shows that , most of the faults hundled by 

FAN addis Cil rrent I 'lIldlc site were Line / Fiber. 
The ot her idorlll;,t i ' 1\ indicated by the generated rule is that in th rainy s aso ilS th ' 

most freque Illy h;' PjlCn ing broadband network fault is 'CNR or Core network probl m' 

this ca l: :H.::-;I 1 r. '11 rnles 4, 5, 6 and 10. According to the domain experts, in the rainy 

seasull t:H' (' 11' "~' 11',' ork resource transmission media, be it wireless, wired or fiber, 

ca n Cd~ ' . ')(' ;lffL!dcd 1 y the weather. Especially, the wireless network is highly uffcct d 

by the C:,\R ~incc t'll; rc is high interaction with it , including the DJl CP server. Therefore, 

there i.e- ;1 ne('d In '~i\'c due attention for such type of faults during th is period of lhe YCiU , 

Rule 2 I\: H inchc t~\ d tha t most of the network fault types handled by NN 
currc llt 

handle site re Til":', m .. :r LAN or Router'. This also indicates that such faullS should not 

nd there is a need to take measure so that the national network 

'I llL~d spend its timt! on critical fault types. Such faullS should be 

. 'i 'P rt and this also shortens the time to fix the fault . 

COI11 (, to 11'(' :-,:....;( 

opcr;lt i(ln eel t'l 

solved ;It lil'st 1 

In gell l'r;l\ it I~ ti 

company 1'nr 11'\ 

the ru k \\111111 

, ,lOIHa in experts' belief that the generated rules can be used by the 

,'n' the fault handling process, and this can happen by integrating 

L. 1.., ' 1\ Tr system. 



5.3 T nd, I F, '\l \l ation 

Evaluation i'l ;1 d:l!; \ m: ll ing process serves two purposes, these are: ~ the prediction of 

how well tIl(' r ,1 l'l'1dc\ will work in the future (or even whether it should be used at 

all), :lIld ;l S ;\11 inll'g:"<.ll part of many learning methods, which help find the model that 

best rcprcscll l S t 11,' I ],;,jl l ing data (Souza, Matwin, & Japkowicz, 2002). 

The c1a ~"in{'\" 's ('\";l1 l1'll;on is most often based on prediction accuracy (the percentage of 

correct pn'dicl i" 11 ,;i idNI hy the total number of prcdictions)(Kotsianl is, el al., 2007)· 

In ordl'r to ddem inC' to what extent the classification model meets the business 

objectives, the l'b:-:~ifi c rs accuracy was evaluated and based on the obtained accuracy 

m easl1n'S ('('Ill ·i"c:IlS were made. In addition a discussion with the domain cxpel1s 

was hC'ld I"l;..;al 'l~' " l ' usefulness of the classifier based on the obtained classifier 

performallces. 'j 11 (;r)nl~ li ll experts confirmed that the developed classifier can be used 

by the (,Olllj' 11l~' " pi edicting broad band network types. 

5.4 J LI 'n .• 1 l1l 

" ·n.:: mcnts, the deployment phase call be as simple as generating a 

repor t .. ,I 'x; . implementing a repeatable data mining process. In many cnscs 

it wil! I 'ljH' II:;' I t Ille data annlyst , who will carry out the deployment steps. In any 

case, II I '1 1l('1 'l!nderstand up front what actions will need to be carried out in 

order to 'Icll· ;lll~· Jll;"'l \e usc of the created models(Wirth & I-lipp, 2000). 

. . h It f the study "'ns discussed with the domain 
As It WilS ! l'l~\·, }' lsI. ml"n tloned, t e resu a 
expcrt~ ;lll ' it Wi"> 11 "~('s ted that since the existing information system (2 mart 111 

has a f ;It •. ~ II "1': ,lila\\' incorporating the obtained rules, it is possible to use the 

result nfthr ,III' ,.,' c company. 

. . t fo section the conclusion of this 
Based Oil til' ]'t.~. 1 " nl tained in thIS expenmcn n In , . 

