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A B S T R A C T

Customer churn is a major issue for operators that may greatly affect their

revenue. Even if in Ethiopia’s monopolistic market, there is still a challenge in

the form of subscriber service termination. To solve this issue, operators must

first identify potential service termination in advance and then take proactive

measures to reduce the number of terminations. For this purpose, telecom

operators need a prediction model to predict correctly and timely potential

service termination subscribers based on collected service usage-related data.

To anticipate subscriber behavior, the performance of several prediction meth-

ods has been explored. However, the performance of such algorithms is not

examined in the context of Ethiopia postpaid mobile service and in the case of

multi-class, where ethio telecom possesses multi-class data that enable develop

a multi-class prediction model for mobile subscriber service termination.

The goal of this study is to investigate the performance of prediction learn-

ing algorithms with multi-class scenarios for predicting service termination in

the context of Ethiopian postpaid mobile subscribers. The algorithms investi-

gated include J48 Decision tree, Random Forest (RF), and Multilayer Percep-

tron (MLP), and their performance is measured in terms of prediction accu-

racy, precision, recall, and F-Measure. Cross-validation (k=10) techniques and

a multi-class dataset are used to test the performance of algorithms. WEKA 3.9.4

tool algorithm implementation was utilized for performance evaluation. As a

result, the J48 and RF prediction algorithms almost have the same performance

on all performance parameters result. However, MLP algorithm achieved a low-

performance score compared to J48 and RF, and the accuracy of J48, RF, and

MLP are 94.9%, 95.1%, and 93.3% respectively.

Keywords: Postpaid mobile service, Termination prediction, Machine learning,

Multi-class
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1
I N T R O D U C T I O N

Mobile service is a service that can be accessible at any time and place.

It is one of the primary services provided by telecom service providers,

to which consumers may subscribe in two ways: prepaid subscription and

postpaid subscription. A postpaid subscription is a service contract in mo-

bile communications in which a client gets billed at the end of each month

for the mobile services they have used during that month. Prepaid, on the

other hand, refers to a subscription in which customers pay in advance for

mobile services by purchasing the service allocation as credit [1, 2]. Post-

paid mobile plans are appropriate for customers who are frequent mobile

users looking for a more stable contract without having to constantly top-

up (recharge). For many mobile service providers, postpaid subscribers are

generally the preferred option because they can expect a consistent income

from these subscribers [2, 3].

Service termination is a serious difficulty for operators that may consider-

ably impact their income, even in a monopoly market like ethio telecom

in Ethiopia. Since according to author [4], the definition of service termi-

nation is simply quite a service from a service provider without moving

to another competitor even if subscribers do not have other alternative ser-

vice providers. Service termination is prevalent in many sectors including

telecommunications and it can be voluntary or involuntary from the cus-

tomer’s or subscriber’s perspective.
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introduction

Service termination can harm the company’s reputation as well as its reten-

tion and acquisition rates, particularly if it is done involuntarily. However,

service termination initiated by service providers, including telecom oper-

ators such as ethio telecom, is rising and becoming more widespread [5].

Ethio telecom is Ethiopia’s sole telecom service provider, offering a variety

of telecom services such as fixed-line, mobile, broadband, and so on. Ethio

telecom has over 54 million mobile subscribers and a considerable quantity

of infrastructure installed throughout Ethiopia [6].

In Ethiopia, subscriber service termination occurs as a result of any telecom

service provider company’s implementation, which can be voluntary or in-

voluntary. According to [4], ethio telecom lost around 589,338 of its mobile

service subscribers within a quarter (November 2018-January, 2019) due to

service termination, regardless of whether the implementation approach

is voluntary or involuntary. Furthermore, according to ethio telecom semi-

annual report 2021(January2021-May 2021) and showed from customer re-

lationship management (CRM) system which deployed in ethio telecom,

there is a postpaid mobile service subscribers termination with a signif-

icant number, and more of those subscribers terminated involuntary, im-

plying that ethio telecom initiated the termination. In contrast, involuntary

service termination implemented without superior information and an ade-

quate management approach is deemed to advocate service termination as

a good business strategy [5].

