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Abstract 

Global System for Mobile Communication (GSM) is globally accepted standard for di gital 

mobile communications. Ethiotelecom is one of the oldest telecom service providers in Africa , 

which offer telecommunication services in Ethiop ia . GSM cellular mobil e ervice is one of the 

various telecom services, which has millions of customers in Ethiopia . However, ethiotelecom 

has done many remarkable works in deve loping information and communi cations technology 

network, customers still have been complaining about the poor quality in GSM ce llul ar mob il e 

service . The prime objective of this study is building a pred ictive model using machine-l ea rning 

techniques to determine the quality of service of GSM network for ethiotelecom Addis Ababa 

region, which helps to optimi ze quali ty of service in the area. 

The data used in this study was obtained from Ethiopian Communications Authority qua lity of 

service department. For the aim of constructing the machine learning model , a total of 2294 data 

sets with 6 attributes are employed before preprocessing. After compil ati on of the primary 

dataset preprocessing task is undertaken to make su itable for the ML task li ke cleaning and 

attribute selection. Strictly, following the experimental resea rch process, various experiments are 

conducted using python as a tool. This is done to find out the best model that clas i fi es the KP I 

data by applyi ng the best classification models by comparing the performance of the models 

developed using KNN, SVM, as well as the Logistic regress ion learning methods. 

According to experimenta l results , logistic regression classification algo rithm outperfo rms the 
I 

other two classification algorithms with an accuracy of 99 .854%. The fi nding indicates Call 

Setup Success Rate, Handover success rate, Dropped call rate and call attempt are the major 

determinant factors of QoS of GSM Network. The stud y also indicates that a GSM mobil e 

network located in Addis Ababa and its surrounding are susceptible to fa ilure in network quality. 

Finall y, the study is limited to build a predictive machine-learning model for class ificati on of the 

dataset into the right level of QoS data. Through the results found in thi s study, we recommend 

ethiotelecom to implement such mobile network quality prediction techniques and avoid 

inegularities throughout the network that will improve customer satisfaction. 

Key words: Quality of service, Machine learning, Mob ile network, GSM, Key Peljorman ce 

Indicators. 
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CHAI)TER ON E 

INTRODUCTION 

1.1 Background of the Study 

The role and function of telecommunication is to provide an exchange of com munication or 

information at a distance between people, satellites or computers. The remarkab le development 

in telecommunication technology has made people to communicate instantly across a di stance, 

share information and do business. The global system for mobile communi ca ti on (0 M) is a 

worldwide-accepted standard for digital ce ll ular communication. It is currentl y one of' the 

accepted systems used for mobile telecommunications in all parts of the wo rld . 0 M is a ccond­

generation (2G) di gital cellular network developed to repl ace the first generati on, which wa 

analogue network [20]. 

All telecom Service Providers give National and Internati onal communi cati on services on wired 

and wireless technologies. Cellular Network is one of them. There are different types of ce llul ar 

network se rvices too ; voice call service is the common one. Most of the customers use voice 

service and this service generates the main source of income and profit for the operators [5J . 

Measuring service quality enables organization to know its position in the market and prov ides a 

strategic advantage to enhance its competitiveness [3 1] . Quali ty of Service (QoS) in the field of 

telecommunications can be defined as, "a set of specific req uirements provided by a netwo rk to 

users, which are necessary in order to achieve the req uired functionality of an app lication or 

service" [31]. In GSM, Quality of Service is a critical issue of one' s tel ecommunication service 

provider (Asoke k, 2007). 

Ethiotelecom is the oldest public telecomm unications operato r in Africa. The servIces have 

started since 1894, when Minil ik II , the King of Ethiopia, introduced te lecommunication 

technology to the country & ethiotelecom has its current status in 29 th ovember 20 10. Since 

1894, ethiotelecom was the only service provider In Ethiopia . However, recentl y on April 5, 

2021 , the government promises to be a mi lestone in Ethi opia ' s journey to become a di gital 

economy for two new full-service telecom licenses to be award by the Ethi opian 



Communications Authority (ECA). ECA has granted nati onwide fu ll -service unifie I 

tel ecommunication service license to "Sajctricom Telecommunication Ethiopia PL .,. elTec ti ve 

from July 9, 2021. Moreover, bidding fo r the second telecom operator is in progres . The two 

new operators will compete with ethiote lecom in mob ile communications, internet and other 

telecom services. Since, other operator does not start their service yet; thi s tudy wi II try to 

address the services provided by ethiote lecom only. 

The main objective of quality of service is to maintain a basic minimum leve l of quality, to usc 

competition, to improve quality, to promote consumer choice over quality vs . price and to ensure 

quality choices are available for all groups of' consumers . Drive te tis one of the meth od to 

evaluate the QoS operators. It is Assessing the coverage, capac ity and Quality of Service (QoS) 

of a mobile radio network Benchmarking, Network optimizati on and Troubleshooting [Ill 

Performance expetis in the telecom domain, speci fically in ethi ote lecom are expectcclto analyz 

the information in the measurements to manage and improve the quality of serv ice (QoS) . 

Sometimes it will be difficult to exhaustive ly produce cs ential information Crom thi s compl ex 

data by solely applying domain expertise and a prior knowledge as the performance ex perts do 

[2] . Machine learning techniques can assist and helpful to such tasks done by domain ex perts by 

automating the current manual method . 

Machine learning is an applicat ion of AI that provides systems the ab ility to learn and improve 

automatically from experience without being expl ici tl y programed , which are used for future 

predictions and identifying patterns in data l47]. Machine learning dea ls with algo rithms that 

give computers the ability to learn, in much the same way as humans. This means that given a set 

of data, an algorithm infers information about the properties of the data, allowing it to make 

predictions about other data it may see in the future . It has fo und uses in different areas such as 

biotechnology, fraud detection, wire less networks, stock market analys is and national securi ty 

[ 17]. 

Operators and regulatory authorities often report the performance of their network quality in 

terms of key performance indicators (KPls). The major KPIs used for analyzing QoS are Ca ll 

Set-up Success Rate (CSSR), Drop Call Rate (DCR), Handover Success Rate (I-:IOSR), Traffic 

Channel (TCH) Congestion Rate (TCHCR) and Control Channel Set-up Failure (CCSF) [30]. 

2 



This study tried to do the study by using the common KPls and va lues or KPls rccommended by 

Ethiopian communication Authority fo r effecti ve communication in Ethi opia. 

Thus, in this study, an attempt has been made to propose machine learning model to ana lyze the 

data generated from GSM mobile network . So that, it can be possib le to automati ca ll y analyze 

the quality of serv ice of mobile network by app lying machine learning technique u ing the 

relevant KPls extracted from the drive test dataset. Such a system can support the 

telecommunications service providers as well as regulatory authoriti es of the sector to take 

improvement measures based on the predictive information of the system. 

1.2 Motivation 

Currently in Ethiopia Communications Authority CECA), mobi le network data analy is was done 

by traditional simple statisti cal methods for network quality analysi and network performance 

analysis. However, the application of simple statisti ca l techniques for data ana lysis is timc 

consuming, error prone and ti resome activities. In this regard , to overcome th ' prob lem or sim plc 

statistical analysis an attempt has been made to apply machine-learning techniques, to show how 

to build a model from Ethiopian Communication Authority 's GSM mobile network data and give 

effort to evaluate the Qual ity of Service given by ethiotelecom to customers. 

According to Yared [4] , in telecommunications sector there are many areas of acti ve research 

interests. Some of these are telecom fraud detection, call drop analys is, prediction, and network 

element analysis for optimization. 

In this research, the application of machine learning fo r 2G mobile networks is proposed 

specifically for predicting the QoS of GSM network. An attempt has been made to understand 

the behavior of quality of services CQoS) using machine learning techniques and design a 

predictive model that can determine QoS fro m Ethiotelecom GSM mobile network data. 

1.3 Statement of the Problem 

The International Telecommunication Union CITU-T) detines QoS as , "The co llecti ve effect of 

service performance which determines the degree of service user satis fact ion". QoS is the major 

techniques used for judging the perfo rmance of GSM services. Telecommunication regulatory 
. 

authorities and the service providers are usuall y concerned in measuring quality of service to 

3 



protect the customers and service providers' interest respecti vel y. sse sment of M se rvices 

from service providers and regulators perspective is u uall y ba ed on ome Key Performance 

Indicators (KPls). By using an extensive real wo rl d dri ve test dataset to how that, cia sica l 

machine learning methods yield excellent prediction re ult . 

Ethiotelecom is telecommunication service provider In Ethiopia. During the performance peri od 

from 01 July to 30 June 2020, the total subscribers of ethiotelecom reached 46.2 million. The 

annual report of the operator also indicates, among total number of subscribers, nca rl y half of 

them (22.4 million subscri bers) are 20 users [63]. Even tho ugh, the mobil e network generations 

has grown and currently reached fifth generation, peoples of developing countries likc Ethi opia 

still utilizes second generation network because of economic and technologica l factors. Sincc 
, 

key performance indicators of quality of service of mobi le network are same for each generation 

of the network, the researcher believes that studying from 20 network is a milestone to proceed 

for other generation of mobile network for further study. 

Even though, ethiotelecom has done many remarkable wo rks in developing modern informati on 

and communications technology network, customers have been complaining about the poor 

quality in 20 OSM cell ular mobile service [1]. Machine learning techniques can a sist in these 

tasks by reducing the need for drive tests, and helping to predict and di agno e netwo rk fa ilures 

even before they noticeably degrade the quality of se rvice of the network users [14]. 

Performance evaluation of mobile networks can succeed via drive-test measurement systems as 

well as via network moni toring systems [9]. 

The developed automatic QoS prediction model for this stud y is thus suggested as a better 

replacement for the current manual method based on its accuracy and non-human invol vement in 

predicting QoS of mobile network being investigated. Thi s study utilizes the selected major KPIs 

to predict QoS of 20 OSM voice network. 

There are several algorithms that can be used train predictive model s using different data sources 

with different number of attributes. The learning natures of the algorithms vary based on thc 

nature of data used. The is, therefore, to conduct series of experiments to se lect an appropriate 

algorithm and which set of the data attributes are relevant for the development of the best 

performing model for the given data set. 
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Hence, to this end , the study attempts to exp lore, investi gate and an. w r th ' followin g main 

research questions. 

1. Which set of data attributes are factors or relevant to determine the QoS of G M 

network? 

2. Which machine learning technique or model i suitabl e to predict and clas ify the KPI 

data in to the ri ght level of QoS for 2G mobi le voice network? 

1.4 Objective 

1.4.1 General objective 

The general objective of th is research is to construct an optimal model that predicts qual ity of 

service (QoS) of GSM mobile network using Machine Learning technique. 

1.4.2 Specific Obj ecti ves 

• To review literatures so as to understand the cu rrent sc iences, technologies and standard 

related to this study. 

• To conduct experiment and develop different predictive models and compare their 

performance. 

• To select the best machine- learning algori thm which is more suitabl e to the data and the 

problem domain 

• To evaluate the best performing model in diffe rent evaluation parameter . 

• To report the result and forward recommendations fo r fu rther studies. 

1.5 Scope of the Study 

Due to time limitation to cover each techno logy one by one and computational reso urce 

limitation to run the resulting data, the scope of this research work is limited to 2G GS M ce llul ar 

network for voice only. 

This thesis focuses on proposll1g machine learning based QoS predicti ve mode l USll1g the 

proposed algorithms for 2G GSM vo ice network. The research fo llowed experimental research 

approach to investigate the stated problem and undertaking the experimentation . The data fo r thi s 
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research was taken from Ethiopian Communication Autho rity. The e data werc c lI ect d arou nd 

Addis Ababa in three different periods from February 20 17 to January 17, 20 19 by drivc te t 

machine. The original data contains a total of 2,294 records and 6 attribute. 

The study did not examine the text message service and other mobil c comm un icati on 

technologies such as 2.SG, 3G, 4G, LTE etc. experimentation has been done by upervised 

classification algorithms for selected and common key performance indicators (KPl s) o[ quality 

of service of mobile network . 

l.6 Significance of the Study 

Cellular mobile network operators throughout the world are grappling with thc issues of 

enhancing quality of services [44]. The complex data co llected [rom mobile network ervice 

providers and regulatory authorities shall be manage so that uscful data may be ex tract and 

exposed. This research proposed an ML model to assess the data generated by mobile network 

from drive test systems. The findings of this study aid the network provider in iml rov ing the 

mobile network's service quality . 

The objective of this research is to design a predictive model, so as , to determine Qo [rom 

Ethiopian communication Authority data using Machine-learning techniques, which further used 

to assist the Authority and operators in to optimize the ongo ing GSM cellular mob il e network . 

This research also helps for the researchers as a ground root to study on mobile network quality. 

Generally, this study is important since its application can help to improve the quali ty of mobile 

network and satisfy mobile users or customers of the network. In additi on, the paper will 

motivate other researches on field of GSM cellular network. 

1.7 Organization of the Research 

This research report organized into five chapters. The first chapter is di scuss abo ut the 

introduction part that introduces key points about the resea rch including the background , the 

problem which the research paper want to address, the general and spec ific objective of the 

study, the scope and others. The second chapter devoted to review literatures on machine 

learning concepts and the domain of the research. Related research works that inter ect machine 

learning and GSM mobile network specifically quality of service issues were reviewed. Chapter 
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3 contains research methodology and detail description of the dataset. The f' rth chapter dea l 

with data preprocessing, experimentat ions and resul t interpretations. In thi chapter, buil ding of' 

model with training dataset and validating the result with test ing datasets and interpretati on of' 

the result of the experimentation were the major concern . Finally, a compari son of the algori thm s 

used for reasonable accuracy was made. In the fifth chapter, conclusions and recommendati ons 

presented. 
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CHAPTER TWO 

LITERATURE REVIEW AND RELAT -< O WORK ' 

2.1 Overview of Telecommunication Network with QoS 

This chapter has the background information of telecommunica ti on network and M 

technology. The architecture of each technology, descri ptio n of the architecture, the techno logy 

difference and importance of QoS considered. Ethiotelecom provides these services [o r vo ice 

call. Most of the customers use voice service and th is serv ice generate the ma in ource of 

income and profit for the operators [5]. That is exactly why thi service mainl y dea lt wi th in thi 

research. 

2.1.1 Telecommunication 

Telecommunication is a technology that eliminates distance between conti nent, be tween 

countries, between persons. The word communications, derived from the Latin word 

communicatio, the social process of information exchange, covers the human need for direct 

contact and mutual understanding. The word telecommunication, add ing tele (di stance) , in whi ch 

defined telecommunication as " information exchange in di stance by var ious types 0(' 

technologies over wire, radio, optical , or other electromagnetic systems" [32]. 

Telephone was invented by alexander Graham bell in March 1876. The introduction of 

telecommunication in Ethiopia dates back to 1894. Ethiopian Telecommunications Corporation 

is the oldest public telecommunications operator in Africa. The provision of mobile service has 

begun in 1999 with a capacity of 36,000 lines in Add is Ababa. By the end of December 2004, 

the number of subscribers reached about 207,000 [33]. 

2. 1.2 Global System for Mobile Communication (GSM) 

One of the most standard digital cellular telecommunications systems used all over the world is 

Global System for Mobile Communication (GSM) that is a Second Generation (2G) wireles 

access technology. It is the first cellular system to recognize digital modulation, network level 

architectures and services, Radio Frequency (RF) for GSM standard started at 1900 MHz It was 
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first used in Europe in 199 1 and at present is one of the mo t p pular li gital ce ll ular 

telecommunications systems amply used all over the world [5l Voice ervice is the main and 

basic service provided by GSM. 
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Figure 2. 1, Global System for Mobile (GSM) Structure (A dop tedfrom [5J) 
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Mobile stations (MS) which are connected with he tower and that tower is co nnected to BTS 

through TRX, and then further connected to BSC and MSC. Let us und erstand the functionality 

of those different components . 

1. MS: MS stands for Mobile System. MS comprises user eq uipment and software needed for 

communication with a mobile network. Mobile Statio n (MS) = Mobi le Equipment (M E) 

Subscriber Identity Module (SIM) . These mobile stations are connected to tower and that tower 

connected with BTS through TRX. TRX is a transceiver that compri ses tran mitter and 

receiver. Transceiver has two performances of sending and receiving. 

2. BTS: BIS stands for Base Transceiver Station, which facilitates wire less com muni cation 

between user equipment and a network. Every to wer has BTS. 

3. BSC : BSC stands for Base Station Controller. BSC has multip le BIS. we can consider th 

BSC as a local exchange of our area, which has multip le towers and multiple towers have BTS. 
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4. MSC: MSC stands fo r Mobi le Switching Center. M is a sociated with on'l municat i n 

switching functions such as call setup , call release and ro uting. Ca ll trac ing, ca ll fo rwa rding all 

functions are performed at the MSC level. MSC is havi ng further component li ke VLR, II LR, 

AUC, EIR and PSTN. 

• VLR: VLR stands for Visitor Location Register. VLR is a databa e, wh ich contains the 

exact location of all mobile subscribers current ly present in th ervicc arca of M . If 

we are going from one state to another state then our entry i marked into the da tabase 

ofVLR. 

• HLR: HLRstands for Home Location Register. HLR is a database containin g pe rtinent 

data regarding subscribers authorized to use a GSM netwo rk . I f some one purc hase 1M 

card from in the HLR. HLR is like a home, which contains all data like 10 proof, whi ch 

plan are taking, which caller tune are using etc. 

• OMC: OM C stands fo r Operation Maint nance Ccntre. OM monitor and ma intain the 

performance of each MS , B C and MSC within a G M system. 

• AUC: AUC stand s for Authentication Centre. AUC authenticates the mobil e sub criber 

that wants to connect in the network. 

• EIR: EIR stands for Equipment Identity Register. EIR is a database th at kee ps the 

record of all allowed or banned in the network. If we banned in the network them we 

. cannot enter the network, and we cannot make the cal ls. 

• PSTN: PSTN stands for Public Switched Telephone Netwo rk. PSTN co nnect with 

MSC. PSTN originally a network of fixed line analogue telephone systems. Now 

almost entirely digital in its core network and inc ludes mobile and other n twork as 

well as fixed telephones. The earlier landline pho nes which pl aces at our home are 

PSTN. 

2.1.2. 1 Application ofGSM 

Access control devices: Access control devices can communicate with servers and security staff 

'through SMS messaging. Complete log of transaction is available at the head-office Server 

instantly without any wiring involved and device can instantl y alert security personnel on their 

mobile phone in case of any problem. 
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Transaction terminals: EDC machines, POS termina l can use SMS mes aging to confirm 

transactions from central servers . The main benefit is that central server can bc anywhcr in the 

world. Today we need local servers in every city with multiple telephone linc . Wc can avc 

huge infrastructure costs as well as per transaction cost. 

Supply Chain Management: Today SCM require huge IT infrastructur with lea ed line , 

networking devices, data centre, workstations and still you have large downtimes and hi gh cost . 

We can do all this at a fraction of the cost with GSM M2M technology. A central se rvcr in our 

head office with GSM capabili ty is the answer, we can rece ive instant transaction data from all 

branch offices, warehouses and business associates with nil downtime and low co t. 

2.1 .3 Standardization Organizations in Mobile Techno logies 

The major standardization bodies that play an important role in definin g the spec ifi cati on fo r the 

mobile technology as discussed in Mishra, 2004 are [35] : 

ITU (International Telecomm unication Union): The ITU, with headquarter In eneva, 

Switzerland, is an international organization within the Uni ted Na tions, where global telecom 

networks and services are coordinated in governments and the private ector. The IT -T is one 

of the three sectors of ITU and produces the qual ity standards covering all the fi elds of 

telecommunications. 

ETSI (European Telecommunication Stand rd Institute): This body was primaril y 

responsible for the deve lopment of the specifications fo r the GSM. Owing to the technical and 

commercial success of the GSM, this body will also play an important role in the deve lopment of 

third-generation mobile systems. ETSI mainly develops the telecommunicati on standards 

throughout Europe and beyond. 

ARIB (Alliance of Radio Industries and Business): thi s body is predominant in the 

Australasian region and playing an important role in the deve lopment of third generati on mobile 

systems. ARIB basically serves as a standards developing organi zation for rad io technology. 