. 1' , are presented on the COnlmg chapter 
study ,mel !'l'CO 1 '11' ldalions for future st llulCS 

(chapl ,. (,). 
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CHAPTER SIX 

co, TC,TTSION AND RECOMMENDATION 

6 .1 CO llc iu.<;" o n 

In this !""::;C,lrch ;111 attcm pt has been made to study the application of d:lIrl mining 

techn iques sprcif:cally classification/prediction on the dnla sct which is r luted with 

bro<ld h;I 11 (\ ~:clYi('c r~1 1l 1 t customer report infOl'mation obtained from ethia-telecom. The 

collect ed d;ll<1 \\,;IS itcr;ltively preprocessed so as to make the data ready for the data 

desired output from it. 

Among the \'a rintt !:'P~s of classification algorithms J48 decision tree algo rithm and 

na'i\\, :';lY(' .]:, ' i"ll algorithms were applied (or this particular study. The classifier 

accuracy ohLl incd hy .1_18 decision tree algorithm was 74.06% with the prcproc 55 d 

dat a sct ,lIltl an t' r 'lpp l ~ iJl g SMOTE minority over sampling technique the accurI}<'"y was 

improved If) 7: (' ( ~ . 

It \\,:l ~ f ')~I·ty"r' t',;"t J ,q decision tree algorithm is the best classification algorithm of 

the t\\ ',,'t 1 .. , I !-()l' this study while tested on unseen instances. The accuracy 

resttlt of 1'1' ("1 ' {;(" , {,htained by na'ive bayes class ification algorithm was around 6996. 

The ruks ol'l;·il ,)1 ')1 11 the decision trce indicated that on the rainy seasons the Illost 

frequently :'~111'(' ;'lg ;'; lU lt is 'CNR or Core network problem'. In addition it was 

ObSl'1"\'( ~l:1t 11]( l'IIlC faults are Line / Fiber related faults which are being handled 

by '1;.\:\ ,Ill ': l" I' " tandle site'. 
As ;1 1\":1': (1 n'" S'" 11 in the result of experimentations, the confusion matrix obtained 

wi th t1, t, ' (' I fl 1 :-, .1' lic:ltcd that the dominant fault type is Une/ fiber problem with 

42.;"" n f 11 E " 'I; f1"ltS . The company can take this dominant fault type and take 

pronet i\"l' 'let illl! 

maint ;l; n t\1,'S{, 

custom!'r 

In illlp l'O\'e its customer satisfaction. If the company manages to 
. . .. . C 42 35 % percent of the fault or 

t ' ts nroactlvely, It can mmlnllZ . 

ded by the domain experts, this proacti\'c measure 
. t\S rCCOllllllen 
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includes [ll;lint<lilli!:~ :Iw old lines or fibers before they b h ' ' eco rnc l e cause lor scn 'lCC 

fail ure. 

Some c'( th l" 1"1'11''<: n·.J~:lincd from this research can be used in Z-smart system so as to 

enhance Il,(~ (;n:ll "'~!l(l 'i ng process and improve customer satisfaction. Eth io tel com 

can usc IIH' '" ul e..; 1'1 improve the fault assignment process so as to assign particular (aull 

prohlem for th(' I'C le"a nt ha ndler site or technicia n. 

This r(':~('an!l ,] "f) i (! '[ ' ificd fault kinds faced by different customer segments like 

cril ic,d and IllnjoJ' C\1~to tl1crs . This also helps the company whil! to do for specific 

customer grcH II'S h:l'l""d 011 the fault type they are facing and the sensitivi ty of the service 

fai lu re or IhO' ('usl ""1.:1. Si nce all service types arc not equally sensitive for nil customcrs 

or custOlll ,!r S(,~:IIl' ts . For instance, iIlt l~rn et services are critical fo r flowcr farm pic 

where as <\;11.1 ::.cl"\ It..'; 'ire critical for financial institutions. 

The lill'lill~s fnl"l th ' rules generated by the nlgorithms showed that specific custom rs 

groups lik" :),lIlk: or i:'surance and business centers are affected by MSAC power or 

tran sllli~sioll I'IC :' 11' f;J ul t kind. This fault kind is true for both critical rmd major 

ClistOIiH'rS 1 I,' 'l~ ' . As domain experts commented, MSAC power problem can 

simply I" l" , '\ ' ~)' tapping generator power from nearby customers/ mobile 

tral1 s111i_, .iol1 ~ I. t' II' ... . Therefore, due consideration should be given for this fault t)1)C, 

since t!lOS(, ( I. \nL1C ~ Ie: important for the country in general and for the company in 

parti cula r. 