One of the primary business strategies of telecom service providers identify

subscribers who are about to quit telecom services and retain them with

enticing offers and discounts [4]. Because recruiting new clients is five to

six times more expensive than retaining existing customers, in addition

increasing retention rate by 5% increases earnings from 25% to 95% [4, 7,

8]. When a telecom subscriber leaves service, the operator loses not just the

2



introduction

customer’s money but also the cost of material, labor, and time resources

used to attract those subscribers.

Customer data is critical for sustaining company income and customer satis-

faction through the development of an appropriate strategic plan to provide

proactive attractive customer service, establish a better marketing strategy,

and develop a targeted retention plan. As a result, identifying terminating

customers early is crucial by analyzing large amounts of data at the service

provider’s hands using a machine learning approach that may be easily

implemented to enable develop different models [4].

The data-driven prediction model is necessary to identify mobile subscribers

will be terminated near the future in advance to prepare a strategic plan and

retain customers.

Telecom operators generate a huge amount of data due to various reasons

such as the increasing number of subscribers, rapidly renewable technolo-

gies; data-based applications, and another value-added service [9]. This

data is used to build data-driven prediction models with different machine

learning algorithms that enable them to identify their customers who are

likely to terminate service (churn) nearly in advance and offers a firm with

important knowledge to retain and improve its customer base [4].

A good prediction model should not only correctly identify prospective

churners (terminated service), but also offer causes for their churn and an-

ticipate such results over a sufficiently extended time horizon [10]. Quality

and adequate data are required to develop a good prediction model since

machine learning algorithms cannot learn successfully without enough and

quality data and results may be garbage in garbage out. Quality of data will

be get through data preprocessing including data cleaning, integration, ag-

gregation, and feature selection or data reduction [11].
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1.1 statement of the problem

The prediction may be characterized as a classification. According to the

[12] definition in machine learning, classification is the separation of data

into various parts/classes/groups and is used to predict which dataset the

incoming data originates from. From types of classifications: Binary classifi-

cation is the process or activity of categorizing a given set of data into two

categories, whereas multi-class classification is the process of categorizing

items into several classes. It is not limited to a certain number of classes,

unlike binary.

1.1 statement of the problem

Telecom service providers face several issues, one of which is service termi-

nation or customer churn, even when customers have no option and deals

with monopoly telecom operators [4]. It has revenue consequences for oper-

ators, particularly lost postpaid mobile users, because operators expected to

collect more money from postpaid mobile service subscribers than from pre-

paid subscribers, and postpaid subscribers are limited in number. Thanks

to researchers different customer churn or service termination prediction

models proposed to tackle the challenge. However, existing developed pre-

diction models are more focused on:

• Prepaid mobile service: Most mobile users are prepaid subscribers

and focused on them, but at the same time, emphasizing postpaid

subscribers is vital, since a loss of postpaid customers means a loss of

more money [9, 13].

• Voluntary churn prediction model: Focusing only identifying a ter-

minated voluntary subscriber from an active subscriber. As a result,

focusing solely on voluntary churners may reduce the cost of offering

benefits and allow for the retention of all churners (voluntary and in-

4



1.2 objectives

voluntary) [14]. Since involuntary service termination has grown and

become popular [5].

• Model of binary (terminated/not-terminated) prediction: This predic-

tion indicates that two forms of termination (voluntary and involun-

tary) are considered as one, each with a separate termination initia-

tion.

• One type of feature selection evaluation approach: Feature selections

are key tasks in model development, and utilizing more than one tech-

nique to choose the best features will be better. Because feature selec-

tion not only reduces space and time complexity but also improves

prediction accuracy [11].

The questions that will be going to be answered in this research are:

1. What features or attributes are potentially used to predict postpaid

mobile service termination?

2. Which classification technique is more appropriate to predict possible

service termination of postpaid mobile subscribers?