ANSI (American National Standards Institute) : A SI currently provides a fo rum fo r over 270 

ANSI-accredited standards deve lopers representing approximately 200 di stinct organi zation 111 
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the private and public sectors. This body has been responsibl e for the tandard dc elopm nt G I' 

the American networks. 

3GPP (Third Generation Partnership Project) : This body was created to maintain 0 crall 

control of the specification design and process D r thi rd-g neration network . The result of the 

3GPP work is a complete set of specifications that wi ll ma intain the globa l nature of the "G 

networks. 

2. 1A Evo lution of Mobile Network 

In the last few decades, Mobile Wirel ss Communication networks have experi enced a 

remarkable change. The mobile wireless Generation (G) generally refer to a change in the 

nature of the system, speed, technology, frequency, data capacity, latency etc. Each generati on 

have some standards, di ffere nt capacities, new te hniques and new featu res , which di fferenti ate 

it from the previous one . The first generation (l G) mobile wireless communi cati on netwo rl wa 

analog used for voice call s only. The second generation (2G) is a di gital technology and upports 

text messaging. The thi rd generation (3G) mobile technology provided hi gh r da ta tran mi ss ion 

rate, increased capacity and provide multim dia support. The fo urth generation (4 ) integrates 

3G with fixed internet to support wireless m bile internet, which is an evo lution to mobile 

technology and it overcome the limitations of 3G. It also increases the bandwidth and reduces the 

cost of resources. 5G stands for 5th Generation Mobile technology and is go ing to be a new 

revolution in mobile market which has cbrnged the means to use ce ll phones within very high 

bandwidth. User never experienced ever before such high va lue technology, which includes all 

type of advance features, and 5G te hnology will be most powerfuI and in huge demand in near 

future. 

Mobile network evolutions have been categorized into generations as shown in the foll owing 

Figure 2.2. we took most of the contents regarding to evo luti on of mobi le network. in the book 

titled "Fundamentals o/Cellular Network Planning and Optimization 2C/2.5C/3C ... Evofulion lo 

4G by Ajay R. Mishra" . 
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Fifth Generation 
(SG) - Future 

Fourth Generation (4G) 

Second Generation (2G) - Digital 

First Generation (lG) - Analog 

Figure 2.2, Evolution of mobile networks (Partially adop tedji"om [35J) 

2.1.4.1 First-generation (1 G) Network 

The first-generation mobile system started in the 1980s was based on analogue transmi ss ion 

techniques. At that time, there was no worldwide (or even Europe-wide) coordinati on [or the 

development of technical standards for the system. Nordic countries deployed ord ic Mobile 

Telephones or NMTs, while UK and Ireland went for Total Access Communicati on Sy tem or 

TAOS, and so on. Roaming was not possible and efficient use of the frequency pectrum was not 

there . 

10 technology is a very basic voice analog phone syst m using circuited switched technology Cor 

the transmission of radio signals. Al l voice calls get Frequency mod ul ated to hi ghcr frequency of 

150MHz transmitted with frequency division multiple access (FDMA) tec hnology in the 

frequency band of 824-894 MHz with channel capacity of 30 KHz, wh ich was based on a 

technology called advance mobile phone service (AMP ) or total access communication system 

[51] . 
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2.1.4.2 Second-generation (2G) Network 

In the mid-1980s, the European commission started a series of ac ti vities to liberali ze the 

communications sector, including mobile communications. Thi s resulted in the creat ion or ·T I, 

which inherited all the standardization activities in Europe. This saw the birth of the fir t 

specifications, and the network based on digital technology; it was called the Global y tem Cor 

Mobile Communication or GSM. Sin e the first networks appea red at the beginning or 199 1, 

GSM has gradually evolved to meet the requirements of data traffic and many more se rvice than 

the original networks. 

GSM and 2G Network: The Global Syst m for Mobi le Communicati ons i a standard 

developed by the European Telecommunications tandards Institute to describe the protocol s G r 

second-generation digital cell ular networks used by mobile dev ices such as mobile phone and 

tablets (Wikipedia). 

The main elements of thi s system are BS (Base Station Sub y tem), in which there are the BT ' 

(Base Transceiver Station) and BSC (Bas tation Controller) ; and the (Netwo rk 

Switching Subsystem), in which there is th MSC (Mobi le Switching Centre) ; VLR (Visi tor 

Location Register) ; HLR (Home Location Register); AC (Authentication entre), and EIR 

(Equipment Identity Register). This network is capable of providing all the basic services such as 

speech and data services up to 9.6 kbps, fax, etc. This GSM network also has an ex tension to the 

fixed telephony networks. 

GSM and VAS (Value Added Service ): The next advancement in the GSM system was the 

addition of two platforms, called Voice Mail System (VMS) and the Short Me sage Service 

Centre (SMSC). The SMSC proved to be incredibly commercially successful , so much so that in 

some networks the SMS traffic constitutes a major part of the total traffic. Along with the V AS, 

IN (Intelligent services) , also made its mark in the GSM system, with its advantage of giving the 

operators the chance to create a whole range of new services. Fraud management and 'pre-paid' 

services are the result of the IN service. 

GSM and ePRS (General Packet Radio Services): As the requirement for sending data on the 

air-interface increased, new elements such as SGSN (Serv ing GPRS) and GG (Gateway 
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GPRS) were added to the existing GSM system. These element made it possibl to end packct 

data on the air-interface. This part of the network handling the pack t data is al 0 ail ed the 

'packet core network'. In addition to the SGSN and GGSN, it also contain the IP router , 

firewall servers and DNS (domain name servers). This enables wireless acce to the Internet and 

the bit rate reaching to 150kbps in optimum conditions. 

GSM and EDGE (Enhanced Data rates in GSM Enviro nment): With b th vo ice and data 

traffic moving on the system, the need was felt to increase the data rate. This wa lone by using 

more sophisticated coding methods over the Internet and thus increa ing the data rate up to 384 

kbps. 

2.1.4.3 Third-generation (3G) Network 

In EDGE, high-volume movement of data was possible, but still th pac ket transfe r on the air 

interface behaves like a circuit switches call. Thus, part of thi packet connection cniciency i 

lost in the circuit switch environment. Moreover, the standard fo r developing the network were 

different for different parts of the worl . Hence, it was decided to have a network that provides 

services independent of the technology platform and whose network design tandard are ame 

globally. 

Thus , 3G was born. In Europe it was called UMTS (Universal Terrestrial Mobi le Sy tem), whi ch 

is ETSI-driven. IMT-2000 is the ITU-T name for the third-generation system, whi le cdma2000 is 

the name of the American 3G variant. WCDMA is the air-interface technology fo r the MT. 

The main components include BS (base station) or node B, RNC (radio network controll er) apart 

from WMSC (wide band CDMA mobile switching center) and SGS /GGS . Thi platform 

offers many Internet based services, along with video phoning, imaging, etc. 

2.1.4.4 Fourth-generati on (4G) Networks 

The fundamental reason for the transition to the All-IP is to have a common pl atfo rm for all the 

technologies that have been developed so far, and to harmoni ze with user expectations of the 

many services to be provided . The fu ndamental difference between the G MI3 G and All-IP is 

that the functionality of the RNC and BSC is now distr ibuted to the BTS and a set of servers and 
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gateways. This means that thi s network wi ll be less cxpensivc and data tran fc r will be much 

faster. 

4G offers a downloading speed of l OOMbps. 4G provide samc feature a 3 and additi nal 

services like Multi-Media Newspapers, to watch T. V progra m with morc clarity and cnd Data 

much faster than previous generations [3 ]. L TE (Long Tcrm Evolution) i considcrcd as 4G 

technology. 4G is being developed to accomm date the Qo and ratc requircmcnts ct by 

forthcoming applications like wireless broadband access, Multimedia Mcssagin g crvlce 

(MMS), video chat, mobile TV, HDTV content, Digital Video Broadca ting (DV8), minimal 

services like voice and data, and other servi es that utilize bandwidth [45]. 

The main features of 4G are : 

• Capable of provide 1 OM bps- l Gbps speed 

• High quality streaming video 

• Combination of Wi-Fi and Wi-Max 

• High security 

• Provide any kind of service at any time as per user requirements anywhere 

• Expanded multimedia servi es 

• Low cost per-bit 

• Battery uses is more 

• Hard to implement 

• Need complicated hardware 

• Expensive equipment required to implement next generation network 

2. 1A.5 Fifth-generation (5G) Networks 

The eventual goal of the forthcoming 50 wireless networking is to have relative ly fas t data 

speeds, incredibly low latency, and substantial ri ses in base station' s effi ciency and major 

changes in expected Quality of Service (QoS) fo r customers relati ve to the ex isti ng 4G L TE 

networks. In order to deal with state-of-the art technologies and connecti vit y in the fo rm of smart 

cell phones, internet of things (loT) devices, autonomous vehicles, virtual rea lity devices and 

S t h t"t the bl'oadband data use has ri sen at a fast rate. Further, to mce t the mar omes connec IVI y, . 
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latest applications, the bandwidth of the system need s to be incrca ed widcly I n In particul ar. 

the fifth generation (50) mobile network seeks to rcso lve thc shortcoming or prc iou 

telecommunication technologies and to be a possible primary enabler for futurc 10'1' app li ca ti n 

[37]. 

2.1.5 Quality of Service in GSM Mobile Services 

lTU defines Quality of Service as "the col ect' ve ffect of servicc perfo rmancc whi ch d tcrminc 

the degree of satisfaction of the u er of the service". In OSM cellular network qua lity o f' cr ICC 

described as the capabil ity of the cellular service providers to prov ide a sa ti factory crvlcc 

which includes voice quali ty, signal strength, low c Il block ing and dropping probability, hi gh 

data rates for multimedia and data ppli ati ns et ·. This scrvice is articulatcd ba cd n the 

expected parameters value relativ to user gained calculated over time paramcter va luc II I· 

Why Quality of Service'? 

The use of Cellular Mobile devices has become an important factor in hUlTl an life a Lh cy are 

becoming more and more human companions. Massive use of mobile internet on s eial mcdia, 

video streaming and other protocol applications is attracting everyone to have a mobilc ph ne. 

Mobile phones use SIM cards, which are the main chip, provided by Mobil e etwo rk Operators 

to access different network service . Ensuring and anti cipating user 's Quality of crvice nccds. is 

the factor that draw the line between service providers and their competi ti ons l29 1· 

The quality of a service is a great separator in the Mobile business market. Today mobile users 

are switching from one operator to the other due to poor services complaining about poor 

internet speed, because of Quali ty of ervice is not looked at efficiently [29]. 

2. 1.5 .1 Quality of Service Parameters 

All GSM operators use quality of service parameters to judge their network perfo rmance and 

evaluate the Quality of Service regarding end user perspective [1]. The fo ll owing two table 

(table 2.1 and table 2.2) shows the standards of KPls set by ethiote lecom and Ethiopian 

communication authority respectively. 
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No. Quality of Service Parameters Target/Set standards 

Call Setup Success Rate > 98% 

2 Dropped Call Rate <2% 

3 Handover Success Rate >95% 

4 Blocked Call Rate <2% 

5 SDCCH Blocking Rate < 0.5% 

6 TCH Blocking Rate < 5% 

Table 2.1 GSM Mobile Service Set· tandards Of Ethio tefecom [ IJ 

No. Quality of Servi e Parameter Ta rget/Set standards 

2 

3 

Call Setup Success Rate 

Dropped Call Rate 

Handover Success Rate 

> 95% 

<2% 

>96% 

Table 2.2 GSM mobile service set standards of Ethiopian Communicalion IJ ulhorily L 12J 

2.2 Overview of Machine learning 

The paradigm of machine learning and artificial intelligence has pervaded our eve ryday li fe in 

such a way that it is no longer an area for esoteric academics and sci enti sts putting their effort to 

solve a challenging research problem. The volution is quite natural rather than accidental. With 

the exponential growth in processing speed and with the emergence of smarter algorithms for 

solving complex and challenging problems, organizations have found it possible to harness a 

humongous volume of data in realizing solutions that have fa r-reaching business va lues r49]. 

Machine learning is an appl ication of AI that provides systems the ability to learn and improve 

automatically from experience without being explicitly programed . Which are used for future 

predictions (based on past data or Big Data) and identifying (di scovering) patterns in data. 

Machine learning is itself a type of artificial intelligence that allows software application to 

become more accurate in predicting outcomes without being explicitly programmed [47]. 
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Machine learning deals with algorithms that give computer the ability to lea rn , in Il1 U h the 

same way as humans. This means that given a set of data, an algorithm infer in~ rmati on ab ut 

the properties of the data, allowing it to make prediction about other· data it ma c in the 

future. The focus of machine learning is the design of algo ri thm that recogni z pa tt rn and 

make decisions based on input data. Machine learning has found u e In area li ke 

biotechnology, fraud detection, wireless networks, stock market anal ys is and nati onal ecurit y 

[17]. 

2.2.1 Machine Learning Algorithms 

Machine learning uses programmed algorithms that r ceive and anal y e input data to pred ict 

output values within an acceptable range. As new data is fed to these algorithm , they I arn and 

optimize their operations to improve performance, develop ing' intelli gence' over [inlC. 

The categories of Machine Learning T hniques are mainly di vided into four c'lLcg ri es : 

Supervised learning, unsupervi ed learning, Semi-supervised lea rning, and Reinforcement 

learning [48]. 

2.2 .1 .1 Supervised learning 

In the supervised learning category of machine learning, the algo rithms operates in uch a way 

that it will develop a mathematical model of the data which compri ses the inputs (data ent to a 

computer system) and the expected outputs (proce sed information sent out from a computer) 

[14] . In supervised learning, the machin is taught by example. The operator prov ides the 

machine-learning algorithm with a known dataset that includes desired inputs and output , and 

the algorithm must find a method to determine how to arrive at those inputs and outputs. 

Supervised learning Algorithms 

According to JET Akinsola [52], the supervised machine learning algo rithms whi ch dea ls more 

with classification includes the following: Linear Classifiers, Logistic Regres ion, a'lve Baye 

Classifier, Perceptron, Support Vector Machine; Quadratic Class ifiers, K-nearest neighbor, 

Boosting, Decision Tree, Random Forest (RF) ; Neural networks, Bayesian etwork and 0 on. 

19 



One standard formulation of the supervised learning task i the cia i(i ca ti n PI' bl m: Thc 

learner is required to learn (to approximate the behav ior of) a [unction which map a v ctor int 

one of several classes by looking at several input output examples of the [uncti on. Inducti ve 

machine learning is the process of learning a s t of rules [rom instances (xampl in a training 

set), or more generally speaking, creating a classifier that can be used to gencrali ze [ I' m new 

instances. Some supervised learning algorithms are discussed be low. 

Decision Trees 

A decision tree is a non-parametric sup rvised learning algo rithm, which i. utili zed G I' both 

classification and regression tasks. t h s a hierarchical, tree tructure, which c nits r a root 

node, branches, internal nodes and leaf nodes. 

A decision tree is a cl assifier expresse as a recursIve partition of' the in tance sp'lce. The 

decision tree consists of nodes that form a rooted tree, meani ng it is a directed tree with a n de 

called "root" that has no incoming edges. All 0 her nodes have exactl y one incoming edge. A 

node with outgoing edges is called an internal or test n de. All other nodes are ca ll ed leave (a lso 

known as terminal or dec ision nod s) . In a decision ree, each internal node splits the in tance 

space into two or more sub-spaces accordin to a ertain disc rete functi on of the input attribute 

values. In the simplest and most frequent case, each test conside rs a single attribute, such that the 

instance space is partitioned accordi g to the attribute' val ue. In the case of num eri c attribut s, 

the condition refers to a range. Types of DecisiOl Tre s popular deci sion tree algorithms, uch a th e 

following. 

ID3: ID3 algorithm is considered as a very simple decision tree algo rithm (Qu inl an, 1986) . ID3 

uses info rmation gain as sp litting criteria. The growing stop when all in stance belong to a 

single value of target feature or when best information gain is not grea ter than zc ro. 11)3 docs not 

apply any pruning procedures nor does it handle numeric attributes or mi sing va lues. 

C4.5: C4,5 is an evolution of ID3 , presented by the same author (Qui nl an, 1993). It uses ga in 

ratio as splitting criteria. The splitting ceases when the number of instances to be plit i below a 

certain threshold. Error- based pruning is performed after the growing pha e. C4.S can hand le 
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numeric attributes. It can induce from a traini ng set that incorporate ml In ) va lu b u Ing 

corrected gain ratio criteria. 

CART: CART stands fo r Classification and Regre sion Trees (Breiman et ai. , 1984). It i 

characterized by the fact that it constructs binary trees, namely each internal n de ha exactl 

two outgoing edges. The splits are selected using the towing criteria and the ob tai ned tree i 

pruned by cost- complexity Pruning. When provide , CART can consider mi sc la ilicati n costs 

in the tree induction. It also enables user to provide prior probability di stributi on. An im po rtan t 

feature of CART is its ability to generate regression tre s. Regre sion trees are tree wh re their 

leaves predict a real number and not a clas . In case of regre ion, ART looks fo r plit that 

minimize the prediction squared error (the I ast-squ red deviati on). The pred icti on in ach leaf' 

is based on the weighted mean for node. 

Logistic Regression 

This algorithm is suited for binary assifica ions. Logistic regress ion aigorithIT1 ca lcul ate the 

class membership probability for one of the two cat gories in a dataset. It i be t suit d fo r da ta 

clearly separated by a single, linear boundary (Dreiseitl and Ohno-Machado, 2002; mo la and 

Vishwanathan, 2008) 

Support Vector l\1ach ines 

The algorithm airris at classifying data by finding lin ar decision boundary (ca ll ed hyperp lane) 

which separates the data classes. The algorithm a' m at fi nding the hyperplane that has the 

largest margin between two classes. For nonl in ar situations, the al gorithm considers a loss 

function that penalizes the points on the wrong side of the hyperplane. Sometime thi s algorithm 

uses a kernel to transform nonl inearly separable data into higher dimension where a linear 

decision boundary can be found . The SVM is suitable for binary data, but also discrete data can 

be used as input. High di mensional data can be managed easil y. The algor ithm perfo rmance 

decreases in presence of noise (Kotsiantis et al. ,2007); 

K-Nearest Neighbor 
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This algorithm categorizes an object depending on the cla ses of the nea re t neighbour in the 

dataset. Consequently, the algorithm assumes that objects that are close to each othe r arc imilar. 

The algorithm can be trained using di fferent di stance metrics (e.g. 'uclidean , he by hev, etc.). 

The algorithm can work with binary and discrete variables, but it performance is tr ngl 

affected by the data size and the presence of outliers and noi e (Kotsiantis et al. , 2007) . 

Neural Network 

This algorithm consists of a set of simple, interconnected computation units ca ll ed neur n , 

organized into layers with di fferent roles called input, output and hidden layer, re pectively. The 

number of hidden layers depends upon th model complexity. The neuron are connected via 

weighted links, and the way the neurons ar onnected defi nes different types f eura l 

Network. A Neural Network is trained iteratively to fi nd the right weight fe r link . It be t fit 

the modeling of highl y nonl inear systems, when data arc avai lable incrementall y and there is a 

constant need to update the model. Neural Networks algorithm can deal with noi se and out l iers 

in the dataset (S ingh et al. , 20 16). 

Advantages and Disadvantages of Supervised learning 

The foremost advantage of Supervised Learning is that all elas es or ana log outputs manipu lated 

by the algorithm of this paradigm are meaningful to humans. Moreover, it can be easi Iy used for 

discriminative pattern classification, and for data regression. However, it also ha several 

disadvantages. The first one is caused by the diffiulty of collecting supervision or label. When 

there is a huge volume of input data, it is prohibitively expensive, if not imposs ible, to labe l all 

of them. For example, it is not a trivial task to label a huge set of images fo r image classi Rcation. 