Gcner:lll ,1"I~t /Ill ti ll': {'\'<1 luation made on the accuracy results and testing thc results 

t 
'f the resllit of the classifier is promising. it was 

'11 "'I' I' :, even I 

t It r rls an improvement by considering different factors. Some of 
wi th TIC' 1. 

under'" 1 

theM' f, '('I 'S, ' ,,' I as a recommendation below. 
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The pI 'dicliw 1'~n" '1. \\'lich is developed in this research, generates various promising 

patt erns ;uld n" , '!It t he obtained classifier accuracy needs to be improved, '111ercfore, 

based on the r;l1 dill."~ d the study, the r{!Searcher made the following recommendations 

which C;lll pos~ibJ~' hel ril l improving the accuracy results of the predictive models, 

The targf' l (bt:l se t used for this study has six class variables. But , the instances 

f()I' ('~)I'I, (If I hest! class variables were not balanced. It was observed thaI this 

illl!d;lIH'c pl' )\ il' lll affected the classifier accuracy. Therefore in future stud ies, 

i:"T ;I"j' ,1'1'''~bcr of instances and having a balanced data sct for each class 

\', ,',',1, (':1 j. l' O\'C the classifier accuracy. 

Thc \ ;'1 1 ~~d <\; 1;'1 .~ ct used for this study was not obtained directly from the system 

data \);!..;c ra~I H: r it was generated th rough the Z-Smart Tr information system, 

1" t :'j.,.,.,.,,: 'l~ t(l the domain experts there are other additional attributes tha t 

'1 I " i 'Ie 1 fJ"l l1l the data base which are related with the target daw set. 

'I', r . ".,1 ' ;H', l:ng more attributes such as 'Area', 'Resource Type' and other 

1"(,,, ',I " tl!l ,1 test can be mll dc toimprove the accuracy, 

• SOllll "I :1"!C; in the original data set, applied for this study contains very 

• 

1\11 attempt was made to bring the values into some common 

(' ,!"~~ 1 'S "presentations. But still it needs a serious consideration because, 

<' ''''C 11" 'I rill!ltc~ val ues were encoded by human beings, there are many 

" I .~ ( 

, . ,. " " 

lhl" r:'''f) rs, upper/ lower cases, abbreviations, etc .. ) to be considered 

, 1'\' \"fl rd that represent the specific value, 

Thl' tn: T , d' l " ~ t II sed for this particular study can be tested using other da ta 

, I L.lcck for better classifier accuracy. 

.' qd 1 1 
'~. 'r>t data set used for th is particular study can be tested using 

\' ,lr101l~ t r 'S 0' (' :'~s i fi cation algorithms, 
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• Inlcgl'.llill" ".(' hl'sl ru les with the existing information system should be given 

due c01l~ i ('''!" li ( :1. 
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APPENDICES 

Appen di x J: 

s tudy. 
Sa'" 'l ie VHA code rd ' h _ app Ie 10 l e preprocessing step of the 

Dim v tln As ~I rin ,~ 

Di lllllsrdrn\\'s t's 1.(Jllg. 

Dim myarray:~'\ ", ; n~t 

mya rraYI = .Vra~r";n a llcc" , "state", "o rg", "organization", "bureau", "agency", "authority", 

"minis try", ", 1" '\' " "worcda", "au th", "wne", "era", "erca", "crcs", "family", "fcdcral", 

"fcdp]",I; ",", "I~r; ". ""n~(',''' , "illlmigration", "institute", "board", "zonal", "administration", 

"corpol';Jtion", " ]"(':1 ' ' \\';;! cr") 

myaIT'l.\':..!. = .-\rr;1~rl1S 1" , "\1llhcl' '', "undp", "gtz", "cl inton", "relief ', "foundation", "frontier" , "u n 

h er", ' hih:,' n", "\\"0':<.1", ":l fricun", "africa", "goa\" , "joy", "food", "save") 

myarr;l~ . , , 

myar rayo.l == ,\ r 

II I " " p c, P,L , I 

"Iimitcd", !':I:'\ 

"bus" , " " 

"tech", '" 

,'" 