1.2 objectives

1.2.1 General Objective

The general objective of this research is to develop a multi-class prediction

model of postpaid mobile subscribers service termination with a machine-

learning algorithm and propose best features.
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1.3 scope and limitation of the thesis

1.2.2 Specific Objectives

The specific objectives of the thesis are as follows:

• To identify the best attribute or features for postpaid mobile service

termination prediction.

• To demonstrate the impact of feature extraction on the performance

of postpaid mobile service termination prediction.

• To select the best algorithm for postpaid mobile service termination

prediction.

• Build prediction model and evaluate the performance of the models.

1.3 scope and limitation of the thesis

1.3.1 Scope of the thesis

The scope of this thesis focused on developed a termination prediction

model of postpaid mobile service termination in telecom operators, and

features extracted from CDR and customer profile only, implying that fea-

tures from the network side not be included in this model building. It is also

focused on developing a multi-class service termination prediction model.

In this investigation, only outgoing voice calls, SMS, and data upload and

download CDR data were used.
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1.4 contributions of the research

1.3.2 Limitation of the thesis

This thesis CDR data were collected from ethio telecom CBS system of three

months to each sampling service number and it is obvious that the three

months data may or may not have the same information to investigate the

customer usage behavior in a specific month. Therefore change this three

months CDR data to a month on average which may lose high and low

usage customer behavior for a specific month if have any within the three

months.

1.4 contributions of the research

This study offers value with developing a better postpaid mobile service ter-

mination multi-class prediction model by including one new feature which

is not included previously that can effectively and efficiently predict to en-

able identifying two types of possible postpaid mobile subscriber service

termination separately based on CDR usage and selected customer profiles

by using machine learning algorithms. As a result, telecom operators, espe-

cially ethio telecom, can profit from the following:

• Identifying postpaid mobile services that will be terminated shortly

and taking proactive measures to keep them as much as possible.

• Identifying postpaid mobile service will be a potential terminated and

developing a strategic plan based on targeted consumer data.

• To develop an appropriate strategic plan based on a reasonable cus-

tomer base.
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1.5 literature review

1.5 literature review

Churn in literature is defined as defection, customer loss, attrition, or turnover.

Churn is simply used as the act of a subscriber switching from one service

provider to another [4, 7, 8, 10, 15]. Termination of a subscriber is defined

as only quitting a service from a mobile operator and considered as churn

when there is no other competitor to leave for in the case of a monopoly

market like ethio telecom [4]. According to [4], the main feature that dis-

tinguished churn prediction analysis from service termination prediction

is Off-net calls. Off-net call means a call, which makes between different

network operators within inland.

Different researchers provide customer churn prediction models with sup-

port machine learning more focus on the competitive environment and pre-

paid mobile service. Author[4], conducted prepaid mobile subscriber ter-

mination prediction in a monopoly telecom service provider by comparing

three supervised machine learning algorithms those were random forest,

J48 decision tree, and Naive Bayes with combined the most 7 prediction fea-

tures selected by information gain and correlation coefficient. Consequently,

results showed that RF scores the highest prediction accuracy while Naive

Bayes scores the least by using confusion matrix-based validation such as

accuracy, precision, recall, and F-measures.

All churning customers may not have the same churning factors and at-

tribute ranking is used to identify the factors and hidden patterns in data

that are the main reasons for churning. Author [7] developed a churn pre-

diction model by classifying churn and non-churn customers with differ-

ent classification algorithms such as random forest, J48, random tree de-

cision stump, and so on. This study utilized information gain and corre-

lation attribute ranking filter techniques in the WEKA tool to select fea-

tures in result used 17 high-ranking value attributes out of 29 to the de-
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1.5 literature review

veloped churn prediction model. The author evaluated constructed model

with cross-validation technique (K=10) included accuracy, precision, recall,

f-measure, and receiving operating characteristics (ROC) area performance

metrics. This study also provided factors of churn by using attribute se-

lected classifier enables to generate rule, which is important to prepare

specified retention plan. This research, results showed that RF and J48 algo-

rithm performance have better than the others have, and then performed

customer-profiling (clustering) for churn customers who identified by ran-

dom forest before using a k-means clustering algorithm. The k-means al-

gorithm segmented the data into three groups those are low, medium, and

risky due to the nature of the data. Furthermore, it also provides retention

guidelines for decision-makers based on factors behind the churning of

churn customers through the rules generated by using the attribute-selected

classifier algorithm.