Second, as not everything in the real world has a distinctive labe l, there are uncertai nti es and 

ambiguities in the supervision or labels . For example, the margi n for separat ing the two concept 

of "Success" and "Fail" is not distinct. These difficulties may limit the app li cations of the 

Supervised Learning paradigm in some scenarios. To overcome these limi tation in practice, 

other learning paradigms, such as Unsupervised Learning, Semi supervi ed Learning, 

Reinforcement Learning, Active Learning, or some mixed learning approaches can be considered 

[55]. 
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Appl ications 

Supervised Learning enables a machine to learn the human behavior or objcct behav ior in ce rt ain 

tasks. The machine to perform similar actions on th se tasks can then u e the learn ed kn wledge. 

Since the computing machinery may perform some input-output mappings much fa ter and more 

persistent than the human, machines equipped with a good supervised learner can pe rform 

certain tasks much faster and accurat than th human. On the oth r hand, because 0 f the 

limitation in hardware, software , and algorithm designs, xisti ng Supervi ed Lea rni ng alg ri lhm 

still calmot match human is learning abil'ty on man complicated tasks. 

Supervised Learning have been su cessfully used in areas such as In fo rmati on Retri eva l, 

machine learning, Data Mining, Computer Vision, Speech Recogniti on, pam Detecti on, 

Bioinformatics, Cheminformatics, Market Analysis etc. (Wiki pedia, 20 10). 

2.2. 1.2 Unsupervi sed Learning Algorithms 

Unsupervised learning algorithms operate in such way that it takes se t of data and detect the 

patterns in it for grouping or clustering purpose. Unsupervised learning algorithms ide nti fy 

resemblance in the data and react based on the pre nce or absence of such identity in each new 

piece of data. The algorithms learn from t st data that i not labeled, classified, or categori zed. 

Unsupervised learning analyzes unlabeled datasets without the need fo r hum an interfe rence, i.e ., 

a data driven process [48]. The main purpose of these algorithms is to find the common patterns 

in previously unseen data. Clustering is the most popular form of unsupervised learni ng. 

2.2.1.2.1 Advantages and Disadvantages Unsuperv ised Learning 

There are some reasons why we sometimes choose unsupervised learning in place of supervised 

learning. Here are some of the advantages: It does not requ ire a training data to be labeled. The 

automatic labeling of the training data set saving the time spent in hand cia i fi cati on and 

Classification task is fast. This type of learning is similar to human intelligence in ome \Nay a 

the model learns slowly and then calculates the resul t. 
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The cons of unsupervised learning algorithm al·e.· l"hcI'e al'e n noti on f thc utput al n J th' 

learning process. It does not all ow estimating or mapp ing the rc ult or a n w ami I . R : ult 

vary considerably in the presence of outliers. It only performs cia ificati n ta k a 

time-consuming process. The learning phase of the algo rithm mi ght takc a I t f timc, a it 

analyses and calculates all possibilities . For some projects invo lving li ve data, it mi ght rcquirc 

continuous feeding of data to the model , which will result in both inaccurate and timc- n umln g 

results . 

Application: The applications for thi learning are quite limi ted. Howcvcr, thc fo il wIng arc 

the ones, which are widely popular. It is mainly u eful in fraud detcction in crcd it ca rd cCu l 

for genome analysing and so on. 

2.2 .1.3 Semi-Supervised learni ng 

As the name indicates, these algorithms combine labe led and unl abeled lat'l to generate an 

appropriate mapping func tion or classifier. Artifi cial neural networks arc ex trcmcly popul ar in 

the field of prediction in wir les networks. The other technique like dccision trc ' '1l1e! 

unsupervised learning are used much lesser. Experiments prove that u ing a combinati n or 

techniques instead of a single one provides the b st result [17]. 

The semi-supervised learning is ituat d between unsupervi ed learn ing (with no labe lcd training 

data) and supervised learning (with labeled training data. It is a hybrid form of mach in learning 

techniques because it operates on labeled nd unlabeled data, which brings a better accuracy. Th ' 

major aim of unsupervised learning is to give great outcomes for prediction than the one done 

with labeled data. The application areas of semi-superv i ed I arning are text cia sifi ca ti on. fraud 

detection, machine translation, etc. [48]. 

2.2. 1.4 Reinforcement learning 

Reinforcement learning is used in operation research , game theory, informati on theory, wa rm­

intelligence, and genetic algorithms, etc. The learning uses the reward or penalty ys tem, and the 

primary goal is to use leading obtained from environmental parameters to va lidatc the re ard or 

to minimize the risk involved. The algorithms are used in autonomou vehicle or in learning to 

playa game against a human opponent, it is an effecti ve too l in training A I model for incrca e 
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automation which is used 111 robotic t d s, au onomous riving tasks, manufa turin g. an I UI pi 

chain logistics [48]. 

2.2.2 Applications of ML in Telecommunication 

Automating the optimization and management of wi reless mob il e network ha th rJOtenti 'l l t 

significantly reduce the operational costs for network operators, as well a to im prov thc 1u,t1it 

of user experience. Currently, much of network management involve human interac ti n ranging 

from conducting drive tests in order to evaluate the network cov rage and perl' rmancc t.o 

diagnosing customer complaints. We argue that machine-learning techniques can as i t in the 'e 

tasks by reducing the need for drive te ts, and I Iping to predict and diagno 'netw rk fa ilure 

even before they noticeabl y degrade the quarty of ervi ce of the network u er 11 41· 

Performance evaluation of mobile network can be succeedi ng via drive-te. t m asur'ment 

systems as well as via network monitorin b syst ms. Live mcasuremcnts data ar' u 'u'lil y 

imported, stored and post-processed by databa ,management ys tem 115J. Quality ana lysi ' is 

proposed to be performed using machine learning m thods. 

Machine learning has proven to be the next dis 'uptive foree that every business n ed and the 

telecommunication industry is not getting left behind. Te lco ' s are at the forel'ronl a I' th tcch 

revolution and digital transforma ion to widen their services while improv ing con umcr 

quality. In a world where consum rs increasingly demand top-quality products and ervice, 

communication service providers turn 0 artificial intelligence and machine learning to help the 

companies deliver and ful fill their ustomers ' expectations. Here are some application area of 

machines learning in the telecom sector (Ronald Jaime, 2022): 

2.2.2.1 Customer Service and Operational Support 

Customer support has always been the Achilles of telecom companies. Co mpanics often n,ake it 

difficult for users to access customer support platforms like online chat, phone numbers. and 

contact forms to reduce user complaints. If the customer is lucky and connect with a cust mer 

care representative, they don ' t get the answers or as istance they seek. u tomcr upport 

challenges start with having a limited number of people operating the phon and hat 

compared to the influx of customer complaints and requirements. 
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Using machine learning-based chat bots, telcos can compr hen ively so lve thi ri al pI' bl m. 

Chat bots are available 2417 and can help customers quickly access the inf rmati n th req uire 

using a ticketing system. NLP-based chat bots can take cu tomer ervice fUl1her by int rpreting 

the meaning behind the customer' s words. For example, u ing the cu tomer ' tone and v rd 

choice, the bot can determine if the customer is frustrated or angry. Modern chat b t ca n al 

use machine learning algorithms and NLP to analyze historical information, netw rking I gs, 

server ticketing data, and real-time customer input to del iver an amazing cu tomer expc ri ence by 

effectively solving the customer's problems. Chat bots can also pl ay a r Ie in on- ite 

maintenance, reducing the need for technical visits whi le cutting back on busine co t . 

2.2.2.2 Network Automation and Optimization 

Modern communication networks are complicated and challenging to manage. The d ploymcnt 

of ML technologies and others like SDN can help operators leverage advance I automati on in 

their network operations to optimize network archite ture and improve management and control. 

ML systems can predict and identify possible n twork-related i ues and app ly (i xe that 

optimize reliability using the net ork and device data. AI, NLP, and ML can u e va riou da ta 

parameters collected from the customer and their devices like requests, complaints, and service 

logs and analyze them to help telecoms uncov r trends and performance i sues in different 

demographics, time zones, devices, and locations. 

2.2.2.3 Predictive Maintenance 

Predictive maintenance IS another op area where machine learning cou ld help 

telecommunications companies improves service quality and reli abi lity. Us ing s phi ticated 

algorithms and machine learning ability, the companies can fo recast future results by building 

historical data. ML systems can then use various data-driven techniques to monitor the cu rrent 

equipment condition and predict possible failure based on previous patterns. s1l1g th i 

information, telecoms can proactively fix various issues, includ ing data centcr er ice , ccll 

devices, and even devices placed in their customers ' homes. 
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Telecoms can use AI and machine learning to use these capabilitie acr hard r , I Lid , 

m I' \ ith open-source frameworks , and neural networks. Ultimately, that mean pro viding 

a more reliable and stable network that guarantees improved cu tom r p l'I enc and 

retention. As machine learning and AI develops in the telecom sector, their app li alion and 

benefits will broaden. 

2.2.3 ML and Quality of Service use cases 

Machine learning use cases in tele m have shown great potentia l in a si ting with '111 maly 

detection, root cause analysi s, managed services, and network optimization. Il ow er, 1 wo rk 

effectively, they require specific computational, pip lin and support infra tructure 1 71· 

In the area of system monitoring, anomaly detection systems are crucial I' I' id nti [. i ng 

performance issues and problematic network behavior. Proactive ly predicting the c\egndati on or 
key performance indicators, and identifying the likely root cause, can help re I Lice and prevent 

outages. In the area of managed services, ML models can improve trouble ti cket managem nl 

by effectively classifying, prioritizing, and escalating incidents. Capacity planning and CLI t mer 

retention can be improved through explainable churn prediction. Furthermore, in the area I' 

intelligent networks, the incorporation ofML tools can enable se lr-healing radio netwo rk s, whi ch 

automatically detect issues and take corrective actions [75]. 

2.3 Related Works 

With the aim of searching for literature to understand the background of QoS or M network, 

the researcher attempted to retrieve a group of articles . The search parameter and ynonym that 

were used to logicall y guide the search engines included GSM network, 2G, Telecommunication 

and machine learning, cellular mobile communication, Drive test and so on. The re ea rcher also 

identified literatures that are related to QoS of GSM network . The artic les were arched in 

Google, Google Scholar, Research gate, IEEE etc. using keywords li sted in the fo ll owing Table 

2.3. 
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Keywords Used for Searching Related Works 

Telecommunications 

Global system for mobile communications/ G M 

Evol uti on of mobile network 

Qual ity of service of 2G network 

Quality of service of network voice netwo rk 

Application of Machine learning 

Machine learning for wireJess communication 

Drive test 

KPls for Determining 0 0 of GSM network 

Table 2.3, Key words/or searching related works 

Numerous telecommunications related works are using machi ne-learning technique in order to 

raise the quality and efficiency of telecomm service. However, the contribution of loca l 

researches on ML is not enough. A number of res arches and arti cle publi hed in 

telecommunication service literature shown in the analysis of these serv ice related v rk . Il cre 

are some of them, which reviewed along those lines . 

2.3 .1 Local related research works 

Muluken Tigabu [1] , has conducted a research on how to bui ld a predictive model u ing DM 

techniques to determine the occurrence of BTS failure fo r ethioteleco l11 N rlh We t R gi n 
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Gondar branch, which helps to optimi ze quality of Ser\II'Ce 1)I'ob l m ' In th 'Ir 'a, ' I h I rimaI') 

source of his data is ethiotelecom North West Region ndar Braneh 13 ' databa ' I'r )m 

September 2013 - August 20 14 a total of 17,560 record befo rc prcpr 

identifies the ongoing network problem and provide timely luti n r r th i tin I qu lit r 
service problems in the area, 

The research used and followed the six steps CRI P-DM mcthodol gy t in e, ti ga te th ' , ta t I 

problem. J48 , PART and SMO algorithms were implemented in W ·K/\ ", . ,'I' t ui ld an I 

compare classifier models. Finally, a model developed with .1 -48 clas ifi er wa taken ' IS th ' lina l 

best working classification model 

Lulu Deyu [2] , addressed the applicabili y of data mining t chn iques t analyi'. th ' mob il 

telecommunication network QoS ba ed on the selected KP1, he tri ed to an'I1 i'. ' th S I' I' 

mobile telecommunications network applying diffe rent data mi ning tcchniquc usin ) the 1"1 ' ant 

KPI data extracted from the ethiotel com n twork managcmcnt ys tel11 , n her 'tll I , '\ S'1111 , I 

data indicating QoS KPIs has been taken from the live netwo rk of ethi otclccom, 

Strictly, following the KDD proces, he onducted experi me nt u ing the W'ka I en ur' 

data-mining tool. The classification model built on MLP has the best acc uracy rcla ti to a 'I" c 

Bayes classification algorithm. 

Zenebe Kassaw [3], built radio coverage map for the purpo e of UMT n two rk coverage 

prediction and hole detection using spa ial interpolation techniques uch a lOW and K 

methods, using georeferenced R CP measurement data collected from dri ve te t and n t ork 

topology information taken from thiotelecon Addis Ababa, ~ thiopia, According to Zcncb , thc 

cellular coverage estimation performed through drive test traditionall y. hi ch con i t of 

geographically measuring different network coverage metric with a motor hi cl 'qui l ped 

with mobile radio measurement facilities, 

The collected coverage measurements through drive test are accurate but limi tcd t r ad and 

other regions accessible by motor vehicles. Drive tests cannot be conduct d in th v h Ie r gl n 

of the network due to many obstacles such as buildings, lake , and egetat i n, Ther f r . th 

drive test is quite inefficient means to solve the coverage problems and cannot ff I' a mpl te 
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and reliable picture of the network situation. In his study , ex perimental anal i \ a I ' I' rm 'd 

on a sample data collected from drive test UMTS netwo rk in ddi Ababa [ thi pi a. T 

interpolation methods were employed with different param tel'S. The fir t mcth d i I D i th 

various powers and number of neighbors and the second method is OK with au ian, ph ri al 

and Exponential semivariogram models with different number of nei ghbor 131. 

Yared Alibo Ayiza [4] , designed a predictive model that can determine mobile ca ll dr f'1' 111 

ethiotelecom mobile network data. According to Yared, Mobile call drop is the main problem f' 

all telecom operators. He selected around 20,000 records of one year and six m nth c lI ect i n 

of Fault Management data. After eliminating irrelevant and unnecessa ry data, a total f' 169 

datasets with 8 attributes are used for the purpose of conducting hi study. 

The study follows experimental resea ·ch. In order to apply this experimental re ea rch, h ' us 'd 

the six-step process of Hybrid Mod 1. J48 decision tree algorithm with 10-fo ld cro. s ali lati n 

registered better performance and processing speed of95.43% and 0.06 sec re pec ti ve ly. 

Teweldebrhan Mezgebo [6], present performance comparison and impl ementation r machine 

learning algorithms for automati d t ction of anomaly cel ls fo r Addis Ababa LTE (4 ) 

network. KNN based anomaly dete fon algorithms such as K N cia sification. 10 al outli r 

factor (LOF) and connectivity outlier factor (COF) anomaly detection models i impl em nted , 

and their comparative evaluation ar made for Addis Ababa LTE ce ll s. 

The methodology adopted by the research is experimental research. According to Tewc ldcbrhan , 

Experimentation results show that COF provides slightly better performance than the other 

models with negligible performance difference. 

Addisu Shiferaw Fite [8] , On his paper tries to evaluate the performance of two machine learn ing 

algorithms; Multivariate Linear Regression (MLR) and uppo rt Vector Regresion ( VR in 

predicting video streaming perceived quality by end-users through the already measured vid 0 

IFs, in Long-Term Evolution (L TE or 40) for Addis Ababa scenario . 

The methodology adopted by the researcher is also experimental research . From the re ult , the 

h h· h correlat ion and low M C bet" e n the 
proposed video streaming QoE model sows a Ig 
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measured and the predicted QoE. The spatial di stribution and den it of the 

presented with the help of the preferred model. 

2.3.2 Abroad related works 

Charalampos N. Pitas, Konstantina E Chourdaki, Athana io Panago pou I 

tim al d I:. 

and Phi Iii 

Constantinou [9] , Present data mining methods for speech and video qualit anal i and 

prediction for GSM and UMTS mobile communication network. Quality or spe ch and id 

telephony services is proved that can be discovered applying algorithm like th In aI" t 

neighbor classifier, decision trees and artificial neural network. The method 10) the a I lt d 

is experimental and their results suggest that, learning from Qo mea urement i uit'lb l r r 

building evaluation and predictiol mo els. 

Hassan Abdulkareem, Abdouli Momodou Sunkary T ekanyi, !\b lulj'li al Yusll' l I 

Kassim and Ziyaulhaq Muhammad Zakariyya [10] Tries to a ess the Qo r MT 

network in four geographical areas of Kaduna State (Kaduna outh , Kad una orth , I:ari a and 

Kafanehan), Nigeria. The data collate from the management center or MTN n twork W ' I u e I 

for the evaluation of the measured KPI parameters using the data management to I. 

According to them, the result of res arch paper was compared with tho e peci fi ed by the 

Nigerian Communications Commission (NCC). The quality of service of the KPI re ult for in 

the four locations during the three months' period of January, February, and March, 2016 

showed considerable good performanc by the MTN network in all the locati on in tcrms of call 

drop rate because they all performed well within the benchmark. 

Janne Riihijarvi and Petri Mahonen [14] Discusses the application of machine lea rni ng 

techniques for performance prediction problems in wireless networks . These problem often 

involve using existing measurement data to predict network performance where dir ct 

measurements are not available. They explore the performance of ex isting machine learnin g 

algorithms for these problems and propose a simple taxonomy of main problem categorie . 

As an example, they use an extensive real-world drive test data set to sh v that cIa ical 

machine learning methods such as Gaussian process regression, ex ponential moothing f tim 

series and random forests can yield excellent prediction results. Applyin g the e m th d t the 
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management of wireless mobile networks has the potential t signifi cantl y I" du ' 'rati nal 
costs while simultaneously improving user ex perience. 

Kabir Kadiri and Oluwaseun Samuel LawaI [16] Evaluate voice quality of G ur I ba l , st 'm 

for Mobile (GSM) Communication providers in five elected citi es in K ara ta t ' \ ith 

thoughtfulness of network performance evaluation and the quality or ervice ) impr v'm nt 

of GSM network system. Three assessment components/parameter whi ch al' rk 

accessibility, service retainabi lity and connection quali ty for eva lua ting Qo rk 

were mainly adopted. The parameters were app lied on fo ur G M netwo rk in th ' tu Ii ' I ar 'as 

using customers ' complaints method. In addit ion, a standard mcthod known a P I' ' L:p t ua I 

Evaluation of Speech Quality PE Q) (International Te lecol11mun i "Iti n 11 \ 11 -

Telecommunication Standard ization ector) ITU -T standa rd P.8 62, used fer m 'C1suri n ) c'll1 v li . , 

quality and Mean Opinion Score (MOS) is adopted. The two methods w re th ' I' ' ('ll" ( m\1 'lr ' I 

to assess call voice quality of the four G M networks. 

The Key Perfomlance Indicators (KPls) on which the G M networks were te t 'd includ' all 

set-up success rates (CSSR), call drop rate (CDR), call completi on ucce rat R). 

handover success rates (HSR) and traffic channel conge tion rate (TCI II ). 

The result of the study shows that the Quality of Service of G M system in thc cle ·tcd cities is 

unreliable. The study also shows that th GSM network accessibility and retaimbility in th 

country are unsatisfactory. However, the c 11 voice qual ity was observed to be on the peak in 

these cities across the four network pr viders . At the end of thi s manu cript, ugge ti n arc 

given by them on how to advance both the Quality of Service and the pos iti ve impact r M 

network in the selected areas and the country as a whole. 