'l~':' ocl'sity", "llllvcrsity", "college", "collage", "sehooJ", "preparatory", 

s" , "cen ter", "trade", "trading", "engineering", "enterprisc", "studio", 

_0 \pan)''', "service", "stationa ry", "import", "export", "solution", 

Iyala" , "rcsturant", "travel", "advertizing", "moenco", "brewery", 

If' il':( .. ''lcacola'', "shop", "guest", "electroniCS", "secrctarial", "secreterial" , 

mYill'l' 
\ ";1\ "1 , ,..,;t.,1 " , "clinic", "laboratory", "health", "mediCo'll") 

uset!rO\\" 'r.:! , i..: "l't! Range,RoWs,count 
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b 

uscdrol\" = liS' 1), ... " 

v~r! = Ccll~(i .::! ) 

I.sarl = I.e S{' ''l~'1) 

For x = 0 Tn 2 

I f ! rsl;lrnlYl '> (l Then 

If('I·1Is( i. 1'1 <> .. .. 'J!lCl1 

CdJs(i :~):... "Covernme ntal Organization" 

End If 

Encllf 

Next 

For v oT,) I) 

!CS!:lrr;I\" = 11Str{l sJrl , mya rray2(y)) 

If \('s l:lrl' ,IY I > () Then 

I feeJL (i, I) <> " "Theil 

C -lbU. :') " :<11; 1 (' wcrnmcntai Organization" 

End II 

Next 

For x=pTo5 

h,'S"lrI';l\'! = Jtl~,.r l.\' 11'1. myarraY3(x)) 

Ifl ("l arr:\\' 1 > {l'f ,lcn 
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l fCcJl·~ i. I) <> " " Thcn 

Ccll!'(i,:3) = "Edll(";Jt ion Centcr" 

End If 

End If 

Ncxt 

For y = (lTo;{ I 

tcst;IT"lW·I = In~td Lva rl, myarraY4(Y») 

I f !estarr:IYl > 0 ThcII 

I fC('llsl.i, I) <> " "Thcn 

C··'ls(i,?) '0 " ';l'sinC'ss Centcr" 

End If 

End J f 

Nl'xt 

For ~· = () Tn 

tcst:lrr;I\'] = Ill ~!r( lyar! , myarrays(y)) 

If trY\;l1T:lY I > () Thc ll 

If f 'l~.i.l)<> " " Thc n 

C ,s(: . ~J) = .... hit Center" 

F ' 11 

Enrl 1 

Next 
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,,"r33 hStr( I .van, "tickct") 

",tr4 InStr(L\';m, "i ntcl'natc") 

,," r5 = InSlr( l.an, "cntc rll;Jtc") 

vtl r6 I !l~I"'I.\"'lrt, "in' ro rtle l") 

"'117 = I n~lt(L\';I['J, "cmb;Jssy") 

""1'8 = InStr(l.\';lrJ , " inslIr;l l1 cc") 

"" 1'9 = InStr( [x:lr1 , "('hh") 

'va r lo = 1:1Slr(I.\':II'\ . "Iabralory"} 

va rt 2::; 1I 1~tr(I,\':l t'1. "('('peo") 

' \'an ~ = InStr( I .\"II' I. "u ni vcrs ity") 

va rl 4 = 1\\Str(lxa n, "cmhacy") 

"a rl S = InStr{lx.l rl , "carc" ) 

H";II':! > n r)r:n<{ > o (11' "a1'9 > oOrvanl > o Then 

if CcliSI l' <>" " '1'11' \1 

CcllsCi, :~: = " ';:'llk or insl1I'ancc" 

End If 

Elself,·,\ .. , I) '\"1r:~:) > o'rhcn 

If Cc]!. I' >' ''TllCll 

, .. '.:'1" ('o 111pany" 

End I.' 

EIsc lf".lL\ > () Illl'.l 

I f('ell. 1,1) <>" " T~l"n 
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t 

Cells(;, :1) "" 'tel' 

End If 

EIsel f val'l > () (); ' "11'5 > 0 Or v:\1'6 > 0 Or vans Then 

[[CdIsCi, I) <>"" Then 

Crl1s(i, ~~) = "l ntC" lll:\ Cafe" 

End 1 f 

If ('l'l1s(i, 1) <> "" '1'11<'11 

Crll. .. ;(i. '\~ = "\': l'lh<;",\-" 

End If 

Eiscl h ,IL !2 :> o Thc 1 

If ('ells (i, I) <> ""T:ll'11 

Cc]ls(i, ::) = 'T"I'('o" 

End II" 

'Eb l'l \c,d;'lTaYl 0 Or Ics tarray2 = 0 Then 

'I f(', I1s(i . I) <>"" Theil 

'Cclls(i. '\);0 "o'li"":;' 