Features used to build a churn prediction model can be extracted from the

application of social network analysis. According to [15], the two quantities

that can be calculated for each customer in the network are centrality de-

gree and PageRank. Author [15], developed a churn prediction model that

can output the probabilities that customers will churn soon with including

features extracted from six sources those are demographics, billing data, re-

fill history, calling pattern, CDR billed and network. This study compared

the C4.5 decision tree, alternating decision tree, Naive Bayes, and logistic

regression to each other and discovered that classifiers achieved above 60%

overall accuracy for postpaid and above 70% overall accuracy for prepaid

on a testing dataset of 30 and 40 thousand instances, respectively.

In customer churn model-building, most of the feature sets are extracted

from call detail records (CDR) and customer profiles. Author [16], Derived

a new subset of features to improve the accuracy of customer churn predic-

tion in the wireless telephony industry and categorized them as contract-
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1.6 methodology of this research

related, call pattern description, and call pattern change description fea-

tures. All stated existing prediction models build on a binary classification

basis and all have considered two types of customer churn or service ter-

mination as one. In this study, developed a multi-class service termination

prediction model.

1.6 methodology of this research

To reach the objective of this research the following processes will be per-

formed:

Data collection: Data collected from various ethio telecom systems. CDR

data have many features like voice calls, data consumption, sent SMS, and

so on, and collected from ethio telecom convergent billing system (CBS).

Customer profile contains customer’s service status, customer bill cycle ID,

customer demographics, and so on data are obtained from customer rela-

tionship management (CRM) system.

Data prepossessing: Main activities performed at this stage were integrat-

ing data gathered in.csv format from systems, cleaning missing values, de-

tecting and replacing outliers, deleting unnecessary characteristics, aggre-

gating three months of CDR data as one month per average, data balancing,

and feature selection. Before using ML algorithms, all data sets were even-

tually translated to a suitable format.

Model building and testing: we conducted model training and testing with

supervised machine learning on three algorithms: J48, RF, and ANN(MLP),

using WEKA 3.9.4 open source tools and cross-validation (k=10) evaluation

techniques.
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1.7 thesis organization

Analysis result and report finding: In this section, compared and con-

trasted the results are obtained from the experiment of three prediction

algorithms based on different performance measurement parameters like

accuracy, precision, recall, and F-measure. Then select the best appropri-

ate one based on result for postpaid mobile subscriber service termination

prediction.

1.7 thesis organization

The remainder of this paper is arranged as follows: The chapter 2, provides

background information on mobile services, types of mobile services, mo-

bile service termination, and types of mobile subscriber service termination,

the difference between service termination and customer churn, and the

benefits of predicting customer churn or service termination. In the chapter

3, The machine learning concept and selected classification algorithms for

this study are thoroughly explained in this section. Chapter 4 points out all

the data preparation and experimental procedures. It starts from the data

collection, preprocessing and prepaired expermental setup. Chapter 5 illus-

trates the main findings based on the results from the experimental analysis

and performance of the three supervised machine learning algorithms to-

wards predict postpaid mobile service termination . Finally, chapter 6 holds

conclusions and recommendations based on the results from the experimen-

tal works. It also tries to point out some future works.
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2
M O B I L E S E RV I C E

Mobile services (m-service) or electronic services (e-service) using mobile

devices (such as mobile phones, handheld computers, or vehicle interfaces)

and wireless telecommunication networks have become hot topics and mar-

ket research in the information systems community. Recently, the potential

of mobile service applications has led many organizations to spend heav-

ily on these technologies. M-service provides values that traditional wired

e-commerce does not possess, such as ubiquity, personalization, flexibility,

and dissemination.