Jide Julius Popoola and Adewale Enoch A reo [20] Deve loped au tomatic QoS pred i ti on mod ' I 

thus suggested as a better replacement for the current manual method based on it ac urac and 

non-human involvement in predicting QoS of GSM network being inves ti gated. Ac rding t .J ide 

and Adewale, Comparison of some key performance indicators with standard thre h Id alue 

has been a major approach for determining QoS of Global System for Mobile mmun l ati n 

(GSM) in Nigeria. This comparative approach, which usuall y in vo lve human in Iv t11 nt, 

prone to error. 
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Thus, an automatic artificial neural network (A N) predictive Q m dcl 

study and presented in the paper. In carrying out the tud y fl v k y 

(KPls) data were collected from the GSM operator u cd. Th c II ct cI KPI 

used to develop a mathematical model that was transformed int the PI' I 

param 't 'I': \\ ' I' 

predicted model using ANN. The developed QoS prediction m d I, hen luat I \\ as r Lind l( 

be accurate and could perform favorably well when compared with the manual al prc a 'h b 'in ) 

used by the Nigerian Communications Commission, 

Rajesh Ganesan, B. Vinayagasundaram and X. Mercilin Raajin [221 Tri es to a ' hi 

GSM Network by Efficient Anomaly Mi tigation and Data Prcdi tion M d I. n lh' P'll 1' , th ' 

Call Detail Record (CDR) of the real-time data set is ana lyzed t find th tranic inl 'IlS' 1" ,i ( n 

over a spann111g area. 

The researcher adopted experimental research approach fo r hi re earch wo rk . In the stu I . lh 

anomalies in the GSM network spread ov r an area are analyzed. Ef'fIcient band idth all ) 'a li 11 

results in the organized load balan ing in the network which n a prolonge I ti m fral11 , \ ill 

improve the Quality of Service (QoS) in th network. 

Anna Corazza, Francesco Isgro and Roberto Prevete [24J De cribe a pI' liminal' . lud In 

predicting failures in a mobile phones networks based on the analys i I' real da la. rid g ' 

regression classifier has been adopted as machine learning engine, 'md interestin g an I I romi In ' 

conclusion were drawn from the exp rim ntal data. 

In the paper, they described a possible strategy to tackle a problem of alarm pI' di ti n in a 

domain where time series of features are avai lable. The alarm prediction ha b en dcl'in d a a 

classification problem that was solved by ridge regression. From the ex perimental rc ult . the 

researchers conclude that geographical locali zation is important for the performan e and th 'lt il i ' 

only possible to preview alarms occurring in a few hours. 

Pasi Lehtim"aki [25] Uses of measurement info rmation in selecti on of mo t u ful ptimiz.3ti n 

action have been studied. In order to obtain good network performance ef'flci ntl . lh ' , p t d 

r . . ' t' mu t be po ible t evaluat . In th lh '. i . . 
perlormance of the alternative optImIzatIOn ac Ions 

h 
. . d [' cati on domain model ar Pl' · nl d in 

met ods to combine measurement 111format l011 an app 1 
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order to build predictive regression models that can be us d to elect the optimi za ti n 

providing the best network performance. 

In the study, expert-based methods have been presented fo r thc monit ring and an I r 
multivariate cellular network performance data. These methods allow the anal I' 

performance bottlenecks having an effect in mUltiple perfo rmance indicator . In additi n, 

methods for more advanced failure diagnosis have been presented aiming in identifi ca ti n r th 

causes of the performance bottlenecks. The use of measurement information in 

useful optimization action has been studied. According to [25], In order to obta in J 

performance efficiently, the expected performance of the alternative optimi za ti on a ti ns mu, t 

be possible to evaluate. In the study, methods to combine measurement in C rl11 tl ti n and 

application domain models are presented in order to build pred ictive rcgre i n 111 d L that " 1I1 

be used to select the optimization actions providing the best netwo rk perform'm e. 

Segun r. Popoola, Aderemi A. Atayero, Nasir Faruk b and Joke J\.. Badejo 1281 In the pap 1' , th 

Key Performance Indicators (KPls) for Quality of Service (Qo ) of Global y t 111 r I' Mobi l ' 

Communications (GSM) networks in Nigeria are provided and analyzed. The data pro id d in 

this study contain the Call Setup uc ess Rate (CSSR), Drop all Rate (0 R), tand -a l n ' 

Dedicated Channel (SDCCH) conge"'tion, and Traffic Channel (TC H) congesti on ~ r thc fo ur 

GSM network operators in Nigeria (Airtel, Etisalat, Glo, and MTN) . These comprchcn ive data 

were obtained from the Nigerian Communi ations Commission (NCC). 

On the paper, significant differences in each of the KPls for the fo ur quarter of each yea r were 

presented based on Analysis ofYariance (ANOYA) . The values of the KPls were pi tted aga in t 

the months of the year for better visualization and understanding of data trends acr s the four 

quarters, Multiple comparisons of the mean-quarterly differences of the KPI 

presented using Tukey's Post Hoc test. 

wcre also 

Muwawa Jean Nestor Dahj [29] The study focuses on the application models of Data Mining and 

M h
· . ' k ffi . the ob jecti ve to arm M bile t\ ork 

ac me Learnmg covenng cellular networ tra IC, 111 J 

. D ' d b crib r ) The 
Operators with full view of performance branches (ServiCes, eVlce, an u . 

' . . .' ' t d t ct service and subscriber pattcrn beha i r. 
purpose IS to optImize and mU111111ze the tune 0 e e 

D
. . ' I ,'tJ J ave been appli ed on rcal c Iluhr 
Ifferent data mining techniques and predictive a g0 11 lms 1 
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network datasets to uncover different data usage pattern u tng pc i fi 

Indicators (KPIs) and Key Quali ty Indicators (KQI). 

P rf rman " 

Prediction algorithms and models including Classifica tion Tree, Rand m I· r . t, 'u ral 

Networks and gradient boosting have been used with an exp lorato ry Data Anal i. , d 't rl11 inin I 

relationship between predicting variables. The data is segmented in to two, a traini n J • ,t t ) tr(l in 

the model and a testing set to test the mode1. The evaluation of the best pe r~ rm in J 111 d I i. 

based on the prediction accuracy, sensitivity, specificity and the 

With increase in Smart phone adoption, access to mobile intern 

streaming, interactive chats require a certain service level to en ure cu t mcr 

result, an SQM framework is develop by the researcher, with ervice Qualit 

Key Performance Index. 

and 

According to [30], Quality of Service (Qo ) and Quality of end- u er Cx peri enc o l ~ ) ar ' til ' 

two major techniques used for judging the performance of G M ervice . Whil e th ' r rtTl ' r is 

adjudged by service providers, the latter is determined by reaction ri b ' I'S . 

Assessment of GSM services from service providers' perspective i u uall y ba cd on 111 ' K' 

Performance Indicators (KPIs). The paper utilizes the five maj or KPl s ( 

DCR, HOSR) to assess the GSM Qo provided by MTN. 

F T 11 - R, 

The research is exploratory research and results of the study show that the KPl s dcviat fr 111 th 

recommended values both during the ev nt and non-event period thu the Qo requ ir an 

uncompromising improvements in order to curtail further degradation in the service de ri ed b 

the rapidly increasing subscribers' rate. 

Betelehem Alemayehu [47] Proposed ML models that predict mo bile network conge tion u in g 

machine-learning algorithms in the Ethiotelecom cellular network. The re carch r adopt 'd 

experimental research methodology for her research work. 

ural 
The results of the study showed that performance analy is of Multil aye r P r epti n 

. . . d I ' I entation of Multil a cr P r pti n 
etwork models IS a crucial process 111 mo e llnp em 

N
' d" d ultilayer perceptron ha ing I 

etwork for mobile network congestion pre Ictlon an a m 
• • J b'l twork conge tion ituati n. 

can give a comparable prediction of the rea mo I e ne 

ural 

la r 
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p 

Generally, the main intensions of all literatures are to inve ti gat th qual it , ( r 
service issues 111 GSM cellular network. However, 111 our country th I' n en u d, 

Machine learning research works on GSM Qual ity of erVlce. llence, thi re ar h pel( r 

is try to address the application of machine learning technique on tel . l11l11uni 'ati n 

especially on quality of services in GSM mobile network. 
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2 .3.3 Summary on Related Works 

Author 

& 

Year 
.~ .. 

Muluken 

Tigabu, 

Title 

Application Of Data 

Mining Techniques to 

Methodology/ 

Approaches 

Cross-Industry 

Standard 

2015 E.C Predict Base Transceiver Process for Data 

[1] Stations (Bts) Failure Mining 

Lulu 

Deyu 

Rate: The Case Of (CRISP-M) 

Ethiotelecom North West 

Region Gondar District 

Data Mining Approach to Knowledge 

Analyze Mobile 

20 14 E.C Telecommunications 

Discovery in 

Databases 

Algorithms 
Used 

J48 , PART and 

SMO 

Multilayer 

Key Findings 

_ Bts that registered low Handover success rate 

and located in Gondar town and its surrounding 

are more susceptib le to failure occurrences. 

_ J-48 decision tree algorithm was taken as a 

final model for this particular study based on its 

perfo rmance relati ve to the other two 

classifiers. 

_ The classification model built on MLP has 

percept ron and the best accuracy relative to Nal·ve Baves 

the Naive classification algo rithm . 

(2) Network Quality Of 

Serv ice: The Case Of 

(KDD) process Bayes - Among the KP ls st udi ed. Call Success Rate 

CSR) could measure an end-to-end 

Abdulkarc 

nl . 

I c\..al1\ i 

- thiote lecom 

nalysis Of A GSM 

~et\\ ork Qualit y 0 

Quanti tat i ve 

Research 

1'0 

perfomlance ofa mobile network. 

-The quality o r sen ice of the KPI results for in 

the four locati ons during the three months · 

Gap/ Remarks 

Focuses only on 

network quality 

In rural areas. 

Urban areas which 

are the most 

congested 

network not 

included in the 

study 

Focuses only 

clustering 

approach. 

lim i ted 

number of 



and Service Using Call DI-op Approach 

Muhamma Rate And CaJl Setup 

d, 2020 Success Rate As 

[10] Performance Indicators 

lanne and Machine Learning for 

Petri Performance Prediction 

2018 (14) in Mobile Cellular 

Networks 

Kadiri I , Assessment of Call 

Samuel Voice Quality ofGSM 

and Network Operators in 5 

Olawale, Cities in Kwara State 

20 19 [16] 

Ex perimental 

research 

Quantitative 

research 

approach 

Random 

forests , 

Gaussian 

process 

period of January , February, and March, 2 016 quality of service 

showed considerable good performance by the parameters 

MTN network in all the locations in terms of 

call drop rate because they all performed well 

within the benchmark. 

- Using an extensive real-world drive test data 

set, the researchers tried to show that classical 

machine learning methods such as Gaussian 

process regression, exponential smoothing of 

Does not clarify the 

QoS in different 

telecom services 

also voice service 

regression and time series and ra ndom forests can yield very quality not included 

in the study. exponential good prediction results for drive test data. 

smoothing of 

time series 

No 

~8 

-None of the GSM network providers has up to Use traditional 

90% call completion success rate (CCSR). This stat istics method 

is an indication that the service retainabil ity of 

all GSM networks in the se lected areas is very 

low 

- Furthermore. the resu lt shows that there is 

better performance of all the net\.vorks in terms 

of serv ice integrity. most especiall y in ca ll 

voice quality. 



Jide Modeling and 

Julius Development of a Novel 

Popoola Quality of Service 

and Prediction Model for 

Adewale Global System for 

Enoch A Mobile Communications 

reo, 2020 Network using Artificial 

[201 Neural Networks 

Oem Predicting the Quality 

ostenes, Level ofa VolP 

Renata Communication through 

and Grac, Intelligent Learning 

2013 [27} Techniques 

Muwawa Data Mining And 

Jean Predicti ve Analytics 

Nestor Applicati on On Cell ul ar 

Dahj. Networks To Monitor 

Experimental scaled conjugate 

Research gradient (SCG) 

Approach 
and Levenberg-

Marquardt 

(L-M) 

Ex perimental Decision 

Research Trees, 

Approach Multilayer 

• The QoS and ove rall performance of the 

GSM network operation in the selected cities is 

I poor, undependable and displeased. 
I 

• Scaled conjugate gradient (SCG) 

training al gorithm outperforms that of Levenberg-

Marquardt (L-M) 

Decision Trees algori thm reach higher 

test results concordant with the results 

obtained . 

Perceptron and 

Naives-Bayes 

C R1 SP-DM Classifica ti on Random Forest perform bener than other 

(Cross-Industry Tree. Random al gorithms 

Standard Forest. Neural 

Process for Data Networks and 

Focuses only in 

Artificial Neural 

N etworks 

The GSM network 

not included in the 

study 

He is not inc luding 
a hidden 
knowledge 



2 018, And Optimize Qua lity O f Mining) 

[29] Service And Customer 

Experience 

Betelehem i Mobile Network Experimental 

Alemaye Congestion Prediction Research 

hu, 2022 Using Machine Learning: Approach 

[47] The Case of 

Ethiotelecom 

Table 2.4 Summ ery of related research works 

Gra die nt 

boosting 

Multilayer The study found that an average loss value of ' The study is limited 
I 

Perceptron 1.192 and mean absolute error of 0.345 for the in MPL two layers 

(MLP) hav ing three sites using a multilayer perceptron having only. 

10 and 15 

layers 

o 

10 hidden layers and average loss value of 

1.2781 and mean absolute error of 0.272 for the 

three sites using a multilayer perceptron having 

15 hidden layers. 



CHAPTER THREE 

RESEARCH METHODOLOGY AND DESCRIPTIO or ATAS ~T 

3. 1 Research Methodology 

Research methods in machine learning play a pivotal role since the accuracy and rei iabi li ly 0 f th ' 

results are influenced by the research methods used. On [3 8] , the researcher analyzed a t tal f 

100 articles published since 2019 in IEEE journals and the study revealed that Mach inc IC'lrnin ) 

uses quantitative research methods with experimental research design being thc Ie fac to r ' arch 

approach. 

However, most of the researchers used an experimental research design. Thi s in vo lved the de 'ign 

of an experiment and conducting th experiment to obtain results [38]. Thc gencral approach 

used in conducting experiments in this research is applied the phases that should be f' \l owed in 

any experimental design which are: Data collection, Data pre-processing, Model traini ng, m d I 

testing, and model evaluation. 

Experimental Design in Computational Intelligence is one of the most impo rtant aspect in every 

research process, thus it is crucial to correctly define all the steps that should be taken to nsure 

obtaining good results. This study used and followed an experimental research methodology t 

study the problem posed . The methodology was followed while the experiment wcrc performed. 

The general research architecture appl'e for this research work is showed as the foll owing on 

the figure 3.4. 



Figure 3.1: General Research Approach (Adopted fro m [38]) 

Data collection: In this stage , two main sources of data may u e secondary data and prim al' 

data. The secondary data set was obtained from data repositories, government ' I1titi cs and n-

governmental organizations. Primary d ta was mainly sourced from recording data 

period. 

I' a n J 

The data used for this study is collected from Ethio pian Communication Auth ri t Qualit of 

Service department. It consist of 20 OSM network coll ected in three di ffc rcnt pcri d . 

Measurements collected from the drive test for voice only around Add i J\baba. To cnhan ,th' 

validity and reliability of the model this research used datasets, which arc c II CCI 'd in thrc' 

different seasons. 

Data Preprocessing: thi s is a very critical stage in machine learning tn CC thi lag an 

influence the performance of models and consequently influence the re ult of the mod I. Thi 

so because machine learning algorithms learn from the data provided to thcm and u lh 

acquired knowledge to make decisions. Data pre-process ing invo lved a cn r a ti iIi . Th 

activities are data cleanup, data normalization , and noise reduction etc. 



, I ge ata t en pr pr e and In this study, from the initial original dataset se lection of ta ' t d h 

transform into relevant data so as machine learning tasks perfo rmed . The per~ rm d maj r d'lla 

preprocessing tasks has been explained in the next chapter (Chapter fo ur) of thi ludy. 

Algorithm Selection: It is noted that the choice of algorithm depends mainly on the nalur' r th 

problem to be solved. According to the analyzed articles, problems can bc grouped a 'ither 

classification problems or regression! prediction problems. In additi on, problem an b 

classified as either supervised learning or unsupervised learning problem . The main pu r ' 

classification algorithms used are K-Nearest Neighbors, Support Vector Machinc and l ~ gi li c 

regression. The main pure ly prediction algorithm used is Linear regression. The m I mm ni l 

used algorithms that support both classification and prediction are; K- care t ei ,hb 1' • . 

Support Vector Machine, Artificial Neural Networks, Decision and etc. [38\. 

Since, the research is supervised learning this study appl ied best fit for thc da ta ct u cd lo r thi . 

study and the problem domain and also, by adopting machine learning algorithm 'elceti n 

framework. After all , supervised machine algorithms K-Nearest Neighbor , upport veet )r 

machine and Logistic regression are used for model building. 

Model Training: The data set was broken down into a training set and a testing et. Th 

researcher used percentage split and l a-fold cross validation used to train and test the m dc l. In 

this approach, the data set was divided into 10 equal parts. 9 parts or segments were u ed to train 

the model and then the remaining 1 segment was used to test the model. Thi wa repeated 10 

times with the testing segment being alternated among the 10 equal parts. Therefore, each part 

was used for testing once and for training 9 times. 

Model Evaluation: The evaluation matrix that was used by thi s study is the confu ion matri x 

and accuracy as the main evaluation metric for developed models. The researcher u ed m re than 

one algorithm and evaluated the performance of each algorithm in the accuracy . 

Tools and Techniques used : python is delivering an easier and more effi cient and e!Tecti e a 

f d 
. . ' dd' . th st l'lbraries in python help re ear her to 

o omg machme-learnmg research. In a It1On, e va 

perform numerous activities on the data or models with many conveniences [38]. 
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This study used python programming language to develop the model , train the m d I. 11 It' ,t 

the model. The utili zed python libraries are Pandas for data preproce sin " atpl tli r r 
Plotting and visualization, and the Scikit-Learn library fo r stat istical m de lin ) including 

classification tasks. 

3.2 Data set Description 

The original dataset: has 5 attribute and 1254 instances for 2009 E.C, 5 atlribut and 44 

instances for 2010 E.C and 5 attri bute and 596 instances for 20 11 E.C. totall y, the dat'l U. C I fo r 

this research consists 5 attributes a 1d 2294 instances before preprocessin g. 

Source: Ministry of innovation and technology, Telecom standard and Quality of' . r icc t "1m. 

Currently this directorate reestab lish as Ethiopian communications Authority. 

3.2.l Drive Test for 2009 E.C (DS-l) 

The drive test is conducted on 6th February, 20 17 to 10th Fcbruary , 20 17 betwcen 10:00 /\ ~ and 

3:30 PM. various areas of Addis Abab are covered includ ing major roads an I ol11e rc id nti al 

areas. 

The drive test route covered various major roads and mostly the north-western and so uth -v e tcrn 

part of the city including the central area. The total drive test route covered approx im at ' I 470 

km. 

F
. . h d " 1 >sl (February 2009 E. , AA 
19ure 3. 2, the route that was followed durzng { e live e 



3.2.2 Drive Test for 2010 E.C (DS-2) 

, , n une , 20 18 betwc n 9: 0 The drive test is conducted on 21 5t 
- 2211d 25 th 

27th a d 29 th J 

, e a an u e e sub CltlC ) ar c 1:00 AM. Various areas of Addis Ababa (Nifas si lk Y k d Gil . . 

. 0 a II VC t trout' 'c vcr'd including major roads and some residential areas TI1e ttl d" 

approximately 153 km. 

Figure 3.3, the route thal was fo llowed during the dr ive test (Ju ne 20 10 E. ,JIJI 

Attributes: Cell, Call Attempts , Call Setup Failures , Call Setup ok, Call Setup uc e ' Rat 

(CSSR, %), Dropped Call , Dropped Call Rate (DCR, %), Inter-cell Handovcr OK , lnter-c II 

Handover Fail, HO Success Rate (%; and finally the class (QoS). 

3.2.3 Drive Test for 2011 E.C (DS-3) 

The drive test is conducted from December 28,20 18 to January 17, 2019 between 9: 0 AM and 

1:00 PM. Most of the major roads of Addis Ababa are covered in the drive test. The tota l dri ve 

test route covered approximately 300km [36]. 
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Figure 3.4 the route that was followed during the dr ive lest (January 20 11 t:. " AA ) 

In general, the data used for this research was taken from Ethiopian Communicati on Auth rit 

(previously MCIT) in quali ty of serv'ce department. These data are collected in thr'e differ'nt 

periods from February, 201 7 to January 17,2019 a total of 2,294 records and 5 attributc . Aft r 

preprocessing 2294 records and 4 attributes and 1 class attribute were use I for thc ntirc 

experiment and building predictive models. 