'E- "f 

End I, 

Next 

End Sl lh 
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-----... --------~ 
uscd ro,"S '"' ~lleC .I.LI . ·d l ~ ange.Rows.Count 

uscdro\\'s = lI sed!' )\"S +~ 

Dim var! :\s ' ';1r;;1I1t 

For i = :.! To usedro\\'s 

van = CellsC;, 9) 

IfCcll :·/i, 9) <> "" Th CIl 

Cells(i, [o) .V,duc -: Lcft(\';1l'l, 10) 

End I f 

Next 

Dim " a!"l j\S SL r it " , 

Dim II scd nj\\"s As 1 <)1 ' 
" 

Di m mya rrayl As V;lriant 

0,'", "" ' I ' , 'nT"\' , " ' IT ' Il L 

Dim Ill' 

myarr;l\'! = :\'T:l~ '( " F:\~-Cr\AZ", "FAN-NAAZ", "FAN-SWAAZ", "FAN-SAAZ", "FAl.'l'- EAAZ", 

AN-II ,IIIZ', "1' 1:\- DIAZ", "FAN - EAAZ", "FAN- WAAZ") "F 

myan \':.1 = .. \1"1 ;.~ "c:, I1&CC", "CS Broadband Agent", "CS Enterprise Agent", "CS Network & 

IT" " , 1""'1\_ " .... ~ 
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myarraY3 = Array("O&M ER", "O&M NER", "O&M NR", "O&M NWR", "O&M SER", "0&~1 

" "O&M SR" "O&M WR") SWR, ' 

myarraY4 = Array("FAN NWR", "FAN SER", "FAN ER", "FAN SR&SSWR", "FAN SWR", "FAN 

WR", "FAN NER", "FAN NR", "FAN NV\TR") 

usedrows = ActiveSheet.UsedRange.Rows.Count 

used roWS = used rows + 3 

For i = 4 To used rows 

van = Cells(i, 6) 

For x = 0 To 5 

testarrayt = InStr(v3n, myarraYl(x)) 

If testarrayl > 0 Then 

I f Cells(i, 1) <> " "Then 

Cells(i, 7) = "FAN-Addis" 

End If 

End If 

Next 

For x = 0 To 4 

testarraYl = InStr(van, myarray2(x)) 

If testarraYl > 0 Then 

If Cells(i, l ) <>" "Then 

CcUs(i. 7) = "Customer Service" 

End I f 

End I f 
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Next 

For x:= OTo 7 

testarrayl := InStr(van , myarraY3(x» 

IftestarraYl > o Then 

If Cells(i, 1) <> " "Then 

Cclls(i , 7) = "O&M Regional" 

End If 

Endlf 

Next 

Forx := o To 8 

testarraYl = InStr(van, myarraY4(x)) 

IftestarraYI > 0 Then 

If Cclls( i, 1) < :> ""Then 

Cclls( i, 7) = "FAN Regional" 

End If 

End If 

Next 

Var = InStr(van, "O&M SR") 

UVar > 0 Then 

IfCells(i, I) <>"" Then 

Cclls(i , 7) = "O&M Regional" 

End If 

End If 
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t 

VarD :::; InStr(van, "IS") 

If Varo > 0 Then 

IfCells(i , 1) <> " " Then 

Cells(i, 7) = "IS" 

End If 

End If 

'var2 = I nStr(v3n , "FAN - ") 

'var3 = InStr(van . "FAN-") 

'lfvar2 > 0 Or var3 > 0 Then 

, If Cells(i, 1) < > " " Then 

'Cclls(i , 7) = "FAN-Regions" 

'End If 

'End If 

var3 = InStr(vart , "O&M Addis Zonal") 

If var3 > 0 Then 

If Cells(i, 1) <> "" Then 

Cells(i,7) = "O&M Addis Zonal" 

End If 

End If 

var4 = inStl'(van, "O&M Addis Regional") 

I fvar4 > o Then 
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If Cells(i, 1) < > " " Then 

Cells(i, 7) = "O&M Addis Regional" 

End If 

End If 

vars = InStr(van , "NNOC") 

If vars > 0 Then 

IfCells(i , I ) < >" II Then 

Cells(i,7) = "NNOC" 

End If 

End If 

Next 

End Sub 

I 
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