Providing customers with value-added, interactive, and/or location-based

mobile services (such as banking, content downloads, emergency/roadside

assistance, and wireless coupons) seems to be increasingly important gains

in the mobile market by strengthening the relationship with key customers

[17].

The term mobile service is used to describe all services that can be used

regardless of time and space restrictions and can be accessed via mobile

phones (mobile phones, PDAs, smartphones, GPS, etc. Mobile services are

extremely efficient in reaching out to specific clients.

The customer relationship can be divided into discrete transactions and

ongoing connections. Discrete transactions may be viewed as episodes that

reflect a series of various interrelated acts, whereas a continuous connection

is built on several interconnected sequences. Episodes represent a client’s

transactions, a continuous connection frequently incorporates some type of

12



mobile service

agreement between the consumer and service provider. For mobile services,

this indicates that ongoing partnerships are mostly associated with contract-

based services [18].

The factors that have an impact on the evolution of mobile services are

rapid internet growth, increasingly data-hungry applications, data overtak-

ing voice traffic, users want mobility, voice prices are decreasing, mobile

internet has a huge potential, voice revenues have a bleak future, and ac-

cess to desktop applications is required when mobile [19].

Mobile services vary from traditional services in that they may deliver ser-

vice offers independent of time and space restrictions. They are also dis-

tinct from conventional face-to-face interpersonal services or other forms

of e-services, such as wireless internet services, in which service delivery

is tied to a specific fixed local area network or a specific place. Mobile ser-

vices may be accessible while on the go, wherever and whenever they are

required [18].

Mobile services will allow customers to make purchases, request services,

access news and information, and pay bills via mobile communication de-

vices such as PDAs, laptops, and cellular phones. Some of the key drivers

for mobile services are [20]:

Mobility: Mobility is the key benefit of mobile services. Through internet-

enabled mobile devices, users may access whatever information they want,

anytime they want, regardless of their location. Mobile services meet the

demand for real-time information and communication at all times. Mobile

users may be engaged in activities such as meeting people or traveling

while making purchases or getting information via their internet-enabled

mobile devices.

Reachability: Customers/constituents can be reached by business/govern-

ment organizations via mobile devices at any time and from any location.
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A mobile terminal allows a user to communicate with and be accessible to

others at any time and from any location. The user can also limit his or her

reachability to specific people or times.

Localization: Knowing a user’s physical location at any one time offers

tremendous value to mobile services. Many location-based services may be

given using available location information. For example, knowing a user’s

location allows the mobile application to immediately inform him or her

when a friend or colleague is nearby.

Personalization: Although the internet now contains vast volumes of infor-

mation, services, and applications, not all of it is useful to all users. Mobile

services can be customized to filter information or deliver services in ways

that are more relevant to a specific user.

2.1 types of mobile service

The number of individuals who use cell phones is increasing all the time

and mobile services may be divided into several categories from a differ-

ent perspective like mobile infrastructure, mobile technology, subscription,

etc. According to the author [20], mobile services are categorized into four

major areas based on mobile infrastructure and mobile technology, those

are

Mobile business-to-business (B2B): Mobile business-to-business transac-

tions encompass both intra- and inter-organizational transactions. Mobility

incorporated into organizational operations can improve information flows,

coordinate operations throughout the company, and therefore improve sup-

ply chain management.
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Mobile business-to-consumer (B2C): Mobile B2C transactions are retailing

transactions with individual shoppers, often known as customers or con-

sumers. Mobile services can provide clients with automated, unassisted

operations straight from mobile terminals.

Mobile consumer-to-consumer (C2C): Customers sell directly to other con-

sumers using mobile devices in the mobile C2C sector. Individuals will soon

be able to use their mobile phones to find possible purchasers for their

houses, automobiles, and other assets, engage and bargain with them, and

complete deals.