3.3 Business Understand ing 

Ethiopian Communication Authority collected the data from drive test. Dri ve test i conduct d 

on a moving vehicle by using ASCOM TEMS platform (so ftware) for data collection G r er i c 

quality monitoring purpose on GSM (2G) networks. The test software platform aut maticall 

generates test calls on mobile handsets. The test avoids any human -related impact of ubjecti ity 

as it is totally automated. The call duration is set to 120 seconds whereas the interval bet" cen 

calls is set to 2 seconds. The test was made on daytime as it best fits subscriber experienc and 

the vehicle speed was kept between 30-50 KPH. 



Devices Used for Data Collection 

• ASCOM TEMS Investi gation 17.2 for physical and virtual data collection 

• TEMS Discovery 11.1 .2 for analysis of collected data . 

• Windows 8 based Laptop, (Acer core i7, 3612QM 2.IOHz, - Turbo Boo t up t . I )1 II. 

• Sony Ericsson (LTI8i/LT18a) mobile handsets - 4 in number 

• 900V Su-Kam Power Inverter and External OPS device 

3.3.1 Drive testing 

Drive testing is a method of measuring and assessing the coverage, capacity and u'dit 

Service (QoS) of a cellular mobile radio network by a test tool mounted on a mo in I chi 'l " 

which can detect and record physical and virtual data. It is the most common and po. : ibl lh ' 

best way to analyze network performanc by means of coverage evaluation, ystcm '3vail abil il . 

network capacity, and call quality. The technique consists of using a motor 'hi Ie 

containing mobile network quality measurement equipment that can detect and rcc I'd a wide 

variety of physical and virtual parameters of mobile cellular service in a given ge graphica l ar a. 

3.3.2 Ethiopian Communications Authority 

Ethiopian Communications Authority (ECA) serves as the country's communication scr Ie 

and postal services regulatory authority in Ethiopia. ECA has the authority and manda te to 

monitor and measure the quality of Servic (QoS) of Telecommunication Service provided b 

the operators (Ethiotelecom). Also it responsible fo r setting the standards of telecom Quality of 

Service (QoS), ensuring the Quality of the Service by conducting periodical drive te t to prot ct 

the interests of the consumers of mobile networks in Ethiopia. 

QoS is defined as the overall service performance which is particularly seen from the u cr r th 

service point of view. It refers to the capability of a network to provide belter service 10 selc led 

network traffic over various technologies. It is quantitatively determined by mean of parameter 
c .. !' . d' ators (KPls) Evaluation f Qo i 

or perlormance mdIcators referred to as key perlormance \11 IC . 

determined by comparing some parameters against standard KPI values [12]. 
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3.3.3 Ethiotelecom 

Telecommunication service was introduced in Ethiopia by Emperor Menelik II in 1894 \ h n th 

, a a, wa m111cn . , . construction of the telephone line from Harar to the capital city Add 'ls Ab b d 

Then the interurban network was continued to expand satisfactoril y in all other dire ti n. f'r )111 

the capital. Many important centers in the Empire were interconnected by line , th u facilitatin I 

long distance communication with the assistants or operators at intermediate tat ion frequ nLl 

acting as verbal human repeaters between the distant calling parties [3 3]. 

The telecommunications sector was restructured and two separate independent entit ies na111 I , 

Ethiopian Telecommunications Authority (ETA) and the Ethiopian TelecOlllmunic'lt i n5 

Corporation (ETC) were established by Proclamation o. 49/1996 on November 199 . 

3.3.3. 1 Establishment of Ethiotelecom 

As a continuation of the 2005 /06 to 200911 0, five-year plan and after concentrating it s efforts n 

education, health and agriculture, the Eth iopian government has dec ided to focus on th ' 

improvement of telecommunication services, considering them as a key lever in the dcvc lol m nl 

of Ethiopia. Ethiotelecom was born, on Monday 29th November 20 I 0, from thi s amb iti n r 
supporting the steady growth of our country, within the Growth Transformation Pl an ( TP , 

with ambitious objectives for 20 15 (https:llwww.ethiotelecom.et/). 

3.3.4 GSM Network Analysis 

The analysis of the network has been done in terms of accessibility, coverage, mob il ity. and 

retainability measurements [1 2]. 

1. Accessibility 

Accessibility is the ability of a service to be obtained within specific tolerances and other given 

conditions, when requested by the user. In other words, it is the measure of the ability f a u er to 

obtain the requested service from the system. Accessibility is monitored by mea uring all etup 

Success Rate (CSSR), which is defined as the rat io of Establi shed Ca lls to all tl mpt . 

Accessibility for voice is detenuined by the number of Call Setup Failure and th i1 

classification. 
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II. Retainabil ity 

Retainability is the ability of a service, once obtained, to continue to be provided under 'I n 

conditions for a requested duration. During the Drive test, Retainability is mea ured b maki n ' a 

call from user A to user B and after the call is successfully setup, holding the call G rdurali n r 
120 sec. If the call drops during this period, it is considered to be a dropped ca ll. The '~I I Dr I 

Rate (CDR) parameter gives a reliable measure of the ability of the mobile network t maint ai n a 

call once it has been correctly establ ished . The target set by ECA for call drop ratc is to be I 

than 2%. 

III . Mobility 

In a cellular system, a base station has only a limited coverage area. Hence. it is po sible r I' a 

moving subscriber to be out ofrange of a base station while making a call. The proces t y v hi ch 

a mobile telephone call is transferred from one base station to another a the subscri ber pass ': 

the boundary of a cell is called a handover. The Handover success rate (HO R) mor than ) % 

is considered to be good. 

3.3.5 Key Performance Indicators 

Key performance indicators are measurable parameters, which help to quantitati ve ly rcpre enl 

quality of service of service providers. Below are some of the parameters that are used d uri ng th 

test to indicate the performance of the ne work operator, Ethiotelecom (36) . 

I. Call Setup Success Rate (CSSR) 

Call setup success rate q.ssesses the percentage of originating calls that were succcs rull 

established by customers. The target set by the Regulator for this Key Performance Indicator i 

>98%. Mathematically it is computed as: 

Call setup success rate (%) = (To tal Calls successfully established! Total number 0/ call 

al/empts) * 100 
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u. Handover Success Rate 

Handover success rate measures the ability of a customer to talk on the cell ph ne r r a I n 1 

distance without getting disconnected . It is the abili ty of a call connecti on to bc han I c.I 'r 

from one cell to another cell . This parameter is di rectly linked to Call dr p rate b' 'au: a 

handover failure normally results in a dropped call. The target set by the Regulal r r r lhi , 

Performance Indicator is >95%. 

Handover success rate (%) = (1 - (Iotal calls dropped during handoverl TO la/ handov ' l" 

attempts)) *100% 

1Il . Dropped Call Rate 

Dropped call rate is a measure of calls that are prematurely di sconnected beror nc.l r 
conversation against the number of all successfully established call s. all dr ps 11'1a c 

experienced due to network problems such as handover fa ilure or equipment faults. The tar' 'I 

sel by the Regulator for this Key Performance Indicator is <2%. Mathemati call y it is compLi l 'd 

as: 

Dropped call Rate (%) = (Total calls dropped after being established/ Total 'alls su ' " ,I',IIu lly 

established) * 1 00% 

IV. Blocked call rate 

Blocked call rate is the rate at which call attempts are blocked or unsuccessful becau era lack 

of resources for connection due to congestion. The target set by the Regulator r r lhi K 

Performance Indicator is <2%, Mathematically it is computed as: 

Blocked call rate (%) = (100% - Call setup success rate) 

V. Call Setup Time 
The call set up time can be defined as the time interval from the instant the u cr initiat . a 

connection request until the complete message indicating call disposition i recci d by th 

calling terminal. 
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Latency of the network is measured by the call setup delay. The target et b th R' 'ulal r 

this Key Performance Indicator is < 25 seconds. 

VI. Received Signal Strength (Power level) 

r 

Signal strength is expressed as the magnitude of the received signal by a m 

cellular network, commonly measured dBm. Various facto rs affect signal tr n lth an I ' II' as 

which have signal strength between 0 dBm to -85dBm are considered to ha e g 'ra ' C, 

whereas areas with signal strength less than -120dBm are considered to be po r\ 

Coverage - Signal Strength is computed as: 

Coverage rate _ Signal strength 0 to -85dBm (%) = (Number o/Colls with sigllcd stl'ellgth 
beMeen 0 to -85dBm fToral number 0/ calls made) * I 00% 

VII. Received signal quality 

Voice quality is determined by the received signal quality. It ref'crs to the Cle 'lI'I1C r a SI :Jk 'r's 

voice as perceived by a listener. The parameter used to cia sify the level r qLl'~lit)r ' IS 

RxQual. It is a value between 0 and 7, where each value corresponds to an c timat'd numl r r 
bit errors in a number of bursts (Data tream transmi tted in one timeslot). ormall , R ' u't! 

value 0-5 are considered to be good and RxQual greater than 5 are con idered to be bad . 

RxQual Bit Error Rate (BER) 

0 BER < 0.2% 

1 0.2% < BER < 0.4% 

2 0.4% < BER < 0.8% 

3 0.8% < BER < 1.6% 

4 1.6% < BER < 3.2% 

5 3.2% < BER < 6.4% 

6 6.4% < BER < 12.8% 
12.8% < BER 7 

Voice Quality is computed as: Samples with good vo ice quality ('Ai) ~ (llx Qual " ""ples ",i/h 0-

value/Total Rx Qual Samples) * 100% 

VIII. Chip Energy to Interference Ratio 

Signal energy to interference ratio is the ratio of energy per chip (code bit) t the 

density including of the interfering signals. In case no true interfere
n 

c i pr 

5 \ 

ral I ,\< r 

nl. th 



_ . Tc 'h il i 'all ~ 'Interference level is equal to the noise level. In other words Ec/lo cqLlal I":' I 

Ec/Io should be the correct measurement but, due to equipment capability, I:.cl i. a 'llIall) 

measured. In UMTS, EclNo and Ec/lo are often used interchangeably . It 

traffic load increases. It is usually measured in decibels (db) and basically it h uld b ' - I It (r 

higher in 95% of the coverage area. 

The percentage in which the signal energy to interfe rence ratio IS greater than - I ) dt IS 

calculated as: Ecllo (%) = (£Cl Io samples with 0 to -16dblTofal Eclfo Samples) *100% 

IX. Received Signal Code Power 

Received Signal Code Power (RSCP) denotes the power measured by a receiver on a p'lrli ' Ll lar 

physical communication channel. It is used as an indication of signal str ' 11 I\ h. as 

ahandover criterion, in downlink power control, and to calculate path loss. While RS ' j> "\n 11' 

defined generally for any COMA sy tem, it is more specifically used in MTS. Al s ). whil ' 

RSCP ean be measured in principle on the downlink as well as on the uplink it i olll y delin 'd 

for the downlink and thus presumed to be m asured by the UE (User Equipment) and reported to 

the Node B (a term used in UMTS equivalent to BTS in GSM).RSCP is commonl y m ' 3 . ur 'd in 

dBm and values less than -1 OOdBm are considered to be poor. 

The analysis of network quality is done in terms of accessibility (call et up uccess rale , 

mobility (Inter cell handover rate) and retainability (Call drop rate) measurement \1 2\. I' inall . 

the study focuses on proposing machine 1 arning based Quality of service of predicti ve model 

using the proposed algorithms for GSM voice network by using the main determinant k 

performance indicators of QoS of GSM mobile network based on literature suggesti on and Ihe 

recommendations of local and international standardization & regulatory authorities v hi h arc. 

International telecommunication union (lTU) and Ethiopian Communication Authoril ( I ~ ). 
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CHAPTEI{ FOUR 

DATA PREPROCESS, EXPERIMENTAL RESULTS A 0 LV ,' \" 

4. I Overview 

This chapter discusses the data preprocessing, experimental results and m dcl uildin ' 

conducted during the research. As stated in previous chapters, the domain expert in l ~\hi ( 1 ian 

communication Authority have been doing the analysis using simple statistical mctho I ) 11 th' 

data, which is extracted fro m AS COM TEMS system/software. Thi s simple tati . ti cal m Ih d i: 

unable to utilize the whole data and reach at good analysis result. To overcome thi s probl 'm , thi s 

study proposes the machine learning techniques, algorithms and methods. 

4.2 Data Preparation 

The main purpose of data preparation is 0 make the data more suitable [or the nex t tel", \. hi ·h 

is the modeling phase. There are diffe 'ent methods for data preprocessing such a ) c\ 'Ha cl 'unin " 

data integration, data transformation, data reduction and data formatting and so on. For thi s 

research work, the following data preprocessing tasks has been performed , 

4.2.1 Data cleaning 

Data cleaning refers to the ' pre-processing of data in order to handling noi se and mi s ing aluc 

[I). It is the process of ensuring that all values in a dataset are consistent and correctl y rccorclc \. 

To do so all the data that are avail able on the database was cleaned to make suitable r r th ' 

model-building task, For this purpose, the researcher makes use of the python too l. Morc ' r. 

MS _ Excel application used for labeling the data- In this subsection, different data cleaning ta k 

was carried out. 

4.2. 1.1 Filling Missing Value 
Miss' I ·fields of a11 attl'I'bLlte , which have no aluc in it. 'I h ' 

mg va ues refers to one or more 
exist f . lete and buildin o model of any tYI 

ence 0 many such cases makes datasets Jl1Comp b 
wh h , d k the resulting m din n-

et er descriptive or predictive with Jl1complete ata ma es 
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representative of the reality [1]. Since, the data type used thi s study is continuou , Ih r " ',wh 'r 

tried to handle missing values of the attribute and rep lace with mean va lu . Th 

replaced the missing values through a data analysis tool , python . Among fi ve atlri 

(11470 / 3883 missing) = 29% missing values. 

~ 

r Call 

'cell 
-r attempts (CSSR, %) (OCR %) IHSR (%, 

IBCCH-l11 ! 24 100 a 100 I.---.-----.--.. -.-------.. -- .. --.. ----..... --.-.. --- ... t-----_._--_ .. _-_ .. _-_ .. _ ... _--_.-.. -- _ .. _----- I--
iBCCH- l ll octBSIC-12 i 8 100 a N/A 
. I r BCCH-l11 octBSIC -13 i 4 100 a 100 

!BCCH-l11_octBSI C-14 ! N/A N/ A 100 
---------
\BCCH -l11 octBSIC-17 l ~+- 100 a 100 

----:-- -- --
iBCCH-lll octBSIC-2 ! N/A N/A 100 

BCCH-l11 octBSI C-20 : N/A N/A 100 

IBCCH-l11 octBSI C-21 ! N/A N/ A 100 

iBCCH-ll1 octBSIC-22 ( 
- --

8 100 0 1°~1 
\BCCH-l1l --octBSIC-23 I 

----- --
4 100 a 100 

iBCCH- l ll octBSIC-25 \ 24 100 a 100 

!BCCH- l ll octBSI C-3 : N/A N/A 100 
\----_. __ ...... _ ............... = ..... -_... ...... ........ ;. 

4 100 a 100 
iBCCH-ll1 octBSIC-30 i 
IBCCH-ll1 octBSIC-31 , N/A N/A 100 

IBCCH-ll1 oct~~SIC:?3 I N/A N/A 100 

IBCCH-l11 
-' -

octBSIC-34 i N/A N/A 100 

IBCCH-ll1 octBSI C-35 I 4 100 a 100 

IBCC H-ll1 octBSIC-37 : 20 100 a 100 

I BCCI::!..:111 octBS IC-4 i 12 100 a N/ Al 
---- - --

Table 4.1, sample original dat aset be/or with missing value 

I Call 
! I ~SR,%) ~~~ 

\(DCR %, (IHSR, %, 
100 ~i Cell --

BCCH-111 
24 100 a 

1 BCCH - 11_~-?c.!=BSIC-12 
8 100 a 

~-1~_..9ctBSI C-13 
4 100 a 

a 1.5 
BCCH -ll1 octBSI C-14 

6 -
! BCCH-l11_ octBSIC-17 :\ 100 a 

a 1.5 

I BCCH - 111 octBSIC-2 - 1.5 
~CCH-- 11"i=~ZtBSIC-20 :t a 

a 1 .5 

IBCCH-iii -;;~tB..? IC-21 ~ - ~\ 
l BCCH -lll octBSI C - 22 8\ -~ -----_ .. - .. _-- r- 100 

\~~~S~H:t~:~~:~:~~~! 
4 . 

2 .. ~ 100 0 

1.5 

IBCCH -ll1 octBSIC- 3 
6 a 

- .. - ~0t2.. 
0 

~CH-ll1~octB~'--C-~0~ _ 
4 -

-----_.-. - - 1.5 

[BCC H lil- octBSIC- 31 
6 a 
6 a 1.5 

I BC_C H-ll1_ o <:tBS IC -33 
6 0 1.5 

!BCCH-111 octBSIC-34 100 a 
IBCCH-111 octBSIC-35 

4 
100 a 

iBCCH -ll1 octBSIC- 37 
20 

-" 100 a 
! Bcc"I=i=iii-

_ .... _---_. 12 
octBSIC- 4 

T bl d . ' alues with mean 
a e 4.2, sample dataset after replace . mlssmg v . . 
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99 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 

100 
100 

100 
100 
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4.2.2 Feature Selection 

Feature selection, as a dimensionality reduction technique, aims to choo e a I1lall LI 

, LIn an, I n IS 'UllIr' relevant features from the original ones by removing irre levant I'cd d t . . " 

, .. , I ICI ealllln ' a " lIra ' ). Feature selection usually leads to better learning perfo rmance i e h' gl . I . ' 

lower computational cost, and better model interpretabil ity. Removing irrelc ani r alLtr 's \\ ill 

not affect learning performance. In fact, the removal of irrelevant fea tures may hclp I 'am '1 I II 'J" 

model, as irrelevant features may confuse the learn ing system and cau e m m )r and 

computation inefficiency (39]. 

According to N. Hoque, D. K. Bhattacharyya and .I. K. Kalita (60 1, Thc mOSI comtn)n r'U\lIJ" , 

election methods are : Filter methods (ANOY A, Pearson co rrelation, vari anc' thr sh h Id in' . 

Wrapper methods (forward, backward, and stepwise selection) and embcddcd meth )Us (Lass 

Ridge, Decision Tree). 

4.2.2 .1 Filter Methods 

Filter methods select features based on a performance measure regardlcs of the em pi )ye ' law­

modeling algorithm. Only after the best features are fo und, the modeling al Jo ri thms an lI'i' 

them. Filter methods can rank individual fea ures or evaluate entire feature ub ct \40 \. 

For filter models, features are selected based on the characteristics of the data without utili zin J 

learning algorithms: This approach is very efficient. However, it does not con ider the bia and 

heuristics of the learning algorithms. Thu , it may miss features that are relevant for the tar ' 't­

learning algorithm: A filter algorithm usual y consists of two steps. In the first tcp. fcatllr' , ar' 

ranked based on certain criterion. In the second step, fea tures with thc hi ghc t ranking ar 

chosen [40]. 

4.2.2.2 Wrapper Methods 

In wrapper methodology, selection of features is performed by considering il a a car h 

problem, in whieh different combinations are made, evaluated, and com par d 

combinations. It trains the algorithm by using the subset offeatures iterati vel 

\ ith th'l" 
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Ignole fr t. (f Ih s I' 1'\ 
T

he major disadvantage of the filter approach is that it totall y' · til . 

Ion a ' 111 1m . I h' lillmal feature subset on the performance of the clustering or classificat' I " I 

feature subset should depend on the specific biases and heuristic \' tl I . ' . I' 0 1 alnln' ai' 1rIIhm .... 

Based on this assumption, wrapper models use a spec ific learning alg rilh ll1 I ' alual lh' 

quality of the selected features [39). Thus, fo r classification task a wrapp'r will ' <lllIal 

ubsets based on the classifier performance (e.g. KNN , SVM etc.). 

4.2 .2.3 Embedded Models 

Filter models are computationally effic ient, but totall y ignore the bias" f th I 'arnin I 

algorithm. Compared with filter models, wrapper models obtain better I r ' Ii ' ti,, ' a ' 'urn ') 

e limates, since they take into account the biases of the learning algorithm . II )", ,,'r, ,,,r,'I p ' r 

models are very computationally expensive. Embedded models are a trade-off bClw"11 111 ' I\\() 

models by embedding the feature selection into the model constructi on \39 \. 

Thus, embedded models take advantage of both filter models and wrapper m d 'Is. '1 h' aI" far 

less computationally intensive than wrapper methods, since they do not nced to run Ih ' I '(lrn il1 ' 

models many times to evaluate the features, and they include the interac ti on I,) ith th' I'arnin ' 

model. The biggest difference between wrapper models and embedded model i that I,) nil I ' I' 

models first train learning models using the candidate features and then perform fcatur' s' lc ti 11 

by evaluating features using the learning model, while embedded models select fcatures durin ' 

the process of model constr'uction to perform feature selection without further eva luati on 1[' til ' 

features [39) , 

4.2 ,2.4 Key Features 

Feature selection is a very complicated and vast field of machine learning; there is no fix 'd rule 

of the best feature selection method. However, choosing the method depend n ama 'hin ' 

learning engineer who can combine and innovate approaches to find the be t !l1cth 

pecific problem. One should try a variety of model fits on different sub et of fcatu l" . 

d for a 

through different statistical Measures (wvvw.javaponl.com). 
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F
. ally the researcher were selected significant attributes by u . \0 , sll1 g \ r pper an lilt" m Ih( 

th
rough python software, Sequential Forward Selection (S FS) meth d \' \1 1\' \1 r r I I' 'ssi n Ille 1'1. 

together with their Average cv _score (Cross - Validati on Score) value. 

featureJdx cv_scores aV9_score feature_nam 

- (2,) [0.9139382524335267J 0.913938 ((CSS ,%),) 

2 (2, 3) [0 .940901 0182925642J 0.940901 ((CSSR, %), (DC ,%)) 

(2, 3, 4) [0 .9522319962155864 J 0.952232 ((CSSR, %), (OCR, %), (Il tS , %)) 

4 (1, 2, 3,4) [0.9540643398209644J 0.954064 (Call attempts, (CSSR, %), (OCR, %), (IHS ,%)) 

5 (0, 1, 2, 3, 4) [0.9541 328577224827J 0.954 133 (Cell, Call attempts, (CSSR, %), (OCR. %), (Itt 

Table 4.3 Rankedfeatures in using linear regression. 

After attributes are ranked, the researcher tried to remove the li st rank attribute and t ui ll t11110 I 'I 

unti l significance change is not happening on the accuracy results. As re ul t, the \"Ink' I allri lui'S 

Ii ted from top to bottom as fo llows: (CSSR, %), (DCR, %), (IH SR, %), all attempts an \ " II. 

It clearly shows that attribute "Cell" ranked on the last row and the rc carcher tri , . I 
lu i I \ a 

model before and after attribute -'Cell" removed . The result described as the fo\\owin ' . 

Cell Call attempts (CSSR, %) (OCR, %) (IHSR, %) Class (005) 

001 24 100 a 100 1 

002 8 100 a 99 1 

003 4 100 a 100 1 

004 6 a 1.5 100 a 

005 8 100 a 100 1 

006 6 a 1.5 100 a 

007 6 a 1.5 100 a 

008 6 a 1.5 100 0 

009 8 100 a 100 1 

010 4 100 0 100 1 

011 24 100 a 100 1 

012 a 1.5 100 0 
6 

013 100 0 100 1 
4 

014 a 1.5 100 0 
6 

Table 4.4, Sample KP 1 values before feature selectiO J1 

For example, the fo llowing shows the accuracy results before attribute selection. 
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Experiment 1: 

0.9298245614035088 
precision 

• 
0 1.00 
1 0.89 

accuracy 
macro avg 0.95 

weighted avg 0.94 

[[39 8] 
[ 0 67]] 

r ecall fl -s core 

0 .83 0.91 
1. 00 0.94 

0.93 
0.91 0.93 
0. 93 0.93 

Figure 4. 1 accuracy results SVM before attrib ute se lection 

Call (C55R, %) (OCR, %) (IH5R, %) 

attempts 
24 100 a 100 

8 100 0 99 

4 100 0 100 

6 a 1.5 100 

8 100 0 100 

6 a 1.5 100 

6 0 1.5 100 

6 a 1.5 100 

8 100 0 100 

4 100 0 100 

24 100 0 100 

6 a 1.5 100 

4 100 0 100 

6 a 1.5 100 

Table .4.5, Sample KP J v 1 alues after feature select ion 

support 

Class 
(Q05) 

1 

1 

1 

a 
1 

a 
0 

0 

1 

1 

1 

0 

1 

0 

47 
67 

114 
114 
114 



lesu ts after attribute selection. For example, the following shows the accuracy ' I 

Experiment 2: 

0.9736842105263158 
pre cision 

0 
1 

accuracy 
macro avg 

weighted 

[[ 44 31 
[ 0 67 11 

avg 

1.00 
0.96 

0.98 
0.97 

r ec all f1-sc ore 

0.94 0.97 
1.00 0 .98 

0 .97 
0.97 0 .97 
0.97 0.97 

support 

47 
67 

114 
114 
114 

Figure 4.2, accuracy result in S VM aft r at tribute selection 

The second attribute ranked on the list was "Call attempts" d tl . 
an .e expenmcntal rc ult 'll'tcr 

those attribute removed is shown as following figure 4.3. 

1.0 
Classification Report: 

precision 

0 1.00 

1 1. 130 

accuracy 
macro avg 1.00 

weighted avg 1.00 

Confusion Matrix : 

[[47 01 

recall f1-sco re support 

1.00 
1.00 

1.00 
1.00 

1.00 
1.00 

1.00 
1.00 
1.00 

47 
67 

114 
114 
114 

Figure 4.3, accuracy resull in SVM afler 'he second atlribute (cali allempt) remo"d 

The experimental result in support vector machine after the second attribute was removed how 

that the accuracy report too hi gh which is 100%. As a result, the researcher decide top f cal u r 

.Iection process before call attempt attribute is selected. Because the accuracy reporl i . 100% 

and this may over fit the modeJ . However, the removal of irrelevant features rna help \earn a 

better model ; removal of some features may lead to over fit the model and leads to affect th 

[ 0 6711 

performance of the model. 
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I I R, % . l\ I ' It finally, the best predictors selected for building the model are (CSSR, 0 /
0
), (D 

'!o), Call attempts. 

t2.3 Detecting Noisy data and Outl iers 

The data stored in a database may reflect outlier - noise exceptional . . 
, case, 0 1 mc 111\ \ \' oala 

object and random error in a measure of ariable. These incorrect attribute value rna b' du' II 

lata entry problems, faulty data colle tion, inconsistency in naming convcntion r t 'chn I, ' 

"mitation [I]. Since, the data recorded automatically on the drive test machine' thc data hj .\. 

used in this research paper do not have any outlier or incomplete data . 

4.2.4 Data Reduction 
Damredoction techniques are used to minimize the vo lume of the data sct in o"dcr lO ",a, 

witable for analysis process [I J. On this research paper, also some data rcduction mcthod. <II" 

applied including feature selection. 

In feature selecti 00 , rei evant subset a f variables was se lec ted by el i m i nati n g Ie at u I' wi th Ii \II . 

• no predictive information, which c n ignifrcantl y improve thc comprchcnsibil
it 

f th' 

,~Iting classifl<r models and often build a model that generali zcs bettcr to un ccn poinls \ t \. 

;~ordiogly, the researchers select variables, which are believed to have direct rc1ationshit ' ilh 

lhe quality of services, total ti ve cand i ' ate artri butes (4 i ndependen t attri butes and on' ·1 as . 

a~ibute have been selected). The details were listed on the above attribute selection s ction. 

4.2.5 Data Integration 

M~hine learning and data mining often requires data integration or the mcrging of data from 

mUltiple data sources. In this study there are three data 'S which collected in din' r 'nl lim 

mtervals which are: from 6'" February to 10'" February 20 17, 2 t" June to 29'" J unc 2 1 8 and 

28' December 2018 to I 7'" January 20 I 9. M ergi ng and integra ti on was perform ed b u 10' 

Microsoft excel 2016. 

The original dataset has 4 attribute and 1254 ins ta nces [or 2009 E. C. 4 ami ber t ' and 
, 

instances for 2009 E. C and 4 attribute and 596 in stances fo r 20 I t E. C. Bin tcg
rat 

in g th S d a a 

sets, the data used for this research consist 4 attributes and 2294 instance . 



.2.6 Setting Class Attri bute 

, o~er to classify records in to different c\ asses the target attri bu te sel ec ted in I hi ' rcsca r h , a. 

QoJlIity of Service "QoS" attribute which has two distinct values called" Fail" an I" uccess' . 

consequently, the attribute was a class/dependent attribute for this particular study. 

0 .7 Data formatting 
In dat~ formatting step after the preprocessing of the initial data the fmal dataset i in I. 

Microsoft Excel format and changed into cnmma delimited CSY file format to make uitabl I'm 

me selected python tool. The ori ginal and target data set number of record . dala typ and 

description of the attributes are presente in the following table 4.6. 

No Attribute name Data Type 

(CSSR, %) 
Numeric 

Numeric 
(DCR, %) 

Numeric 
(IHSR, %) 

Numeric 
4 Call attempts 

Nunleric 
Cell 

Description 

Assesses the percentage of originating call s tl ' \1 ' r ' 

successfully established by cu tomcr 

Measure of calls that are prematurely disco
nn 

cted 

before end of conversation 

Measures the abi li ty of a customer to talk on thc cell 

phone for a long distance without getting di sc nncct · I 

A Demand by a user for a connection to an ther u ' I' 

Cell site (Base Station) 10 

Table 4.6, Description oJpredicto rS and data Jormatf in
g 

6\ 



~fter preprocessing tasks has done, the study u d 5 ' se attnbutes and 2294 ' 
, t' fth' t d Th mstance ' r r th ' 

. p"'m
enta 

Ions a IS s u y. e data size of th d . 'nur ' , e ata set IS 45kb with ,csv fll ' ' 

following table 4,7 shows partial view of the data t d e cx tcn I n, ' \ h 

Call attempts 
24 
8 
4 
6 
8 
6 
6 
6 
8 
4 
24 
6 
4 
6 
6 
6 
4 
20 
12 
4 
6 
8 

(CSSR, %) 
100 
100 
100 
o 

100 
o 
o 
o 

100 
100 
100 
o 

100 
o 
o 
o 

100 
100 
100 
o 
o 

100 
o 

se use for model building, 

(DCR, %) 
o 
o 
o 
1.5 
o 

1.5 
1.5 
1.5 
o 
o 
o 

1,5 
o 

1.5 
1.5 
1.5 
o 
o 
o 

1.5 
1.5 
50 
1.5 

(lHSR, %) 
100 
99 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 
100 
99 
100 
100 

90,9 1 
100 

Class (Qo 
1 
1 
1 
o 
1 
o 
o 
o 

1 
1 
o 
I 
o 
o 
o 

1 
o 
o 
o 
o 

6 

rable 4.7, Sample dolo II sed for exper ime nlalion (labeled "class QoS" I & 0 is for s II .. ' .IS " 

failed respectively) 

4.3 Experiment Design 

Before b 'ld' 
Ul mg a model , we need to generate a procedure or mechanism to Ie I thc model ' 

quality and val'd't F ' ' ' ' I ' k I I ' fi ' ' . I I y. or Instance, m supervIsed mach I ne earning tas s SuCl as c aS5I • ca II on, II 

IS common t I" , c h' \ ' a use c asslticatto
n 

accuracy measure as quality measures (or mac .ne carn.n ' 

models. Besides, other standard measure including precision, recall and FI-mca ur ar 

available Th d b d ' ' ' . erefore, the test design specifies that the dataset shaul e separate lOr tratn.

n 

'. 

test set b 'ld ' ' ' I , Ul s the model on the training set, and estImates .ts quality on t 1C eparatc tC t t 
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lie process of building predictive models requires a well-defined training and al idati n 

IOCO
I 

in order to ensure that most accurate and robust . d' .. . '" pie Icl1on. In thl rc carch. 

, stances are used for training and testing, Python jupyter notebo k f I , ' 0 so 1ware 1aS u cd I CI UI 

and measure the quality, val idity and test of the selected model. 

for purpose of this study, k -fo 1 d (\ 0-fo \ ds) cross val i dati on and percentage split tc t pt i n ar 

ul«l beCause of its relatively low bias and variations. Accordingly, the datasets arc randoml 

~tioned equally into ten parts. Hence, 90% of the dataset is for training and 10% r r tc rin ' 

I. former and the dataset are partitioned in to percentages (20-80) splits option mcanin ' 80% I' 

me dataset for training and remaining for t sting). Moreover, to build the modcl of thi s rcS 'ar 'h 

4 independent and 1 dependent variable or attributes are used, 

4.3.1 Selecting Modeling Technique 
Selecting appropriate model depends on machine learning goals. Consequently, t attain th' 

objectives of these research three classification techniques has been selected for modcl l uildin ' 

The analysis was performed using P thon. Among the di fferent available cia sili 'ali In 

algorithms KNN, SVM and Logistic Regression were used for experimentation of thi tu I . Th 

researcher selected the above algorithms, easy of understanding and interpretation of thc r 'suit of 

' emodel. These algorithms become est matches for this study not only by their pr and c n ' 

but also by different referring the algorithm selection framework to choose the be t algorithm 

In ilie selection of a sui tab Ie M L al gori thm for data anal ys is many aspects should bc tak n into 

.count, and most of the times selecting an algorithm only on the base of the promiscd accura ' , 

or computational speed leads to unsatisfactory results [56}. 

[56], Proposed a selection framework that works on twO different layers, each onc link d t a 

different aspect of the analysis . This would guide the user in the selection of the ML algorilhm 
su't bl fi I . f the ML al gorithm ele ti on i 

I a e for the analysis of a specific dataset. The lrst ayer 0 b d h f nalysis (i e learning acti ity , 

ase on the presence of labels in the dataset and on t e scope 0 a .. I h' . U . ' d Learning alg rithm . In the 

ntIs way, the user is guided towards SupervIsed or nsupervIse f 
MI alg rithm . '\ h 

second layer, four more drivers guide the user in the identification 0 proper ~ 
drivers have been identified after a literature revieW of ML application cases 
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1\ orithm selection process also associated to multiple drivers and d' t · h . , ,1g a asct c aractCrl , \1 •. .' 111' 

of the drivers are listed as the fo llowing 

iii" Type: The ML algorithms are built under specific assumption ; each n is usuall 

informed to work with specific types of data (binary, discrete , categorical, and conti nu us . 

cal
ability

: The scalability of an algorithm measures the growth of its time c ml I it ) 111 

,1.lion 10 the growth of the pro b I em size. It measures the capacity of a n a I gori Ih m I ha nu I ' Ii , 

inputS. 

Robustness to Outliers: It is defined as the ability of a M L algorithnl to dcal \. ith th 

ol d.ta not belonging to the analyzed sampl . If an algorithm is robust 10 oulli I' an I "' is ', il> 

perfonnance is not affected by their presence . 

Response Type: 1\ is defmed as the outcome of the analysis. As for Ihe Data Typ driv 'r , lh ' r ' 

", different possible types of response for the analysis. As for the Data Type driver, th p ssihl' 

Response Types are binary, discrete, categor' cal and continuous. 

The researcher identified three ML algodhms suilable for their scope (driver Le'unin' an I 

L~ming Activity) and Ihe dataset characteristics (drivers Data Type, Scalabilily, Rol uSln 'SS In 

OutlierslNoise and Response Type). 

64 



cc Ion ramework Machine Learning Algorith m ScI' f F 

~ 
c ..... 
~ 

Supervised Unsupervised 

t Q) 

~ 
~ 

...l ... 
'" ~C ... ..... Classificat ion Clusterin J 

il- ·e .. ~ 
C'l -

Regression 

Q) U 
~<C 

Q) 

0.. 
;;.... 
f- Binary iscrete Categorical ont i11Ll()lI ~ 

£3 
C'l 
a 

.q 
.D Ye No 

C'l 
-;; 
U -r./l 

... 
Q) 

~ Q) 

...l 
0 <fl ... ·0 

-0 
<fl 

C ~Z Yes No 

0 c ....... 
t) ... <fl 

Q) <fl ... 
rJl ~~ o ... 

~8 

Q) 

6 
~ 

Q) Binar Discret 
Categorical 

Continu 1I 

<fl 
c 
0 
0.. 
<fl 
Q) 

~ 

Figure 4 8 M h . L · . - . .. oc me eammg Algorllhm Sel 'Clion Framewo,k (Adopted [)6]! 

Thcre are various Supervise machine learning algorithms like Decision tree , upport vc 'lOr 

mochine (SVM), K-nearest neighbor, K-means clustering, Naive Bayes, Random Fore t t . Th' 

performance of these algorithms is depending on the data set provided. So before d'l l 

model, selection of particular algorithm play very impor1a
nt 

role in the perf rman c r th' 

model. Algoritlun selection processes waS done based on the best fit for the probl m. I . t I'll r r 

the data and b . . y refernng related literatures Suggestions. 
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1i.e SVM is suitable for binary data, but also di screte data can be u ed a \11 IlIput. Ii i Ih 

dimensional data can be managed easily. K-Nearest Neighbor can work with binar 

,ariabl
es

, but its performance is strongly affected by the data size and the pre en r utli'r" 

ond noise. Logistic regression is suited for binary classifications. Logi tic rcgrc i n ai ' rilhm 

alculates the class membership probability for one of the two categories in a data ct. It i: t . t 

luited for data clearly separated by a single, linear boundary (56). 

4.3.2 Evaluation Metrics 

performance evaluation metrics are used to determine how effecti vely a machinc I arnin' nl ,Ii 'I 

perfunned with the test data was given. A learning model's fundamental purpo c i to "n 'rali, ' 

"",ssfull y on data that has never been seen before. 0 n spec i fI c learn in g m dc I. , sp " i Ii . 

metrics must be utilized, and not all m trics may be em pia yed in a single model \ 8\. T 

rompute the metrics, this study use a onfusion matrix as shown in tablc 4.7 bel w an I a ' """ , 

as the main evaluation for the developed models. 

True Classes 

positive Negative 

'" ~ <l) 

'" .~ '" 
FP 

~ 
+oJ TP - 'Vi 

U 0 
c.., 

"0 
~ ..... <l) 
e.J .- . ~ 
"0 +oJ FN 

TN 
~ 

CIl 

:... on 
~ 

<l) 

Z 

Table 4. 7: Confusion matrix (Adopted /ro m [58J) . . . d tl 10del predicted a 10 iti aiL! 

'TP (True positive): The actual value was pOSitive an Ie n 

'FP (False Positive): Your prediction is positive, and it is false . 

' FN ..' . ld result it is also fa lse 
(False Negative): Your predlctlOn IS negatIve, al 

. d the model predicted a neg
ati 

' TN (True Negative): The actual value was negative an 

aiL! ' 
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l curacy: Accuracy is a measure for how many correct pred ' t ' ,.c IC IOns our model. ade f I Ih ' 

, ," e pC! ormance of Ih m d'i "'plete test dataset. Accuracy is a good basic metric to measure th ·f 

:~I,ThisstudY used accuracy as the main metric to evaluate the developed model ula ' , i 

a\cul
ated 

by dividing the correct predictions to the overall prediction value, 

Accuracy ~ r..P+ TN 
TP+TN+FP+FN 

lr«ision: Precision tells us how many of the correctly predicted case actually turned ul I h ' 

I"itive, This would determine whether our model is reliable or not Preci ion i Ihc rali I l' 

correct prediction to the sum of true and false positive predict ion, 

Precision ~ T P 

TP+FP 

Recall: Recall tells us hoW many of the actual positive cases we were able to predict COl'\' , 'II 

,ilh our model. Recall is the ratio of correct prediction to the sum of true po iIi e and 1'01, 

negative prediction. 

Recall = TP 

TP+FN 

FI..Score: When we try to increase th precision of model , the recall groWS down and i '. 

' Ola, FI.Score is a harmonic mean of Precision and Recall and so it givc a cumbincd id "I , I' 

.boutthese two metrics, It is maximum when precision is equal to recall. The F· core IS a' a 

co b

' , ' , d I I ' I lated as the harm ni 111 "In or 
m mmg the preclslOn and recall of the mo e , t IS ca cu 

precision and recall, 

F l-Score= _,,--_1=---:-_ 1 1 recau+ precision 

, 'ff k' d r exp rim 'n\ 

As it is stated above, the study applied tWO methods for runnlOg dl erent In ' , nam I splits, Based on the experimental d \ 'n 

e y, 10 fold cross validation and percentage 

44 R' . , unnmg Expenments 
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"a e InO e 'c ul! and an,I),i 
"j blishing a model to be developed is very important to see th d \ . 
• h II u, I rIO I ,'ch result, to compare the result of one model with the previous one al1d [-lnall 
I . on cqucnl y, for "h f I, 

t 
the outperfonning model based on criteria of evaluation C I 

,. h. - be n d '" I , "'elho
ds 

(10 fold croSS validation and percentage splits) following scenal'l'o 

each of three-selected model with python tool. 

Scenario #1: Performance result befo re feature selection 

Scenario #2: Pelformance result after fea ture se lection 

Set,ar;, #3: Performance result with 30 - 70 Percentage split (in KNN, ' VM & J)? ) 

Sre'QJio #4: Performance resulL with 20 - 80 Percentage split (in KNN, .. VM & LII 

Set",io #5: performance res ult with 1 0-Fo I d cross val ida lion (in KN N, S V M & I ,R) 

The researcher has been selecled the ab ve five scenarios by considering Iherr ca. buildi" ' . 

, rdeffitanding and interpretation of the model they generate, suitable for thc expcrim ' Illal 

data set and literature supports. 

4.4 .1 Model building using K-Nearest Neighbors 

K _ Nearest Neighbor is a supervised learning algorittun where the result of new in taneC IU" 

isclassified based on majority of k-nearest neighbor catego ry [411· The K- carcsi -i ghl< r 

(KNN), is one of the very powerful algorittun nf machine-learning algorilhm i- used in ,his 

research. 

KNN classification used to classify data s ts in to twO labels based on Ihe label of majorilY f il> 

neighbors. The KNN algorithm assumes that similar things exist in proximit Th quo, - ' \ ir b 

of Ihe same feather flock together" better explains the KNN classification. A nonpara

m 

tri 

classification method class i fi es data sets based on learning from train i og d ala ct 161 

4.4. \.1 How KNN works 
KNN . d I' pro ided wh I' ,h - doa 

is a supervised learning algorithm. A labeled traiOlng atase , point I ' ·f the unlabeled data can b PI' di l' . In 

s are categorized into various classes, so that c ass 0 
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'ficatio
n 

different characteristics determine the class to I' I I (\aSSI ' . . W 11C 1 I1c unlab \cd dala 'I 

ase on c osc t r n I lht ring 'NN is mostly used as a classifie r. It is used to classify data b d I ' . 

'ning examples in a given region. This method is used fo r its simpl" t f . OJ ICI Y 0 exe ulJ n and I '" 

",putatio
n 

time [6 I]. Accordin g to the nearest nei gh bor tech n iq ue, the new un la bcl ' t dal I' 

~'fied by determining which classes its neighbors belong to. K alg lithm utitil , Ihi 

ncept in its ealculati on. Incase of KNN a I gori thm, a parti cu I ar val ue 0 r K i r. x cd , hi ' h hit, 

us in classifying the unknown tuple. 

I\en a new unlabeled tu pie is enco un tered in the dataset, KNN per form twO opcrat i on<: t· i 1>1 . 

• .wyzes the K points closest to the new data point, i.e. the K nearest neighbnrs. , ' I nd, usin ' 

Ie .,ighbour's classes, KNN detennin s as to which class the new data should hc 'l'lSSir. ' I 

into. When some new data is added, it classifies the data accordingly.The K 

explained on the basis of the below algorit m: 

\! rk in ' ' a \1 \ • 

Step-I: Select the number K of the neighbours 
StJtl"l: Calculate the distance (Euclidean) between the query-instance and all the trainin ' salOl I 'S 

Sttp-l: Sort the distance and determin nearest neighbors based on the K'" minimum di ,wn " 

Step-4: Gather the category of the neare n ighbo
rs 

Stop.S: Use simple majority of the category of nearest neighbors as the prcdictio
n 

alu ' of th ' 

query instance 
There is no particular way to determ i ne the best value for "K" , so we need to try orne a I u ·s t 1 

find the best out of them. The most preferred value for K is 5. A velY low value for K sli 'h ii' 

K~ I or K" 2, can be noisy and lead to th effects of outliers in the model. Large aluc ' I( r K .r' 

good, but it may find some difficulties (Antony Christopher [621) . 

Disadvantage 

Advantage 

Hi gh prediction complex ity fo r lar!;bc data 

f 
. I e datasets ince Ih 'ntir' trainin' 

great 0 1 arg , 
data is processed fo r e er pI' di ' li n. Iffiple to implement and intuitive to understand 



; learn non-linear decision boundaries when used 

.dassification and regression. Can came up with a 

;~r flexible decision boundary adjusting the value 

)fiStantly evolves with new data: Since there is no 

\~licittraining step, as we keep adding new data to 

. nataset, the prediction is adjusted without having 

Hyper-parameters: There is a single hyper­

, the value of K. This makes hyper-

tuning easy. 

r pre lctlOn complexity \I ith hi 1\, r Highe d" 

dimensions: The prediction c mpl xi I in 

supervised learning gets higher f r hi 1\, 'r 

dimensional data 

KNN Assumes equal importance to all 

features: Since KNN expects poinl 

ALL dimensions, it mi ght not con id r p illts t\1'1\ 

are close in several dimcnsions, thou 1\, fanh r 

away in a few favorabl y. 

Sensitive to outliers: A single mi label I 'X<1Il1\ I ' 

can change the class boundaries. Thi , cc uld 

specially be a bi gger problem for h r lcr lim 'nsi ns 

of distance metric: There are many distan e 

to choose from . Some popular distan e metrics 

.. ~ areEuc1idean , Manhattan, Minkowski, hamming 

~istance and so on. 

Tab le 4.8, Pros and cons of KNN 

Experiment 3: 

The experimentation was performed with the k- nearest neighbor IO-fo ld cros validati a tc ·t 

~tion. In 10-fold cross-vali dati 0 n, the i nitia I data are random I y pa rti tioned i oto 1

0
m ut ua II ' 

~c\usivesubsets or "folds," I , 2, 3 .. ' 10, each approx imatel Y equal size. T rai ni ng and t c tin gar' 

~rformed 10 times. In the ftfst iteration the first fold is reserved as a test set, and the rcmaining , 
9folds are collectively used to train the classifier; the classifier of the second iteration i train'd 

on folds 1, 3, 4, ... , 10 and tested on the second fold; and SO on. 

In this ex . . I k . P th n t us' 
penment, we have done preprocessing and <,penment. wor 5 uSing 

dataset ad ' . d . K Ig ri thm. 'I h 
n opttmtze the data. An analytical task has been one usmg a 

obj"'ive of this work is to predict quality of service of 20 OSM network based n diff' r ilt 
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.",meters. After experiment has been done through KNN . I , . .. ' 1 esu t shows as n th " ill 

.;b\e 4.9. 

0.9869 281045751634 
Classif i cat ion Report: 

precis ion recall fl- score support 

0 1.00 0 .97 0.98 195 

1 0.98 1. 00 0.99 264 

0.99 459 
accuracy 

macro avg 0.99 0 .98 0. 99 459 

weighted avg 0. 99 0 .99 0. 99 459 

confusion Matrix : 
( (189 61 

( o 26411 

Fi8''' 4.4, Performance resull for KNN algorithm wilh 20- 80 Percenlage , pJiI 

K.Nearest Neighbor (Algorithm) 
Accuracy Precision Recall Fl - Scorc 

9 96 96 95.930 
Experiment 3: 70% train, 30% test 

99 99 99 99.692 
Experiment 4: 80% train, 20% test 

Experiment 5: 10 - fo ld Cross Validation 
99.825 

Table 4.9, Pe~formanc e result fo r KNN 

As ,hown in the above table 4.9, the experimentation has performed in lhree scenario b u: in' 

pocentage split test mode at the split of 70% - 30%, 80% - 20% train Ie I and \ 0- r " 
yard . d \ h ve different r LIlt in Ih 

\ atlon. Hence, out of the total three experimental mo e s we a hich Ie l·d a 

" COI1ICY of the model. As a result, model 5 had the greatest performance, 

e or k- nearest nelghbor algonthm. best mod 1£ . . 
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11. veral1 performance of the selected model is measured ' [' ' ", 0 uSing can uSlon matn ' "Iu ,i III 

, \Uliqu
e
, Accordingly, from three experiments of KNN experirnent S - 'r ' ' , pel 01 m bCII r " h!'l, h'" 

:""anaccuracy of 98,825%, This shows that out nf2296 instances 2,291 (99,82 % in <an " 

lI'ere correctly classified while 5 (0 ,8%) instances were incorrectly classified, 

.4.2 Model Building Using Support Vector Machine (SV M) 

VMs find the hyper plane having one dimension less than the original dimen ion.li, r Ih' 

l.tOO separating the two classes, The target of the sepa rati 0 n is to max i m i7.i ng the d i S\'l n 'e r 

~ elements of the classes from the hyper plane on the d ilTeren t sites 0 I' i 1 Th' c I (S' 51 'I a" 

lement from the two classes is called support vectors (Hamel, et aI. , 2009) \ S3 \' 

()Ie ofthe most effective tools of the SVM is usi ng kernel functions. The idea 10 en 'ur' hi ,h 'r­

lass separation capability is to transform the input space into anothcr space havin' usual I 

hlgher dimensional i ty . Thi s space is called as feature space W hen an a ppropri ate Ira ns I' rmal i nil 

, found for the problem analyzed, typically, it results better modeling accuracy an I usuall il 

"uI" no significant increase in computational time. Another very important fealure of S ~ 5 is 

1>1 the target function of thei r training for build i n g u p its k erne lis quad ra t ic and can 'x h" ill' 

• local but agIo bal extreme [54 J. These features and their prom i si ng app I ical ion, resu II thOl 

VMs are very popular in machine learning applications , 

11M were further developed and extended to handle much more complex as ignm 'nl , , , 

multiciass classi ficati on even if when the cl asses are not I inearl Y separable. In thi s ca e the la r ' 'I 

of the SVM is to minimize the number of misclassified class elements togcthcr wilh 111 ' 

m imi,.tion of the di stanc e between the separating hyper plane and the support eel or I . I 

IIosed on the promi sin g res u I ts in classi ft cati on assi gnmen ts S VMs were ex tended to r a I i I . ' "I. 
, ' b'I't' 'e con ider'd ab 

"limation tasks. Similar to the classifICation thei r estimatIOn eapa I I \CS aI . , 'h' h (Hamel et al 200 , '\ h ' 

uccessful even if the dimensionality of the ll1put space IS very Ig ," in t .' . f tl developed model c pc iall ' ir 

pu -output conflguratlOn strongly mfluences the accuracy 0 1e 

dependencies between parameters are non-invertible (42). 
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J2.\ HaW SVM works 

The best way to understand the SVM algorithm is by f' . ocuslng on Its pr imary t)P ' · Ih': 

. . come up with a hYI cr- Ianc in ' \11 
•. a5sifier. The idea behind the SVM classifier is to 

..,sional space that dIVides the data points belonging t Hf ' < 
. . 0 I elent cla c. II " "r. Ihi 

J; Ip ane provldl\1g tl . . • 1C ma Im um mar ' 111 ,vper.pan
e 

IS chosen based on margm as the hype· I . . 

tween the tWO classes IS considered . These margins a I I . 
. re ca cu ated usmg data poinl . kn " n" 

upport Vectors. Support Vectors are those data points that · . 
. . . aIe neal to thc hypcr-plane and 11'lp 

Ifi onentlng It. 

• Milxlmum 
M,1rgin positive J" , Hyperplane 

Maxim um " " " / • • Mar~) in --+---~~~~ ", •• • 

Hyperp lane ' •• 

• 
C> • • • 

, , 

/ " , 

Negative H perplane 

figure 4.5, linearly separable data points 

upp It 
V eto l S 

upport vector machine can be one of the twoS 

o Linear SVM: Linear SVM is use fnr linearly separable data, which mean ' if a daltl" 1 

can be classified into two class
e 

by using a single straight line, then such dala i I 'nn ' I 

as linearly separable data, and clas ifier is used called as Linear SVM clas iGer 

o Non-linear SVM: Non-Linear SVM is used for non-linearly separated dala. ,hi h m'an, 

ifa dataset cannot be classified by using a straight line, then such data i \Crm

cd 

as n n-

linear data and classifier used is called as Non-l ineal SVM classifier. 

If fue functioning of S VM cl assi fi er is to be understood mathematical I y then i I can bc uno " I 0 

in the following ways 
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, r SVM: The working of the SVM algorithm can b d linea e un erstood b u in I an 'ami I • 

, pose we have a dataset that has two tags (green and blue) and \ . lp . ' t 1e data et ha t\: leatuf " 

.J x2 We want a classrfier that can classify the pair(x 1 x2) ·f d" .1U ' ' 0 COO l' mate in either If' 11 I 

~,ue . consider the below image: 

• • 
• • • ... • • • 

• 
• 

oas it is 2-d space so by just using a strai ght line, we can easily separate the e \v I 
. ass 'S, 

However, there can be multiple lines that can eparate these classes. Con ider the bel w ima I ': 

• • 
• • • • • • • • • • 

• 

H,,,,, the SVM algorithm helps to find the best line nr decision boundary; this best boundar r 

jon i, called as a hyperp 1 ane. S V M al gori thm finds the closest po i n t oft he line [rom bnth th . 

I"",. These points are called support vectors. The distance between the vectors and th' 

~perplane i, called as margin. Moreover, the goal of SVM is to maximize thi marg

rn

. 

The hyperplane with maximum margin is alled the optimal hyperplane. 
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• 
Support vec t or ,-. .~ . .-
, , , , 

, , 

, , 
, ~ 

Opti mal H yperp la n e 

, 
~ . / 

, , 
, , 

, , 

, , , , 

" 

Support vector 

• 
• 

So.Line.
r 

SVM: If data is linearly arranged, then we can separate it by using a . lI ai 'ht lin ' . 

., fur,on-linear data, we cannot draw a ingle straight line. Consider the below ima' : 

• • • 
• 

• • 
• • • 

• • 

oto separate these data points, we need to add one more dimension. f or linear data , ' h" ' 

oed two dimensions x and y, so for non -linear data, we wi II add a third dimension z. It can I c 

calculated as: z=x2 +i 

By adding the third dimension, the sample space will become as below image: 

• •• 

z 

x 
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. VI SVM will divide the datasets into classes in tl f II . no , 1e 0 OW l11 g way. 

.. .. .. .. 
.. .. 

z .. 

• 
x 

.. .. 
Best Hyperplane 

\iIt< we are in 3-d Space, hence it is looking like a plane parallel to the x -axis. If we . n -f! il 

,o2d spacewith z==l , then it will become as: 

Hence, we get a circumference of radius 1 in case of non-linear data. 

Disadvantage 

Advantage 

VM works relatively well when there is a 

lear margin of separation between classes. 

VM is more effective in high dimensional 

VM is effective in cases where the number of 

Imensions is greater than the number of 

samples. 

SVM algori thm is not suitable for \ar" lata 

sets. 

SVM does not perform very well wh '11 thc data 

set has more noi se i.e. target c1as c arc 

overlapping. 

In cases where the number of feature 

data point exceeds the number of train ing dat<l 

samples, the SVM will underperf 1111. 
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- 0 1 e assl lcr w rk b As the support veet . I . fi 

il'M is relatively memory etflcient 
putting data points, above and bclo th 

classifying hyperplane there is no pr babili ~ t i 

explanation for the classifIcation. 

[aol
e4

.10, pros and cons of SVM algorithm 

0.9803921568627451 
precision rec all f1-score s up port 

0 1.00 0 . 9 5 0 . 98 195 

1 0.97 1.00 0 . 98 264 

0 . 98 459 

accu racy 

macro avg 0 .98 0. 98 0.98 459 

weighte d avg 
0.98 0 . 9 8 0.98 459 

[(186 9J 

[ o 264 JJ 

figure 4.5, Performance resu it for S V M algori/ hm w i/h 20 - 80 Percentage sph l 

Aftel experiments done through S V M, result shows as the fo II owi n g tab Ie 4. I I . 

Support Vector Machine (A Igo rilh m) AceD ra cy Precis ion Recall F I - SeQ rc 

98 98 98 
Experiment 6: 70% train 30% test 

98.255 8 

Experiment 7: 80% train 20% test 
98.0392 98 98 98 

Experiment 8: 10 _ fold CrosS Validation 99.2013 

Table 4 11 ' . . ,experimental result In SVM 
As h cd' tl 'ee eenano by u. ing 

s own in the above table 4.11 , the experimentation has peno
rrne 

In ' 11 ' 

percentag l' . 01 "0°1 80°1< - 20% train te t and 1 
e sp it test mode at the spl1t of 70 /0 - J /0, ° va\idat' . . d I we have different rc ult in th' 

lOn. Hence, out of the total three expenmental rno e s 
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-

accuracy of the mode\. As a result, model 8 had the greatest performance, which scl 'el d a a 

best model for Support Vector Machine algorithm. 

The overall perfonnance of the selected model is measured using confusion matrix c alu Ii n 

technique. Accordingly , the mod I has scored an accuracy of 99.20 \3% on experimcnl 8. Thi 

showS that out of 22 96 instances 2,277 (99.20 13 %) instances were correct I y cI a iii cd , hi Ic I 
9 

(0 .83%) instances were incorrectly classifled. 

4.4.3 Model Building using Logistic Regression 

Logistic regression is another example of supervised learning. It is used to calculal
c 

r prcdi ., 

the probability of a binary (yes/no) vent 0 curring. Since we have lwo possiblc oulComc I lhi ' 

question _ "Success" in network qual it or" F ai I" q uali ty of mobile nel work - th is i called b i nar 

classification. In logistic regression, the outcome is continuouS and can be any P ibl ' alu ' 

However, in the case of logistic regre. sion, the predicted outcome is discrcte and reslrielCd I a 

limited number of values [501· 

Logistic regression is a powerf I tool, a\lowing multiple explanalory variablc bcin' an-l l z·o 

simultaneouslY, meanwhile reducing the effect of confounding faclo
rs 

l50J 

4.4.3.1 Haw Logistic Regression works 

Logistic regression predicts the output of a categorical dependent variable. Therero

rc

• lhc . b . I Y .10.. 1 0 . \ t 'ue or Fa\ e 

outcome must be a categorical or dlScrete value. It can e erl "r es 01 ,,0 , 0 1 , 1 . 

etc. but instead of giving the exact value as 0 and I, it gives the probabilistic valUes v hich li e 

between 0 and 1. 

y 

1 L-__ ------------~~~~4 :...-..+ S-Cu rve 

y 0.8 

----- ------------
0 .5 - - - - - - - - - - - - - -

o 
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Logistic regression uses the concept of predictive modelling as regression; therer rc, it i call d 
, ' un er Ie c a lilcatl n 

logistic regression, but is used to classify samples ' therefore l't fall s d tl \ . r: . 

algorithm. 

Logistic regression models are generally used for predictive analysis for binary cia ilicati n I 

data. However, they can also be used for multi-class classification. Logistic regre sion 10 d I 

can be classifled into three main logistic regression analysis categori es. They are: 

Binary Logistic Regression Model: This is one of the most widely used logistiC rc 'rc sion 

models, used to predict and categorize data into either of the two classes. For examplc , a paticnt 

can have cancerous cells, or they cannot. The data can't belong to two categoric at thc am 

time. 

Multinomial Logistic Regression Mod 1: The multinomial logistic regression model i u cd t 

classify the target variable into multiple classes, irrespective of any quantitativc signilic'm
cc

. F r 

instance, the type of food an individual is likely to order based on their diet prclcrcncc 

vegetarians, non-vegetarians, and vegan. 

Ordinal Logistic Regression Model: 10 ordinal logistic regression model i u ed t cia il 

the target variable into classes and also in order. For example, a pupil 's pcrlormance in an 

examination can be classified as poor, good, and excellent in a hierarchical ordcr. Thus, w can 

see that the data is not only classified into three distinct categories, but each catcgory ha' " 

unique level of importance. 

Machine learning generally involves predicting a quantitative outcome or a quali tat i
vc 

cia . Thc 

former is commonly referred to as a regression problem. In the scenario of linear rcg
rcs 

ion. th ' 

input is a continuous variable, and the prediction is a numerical value. When prcdicting a 

qualitative outcome (class), the task is considered a classifrcation problem. Examplcs I 

classification problems include predicting what products a user will buy or if a target u er v ill 

click on an online advertisement. 

Not all algorithms fit cleanly into this simple dichotomy, though, and logi tic r grc n i " 

notable example. Logistic regression is part of the regression family a it in Ivc prcdi ting 
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outcomes based on quantitative relationships between variables . However, unlike lincar 

regression, it accepts bnth cnntinuous and discrete variables as input and its output is qualitatl c. 

In addition, it predicts a discrete class such as "Yes!No" or "Customer/Non-customer", 

In practice, the logistic regression algorithm analyzes relationships between variables. It a 19n 

probabilities to discrete outcomes using th sigmoid function, which converts numcrical rc ult 

intn an expression of probability between 0 and 1.0. probability is either 0 or 1, dcpcnding n 

whether the event happens or not. For b'nary predictions, you can divide the population into two 

groupS with a cut-off of 0.5 . Ev rything above 0.5 is considered tn belong to group A. an I 

everything below is considered to belong to group B, 

0 .7 5 

0.5 -------- -- -

D.25 -.. . . 

5 10 1 5 20 25 3 D 35 D 
D 

A hyperplane is used as a decision ine to separate two catego ries (as far as po siblc) aftcr data 
, ' ' 'h S' 'd f nction The class of future data point 

pomts have been asslgned to a class usmg t e 19mOl u ' 

can then be predicted usi ng the decision boundary, 

y 

x 
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Advantage 

Logistic regression is easier to implement, 

interpret, and very efficient to train . 

It makes no assumptions about distr 'butions of 

classes in feature space. 

It is very fast at classifyi ng unknown records. 

Good accuracy for many simple data sets and 

it performs well when the dataset is lin rly 

separable. 

It can interpret model coefficients as 

indicators of feature importance. 

Disadvantage 

If the number of observations i Ie er than 

the number of features , Logistic Re g,re ion 

should not be used; otherwise, it may lead to 

overfl tting. 

It con tructs linear boundarie . 

he major limitation of Logistic Rc g,re ion i 

the assumption of linearity bctween the 

dcpendent variable and the independent 

ariab les . 
on-linear problem can ' t be olved with 

logistic regression because it ha a lin " II' 

ecision surface. Linearly sep'lrable data is 

rarely fou nd in real-world cenari o . 

It is tough to obtain complex relationship ' 

u ing logistic regression. More powerful 'lnd 

compact algorithms such as cura \ ct ork s 

can asi ly outperform this algo rithm . 

Table 4.12, Pros and cons of Logistic regression algorithm 
Model building was performed using the logistic regression algorithm with Percentag plit te t 

mode 80% train and 20% test option in each experiment is shown as the fo llo
v 

ing tabl ,4.13. 
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0.9985486 211901307 
precision recall fl-sco re support 

0 1.00 1.00 1.00 377 

1 1.00 1.00 1.00 312 

1.00 689 

accu racy 
macro avg 1.00 1.00 1.00 689 

weighted av g 1.00 1.00 1.00 689 

[ [376 1] 

[ o 31 2}] 

Figure 4.6 Exam pi e performance resull for Loglst Ie Regress lo na1g
or 

it hm 

Logistic Regression (Algorithm) 
Accuracy Precision Recall Fl - core 

Experiment 9: 70% train 30% test 
99.8248 100 100 100 

Experiment 10: 80% train 20% test 

99.8248 100 100 100 

Experiment 11: 10 - fold Cross Validation 99 .8548 

Table 4.13, experimental result in LR 
As shown in the above table 4.\3, the exp r imentation has performed in tbrce cenano by u ,og 

percentage split test mode at the split of 70% - 30%, 80% - 20% train tc t and 10-cro 

validation. Hence, out of the total three experimental model we have diffcrent re ult in thc 

accuracy of the model. As a result, model I I had the greatest performance, which clcct d as a 

best model for Logistic regression Machine algorithm. 

The overall performance of the selected model is measured using confusion matrix cvaluati o

n 

technique. Accordingly , the model has scored an accuracy of 99.8548% in expcrim

cnt 

II . Thi 

shows that out of 2296 instances 2,292 (99.854%) instances were correctly cia iG c I. v hil e 4 

(0.17%) instances were incorrectly classified. 
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4.5 Result Discussion and Comparison 

In order to select a machine _ \earning mode I for c1assifi cati on tasks in the con tex t of t hi s study, it 

is necessary to evaluate the selected best model from KNN , SVM and logistic regression. "ach 

model basically evaluated based on their classification accuracy results. 

The researcher created predictive models for quality of service of 2G GSM mobile network, by 

using Drive test dataset collected frnm Ethiopian Communications Authority (ECA) with thrcc 

machine-learning algorithms. The best results were achieved through logistic reg
rc 

sion 

Generally, most of the algorithms us d achieved model accuracy greater thao 95%. Thc best 

algorithm (I ogi sti c regression) produced an ccuracy of 99.854%. 

The methods and concepts for building pr dictive models for use in quality of services havc becn 

well described. In comparison with results from logistic regression on the same datasct, the 

models created using support-vector machines and k-nearest neighbor produced slightl Y bcllcr 

results. In the first, models created using logistic regression on data from QoS prod

uecd 

bcllcr 

results (Accuracy ~ 99%) than models created using support-vector machines (Accurac y ~ 
97.36%) and k-nearest neighbor (Ac uracy == 9 .24%). 

K-neares
t 

Neighbor Support Vector Machine Logistic Regre sion 

Percentage split test mode 70% train 

99 .824 

Accuracy 95 .930 
98.25 5 

100 
98 

Precision 96 
\00 

98 
Recall 96 

689 
98 

Fl - Score 96 

Percentage split test mode 80% train 
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Accuracy 98.692 98 .039 99.824 

Precision 99 98 100 

Recall 99 98 \00 

Fl - Score 459 459 
689 

10 -fold cross validation test mode 

Accuracy 99.825 
99.2013 

99 .8548 

Table 4. J 4, Summery and Comporison of classijica/ion accuracy for /he /hr" clossil
i 

' f S 

As indicated in Table 4 . I 6, based on the classification accuracy , Logistic reg
rc 

i n clas i Ec, 

shows the highest classification accuracy. It accurately lassifles 99.854% of KP I rcc ,rds in t 

their right QoS labe\. Consequently, the odel built on logistic regression is thc best m del to 

classify KPI instances in to their correct clas when it is compared to the other twO cia iflcrs. 

On the above, experim en tati ons either 10 fa I d or percentage sp lit test opti ons or thci r rcspc ti c 

models were built, evaluated and compared. Finally, a model built using logistic rcg
rcs 

i n modc 

was taken as a tinal model for thi s particular study based on its performance relati vc to thc thcr 

two (SVM and KNN) classifiers . 
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classification accuracy results for three classifiers 

101 

100 

99 

98 

97 

96 

9S 

94 

93 
Supon V.:ct()l' Machine 

Logistic Regression 92 
K-nearest Neighbor 

. 20-80 split . 30-70 split 10-Fold 

The findings the study based on the literatures review and experimental results how that all 

Setup Success Rate, Handover uccess rate, dropped call rate and call altcmpt arc thc majo r 

determinant factor of Quality of Ser ice of GSM network. On the experiment, the re careh can 

observed on the performance results that the three key performance indicators are relevant fn r 

model development. 

4.3.5 Evaluation 

The selected model generates different rul s. Among them, a sample of di scovered r'ules v a 

presented for discussion is as follows. The semantics of these rules with the real environment i 

confirmed by domain experts. 

Rule #1: If Call Setup Success Rate ~ High and Call drop rate is ~ loW and inter-cei l hando

ver 

success rate ~ Hi gh and call attem pt ~ Low, Then the Qua \i ty of service of G S M net wo [k wi II be 

"Success" . 
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Rule #2: If Call Setup Success Rate = Low and Call drop rat . - I d . 
e IS - ow an Inter-cell hand '1' 

success rate = High and call attempt = Low, Then the Quality of service of G M network il l b' 

"Fail" . 

Rule #3: If Call Setup Success Rate ~ High and Call drop rate is ~ low and inter-cell hand cr 

success rate ~ High and call attempt ~ High, Then the Quality of service ofGSM nctwork , ill b 

"Success" . 

Rule #4: If Call Setup Success Rate ~ High and Call drop rate is ~ High and inter-ccll hando cr 

success rate ~ High and call attempt ~ Low, Then the Quality of service of GSM nctwo rk will bc 

"Fail" . 

Rule #5: If Call Setup Success Rate ~ High and Call drop rate is ~ low and intcr-ccll hando ' r 

soccess rate ~ Low and call attem pt ~ Low, Then the Quality of servi ce 0 r G S M nct work i II be 

"Fail" . 

Rule #6: If Call Setup Success Rate ~ Low and Call drop rate is ~ High and intcr-ecll hand vcr 

success rate ~ Low and call attempt ~ High, Th n the Quality of erv i ce of G M net work wi II be 

"Fail" . 

Rule #7: If Call Setup Success Rate ~ High and Call drop rate is ~ Low and inter-cell hand v r 

success rate ~ LoW and call attempt ~ High, Then the Quality of service of GSM network will be 

"Success" . 

Rule #8: If Call Setup Success Rate ~ High and Call drop rate is ~ High and inter-cell hando er 

success rate ~Low and call attempt~ High, Then the Quality of service of GSM nctwork v ill be 

"Success" . 

Rule #9: If Call Setup Success Rate ~ LoW and Call drop rate is ~ High and inter-cell hand vcr 

success rate ~ High and call attempt ~ High, Then the Quality of serv ice of GSM netw rk ill b 

"Fail" . 
Rule #10: If Call Setup Success Rate ~ LoW and Call drop rate is ~ LoW and inter-cell hand r 

success rate ~ High and call attem pt ~ LoW, Then the Qua Ii ty 0 f service 0 f G M n t rk wi II be 

"Fail" . 
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CHAPTER FIVE 

CONCLUSION AND RECOMMENDATIONS 

The previous chapter discussed about issues in the building of the Machine-learning In d I. In 

this chapter, the researcher concludes the overall work of the study and pr idc 

recommendation for other problems to be investigated. 

5.1 Conclusion 

The aims of this project were to investiga e towards the development of an optimal model Ihal 

predicts quality of service (QoS) of 2G GSM mobile network Ihrough machine Icarnin' 

techniques by using drive test dataset. The research used and fo llowed experimcnlal re carch 

methodology to investigate the stated problem. The methodO logy has becn foil wed wh il 

undertaking the experimentation. The data for this research was taken from , thiopian 

Communication Authority in quality of s rvice department. Thcse data are collceled in Ihre 

different peri ods fi'om February, 20 I 7 to January 17, 20 I 9 a total 0 f 2,294 records and 6 

attributes. After preprocessing 2294 records and 4 attributes and one class attribulC wcrc used for 

the entire experiment and building predictive models. 

This study tries to analyze the KPI data indicatiog the general quality of crvicc (QoS) in a 

mobile network by applying different machine learning technologies. Among thc KPls lUdied 

Can Success Rate (CSR), Call Drop Rate (CDR) and Inter cen 1·landove r Success Rale (III . R) 

could measure an end-to-end performance of a mobile network . K VM and Logistic 

Regression algorithms were implemented in python to build and compare cia sir.cr model . 

Classi Ii ers were tested on 10 fold cross val i dati on and percentage sp lit tesl 0 pI ions by a rym g 

percentage of train and test splits. 

The finding of this research indicates that a 2G mobile network located in Addi Ababa cit and 

its surrounding are susceptible to failure in network quality. LoW call set up succe 

rate i 11'1 r 

exposure to failure occurrences. Moreover, the finding interpreted above Call clup ucc 

Rate, Handover success rate, Dropped call rate and call attempt are the major dclcrminant fa t r 

of Quality of service of 2G GSM Network. Following research question number one RQ I). Ih 
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study indicates Call Setup Success Rate, Handover success rate, Dropped ca ll rat and 'al l 

attempt attributes are relevant predictors to determine the QoS of GS M network. 

However, in three algorithms KNN SVM and Logistic Regres . \. \ t\ . .\ \ , slon Ig1 Y 1\111 ar re u t wa 

attained. As far the researcher try to compare the test options which more uitab\c r r th 

experimental data by using the those three algorithms, logistic regression with \ 0 fold r , 

validation test option results accuracy of 99.854% which performs a better rcsu\t than the r 

experimental results. Following research question number two (RQ2), the study indical" a 

model build in logistic regression is more suitable to predict and classify the KP\ data in 10 th ' 

right level of QoS for 2G mobile vo ice networ . 

In general, the study is limited to building a pred'ctive machine learning modcl to clas il" thc 

dataset. Based on the results found in this study, we recommend ethiole\ecorn and C !\ I 

implement such techniques to predict mobile network quality and avoid anomalic th roughou t 

the network , which will improve customer satisfaction. 

5.2 Recommendation 

This Research has been conducted mainly for an ac demic purpose. Howcvcr, it rcvcaled the 

potenti al a pp Ii cabil i ty of machine learning tec hni q L e to pred i c t the qual i ty of mobile nct work [
0 

I' 

optimizing the onguing network performance. This r search work can contributc a lot toward , 

comprehensi ve study in this area in the future, in the co ntex t 0 f our country. T hc rcSU Its ( I" t his 

study have also shown that machine learning technology particularl y the c1 assiftca ti on tcchniquc 

is well applicable in the efforts of improving QL ality of Serv ices . 

Hence, based on the lind i ngs of thi s study, the foil owi ng recommendations forwarded . 

• The learning model with the largest size of training sets appears to be the most accuratc 

and consistently delivers a much better and stable results [59]. Perfo rma
ncc 

mea urcd 

through the study is promising. However, this research was conducted l'or acadcmic 

purpose. To deploy in the company with little modification and to come up with m re 

comprehensive models, it is recommended that experimental test to be conducted b the 

organization with inclusion of many dataset by using large training and testing data et . 
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• This research has been attempted to determine the Qo of2G G M etv rk wi th limit d 

data set and 6 attributes collected from Addis Ababa ci ty and its surr unding ' . Furth '1' 

researches can also be conducted a research by using datasets co llected fr m all Ih l' 

telecommunication regional districts in Ethiopia. 

• Nowadays, business problems become complex and diver e. Thu , the r arch r 

believes that, application of other machine learni ng techniques (rather than cia if'l ca ti n) 

with different algorithms is also a potential research area in GSM cellular netwo rk . 'l'h' 

might leave a room to conduct further studies. 

• This research attempted to determine the Qo of 2G G M Network. Furth r re 'ca r h ' 

can also be conduct in other generations (Like 3G and 4G) mobile oice n I rk I) 

determine quality of services. 
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Appendix A: Salnple original data extracted from drive t t rna hit 

r Cell 
Call attem ts 1 CaU Setup \ Call 

p \ Failures Setup OK 

BCCH-11 1 24 \ 24 
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I 8 
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Appendix B: Correlation and description between predi ctor 

~ 
0-
E 
II) 

t 
III 

~ 
ri 
u a 

\1\ 
o o 

count 

mean 

std 

min 

25% 

50% 

75% 

max 

Call attempts (CSSR, %) 

2294 .000000 2294.000000 

6041412 46.409747 

3.633268 49 .727913 

1.000000 0000000 

4 .000000 0.000000 

6.000000 0.000000 

6.000000 100 .000000 

48 .000000 100.000000 

10 

-08 

-0& 

-0 4 

-0 

-00 

(DCR,%) (IHSR, %) Class (OoS) 

2294 .000000 2294.000000 2294 .000000 

1.490549 99 .264303 0.440279 

7.906753 5.542967 0.496529 

0.000000 0.000000 0.000000 

0.000000 100.000000 0.000000 

1.500000 100.000000 0.000000 

1.500000 100.000000 1.000000 

200.000000 100.000000 1.000000 
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APpendix C: Sample python code snapshots for model deve! PIT\ nl 

KNN 
In [46J: ~ from skl earn. neighbors i mport KNeighborsClassifier 

classif ier = KNe i ghborsClassifier(n_neighbors = 2) 
classifier.fit (x_train, y_train) 

_ .. H .• _._ ••••.• ·_·······h •. _,_,,_ ...... ·W ..• -.......... _.· ..••. . .................. .... _ .••. __ ._ .•. _ ..•.•....•..••..• 

out[46J : KNeighbor sClassifie r 

\~ ~=~-~~~~~ ~.~~~:~~ ~-~=~~-~:~=~-~~~~~-~~-:. ~ \ 
In (47): ~ y-pred = classif ier.predict(x_test ) 

In [48] : ~ from skl earn .met rics import classification_report, confusion_matrix, accura cy_score 

pr int (accuracy_score (y_test, y_pred)) 
pr int ('Classification Report: ') 
print (clas sif ication_report(y_test, y_pred)) 
print (' Confusion Matrix : ' ) 
print (confusion_matr ix(y_test, y_pred)) 

13. 982456141335138771 
Classification Report: 

precision recall fl-score support 

13 Lee 13.96 13 .98 47 

1 13.97 Lee 13.99 67 

13.98 114 
accuracy 

ma cro avg 13.99 13.98 13.98 114 

\~eighte d avg 13 .98 13.98 13.98 114 

Confusion Matrix: 
[[45 2J 
[ 13 6711 



SVM 
I n [17): H from sklearn.metrics import classificat ion_report, confusion matrix from sklearn.s

vm 
import SVC - ' accuracy_s core 

classifier ; SVC () 
classifier .fit (x_train , y_train) 
y_pred ; classifie r. predict (x_test) 
pr int ( "ACCuracy score:") 
print(acCuracy_score (y_test, y_pred) ) 
p r ~nt (classification_report(y_test, y_pred)) 
prlnt (confusion_matrix(y_test, y_pred») 

Accuracy score: 
0.997384481255449 

preci s i on 

o 
1 

accuracy 
mac ro avg 

weighted avg 

[[1278 6) 
[ 0 1010]) 

1.00 
0. 99 

1. 00 
1 .00 

recall fl-score 

1.00 1.00 

1. 00 1.00 

1.00 

1.00 1.00 

1.00 1.00 

support 

1284 
H11 0 

2294 
2294 
2294 

In [ ): H 

LR 

In (6): H from sklearn.model_sel ection import tra in_test_split ,_'e"o, '_"'" y_,e, ' o, y_" " • ,e,'o_" ,,_,pl"(' , y, ""_",, •• . 3, e,odo'_""" '1 
from sklearn.linear_mod el i mport Logist icRegression 

from sklearn import met r ics 
logreg = LogisticRegress ion ( ) 

out[61: 

logreg .fit( x_t r ain, y_train) 

• LogisticRegression 

LogisticRegression () 

l ogreg.predict(X_test) 

In [ 1: H 
10 (81 ' H 'co, ,kl"eo .m"e',' lmpoet """"",'oo_e,poe', ,oo""oo_",e", ""e" y_"oe, 

from sklearn.metrics import classificat ion_report, confusion_matrix 

print( acCuracy_score( y_test, y_pred )) 
pr i nt (classificationJeport(y_test, y_pred ) ) 
print (confusion_matrix(y_test, y_pred )) 

0.9985486211901307 
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