Mobile government: As the internet goes wireless, the mobile government

is an extension of e-government and allows people to access government

agencies and organizations via websites on the internet, regardless of their

physical location or time of day, using their mobile phones.

Based on subscription prepaid and postpaid mobile phone subscriptions

are the two types of contracts available for purchasing mobile services and

in this section see one by one both types of mobile service subscription.

2.1.1 Prepaid Mobile Service

A prepaid, prepay or Pay As You Go (PAYG) subscription is one in which

clients pay for mobile services in advance by obtaining credit for the service

allowance. This subscription usually includes a set allowance or rate for

mobile services such as voice calls, text messaging, and mobile internet data

consumption and charges. The prices for these services are deducted from

the consumers’ prepaid credit at set rates when they utilize them. Once a

customer’s credit has been used up, the network will not allow utilizing

any more services unless they recharge or top up their credit.
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Prepaid service decreases the service’s operational costs significantly, ac-

cording to the service provider may avoid the extra costs of credit checks

and fees since no services will be given if the user does not deposit enough

money into the account. Prepaid services, from the customer’s perspective,

give quick services without the need to sign long-term commitment con-

tracts and allow for better budget control. According to [1, 2], the new

electronic payment scheme will most likely allow for short-term contracts

for postpaid services, but such solutions are not commonly employed, and

most prepaid consumers do not want any contracts.

If the balance is depleted, the customer will not be able to make calls but

will be allowed to receive calls during the period (for example, six months)

so that to resume prepaid services, customers must purchase a rechargeable

card and top up a balance [1, 2].

In general, a prepaid subscription requires us to pay in advance for the

services we expect to use, whereas a postpaid subscription requires us to

pay monthly for the services we use throughout the month and telecom

operators often earn less income from prepaid subscribers than postpaid

subscribers do; as a result, those operators focus primarily on postpaid

customers.

2.1.2 Postpaid Mobile Service

In mobile communications, a postpaid, post-pay, or pay-monthly subscrip-

tion refers to a service contract in which a user is billed for mobile services

at the end of each month after they have consumed the services to which

they are entitled. Postpaid subscriptions are packaged and sold to a vari-

ety of customer sectors, including individuals and businesses. Customers

are given a set number of fixed or unlimited mobile voice minutes, fixed
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or unlimited text messages, and often a set quantity of mobile data as part

of their subscriptions. If a customer uses more data than their allocation,

they will be charged at a rate set by the mobile service provider. When

a customer wants to acquire a postpaid subscription, the mobile operator

or service provider will generally perform a credit check to guarantee that

customers who buy postpaid services can pay their bills on time and have

a worthy record of accomplishment.

Postpaid subscribers are fewer in number, but they make a significant con-

tribution to an operator’s revenue. They generate more consistent income

than prepaid subscribers, who only top up their phones when necessary.

The loss of postpaid customers is a significant challenge for operators, and

telecoms work hard to retain these customers by offering them tailored

plans. Marketing campaigns aimed at the right customers can help to re-

duce operational costs while also improving overall business performance

[2, 3].

In the telecoms sector, mobile carriers want to attract postpaid users and

grow their incoming income based on postpaid line usage. When compared

to postpaid lines, customers choose to acquire and utilize prepaid mobile

lines owing to the simplicity of use and greater control over the cost of the

line.

2.2 mobile service termination

Service terminations are common and occur in a wide range of indus-

tries, including finance, telecommunications, healthcare, and professional

services and one of the primary reasons for the service’s termination is

a lack of profitability. Service provider-initiated service termination has

grown in popularity may have an impact on company’s reputation as well
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as its retention and acquisition rates. On the other way, it may look prema-

ture to advocate service termination as a good business strategy without

greater knowledge of terminated customers’ reactions to service termina-

tion and whether the process might be managed more effectively [5].

As stated [21], on average, when a serviced customer experiences a low

level of quality, they are more likely to complete the service than a customer

who experiences a higher average quality. This may be due to a variety of

reasons, including disappointment and/or inability to use the service (for

example, the use of mobile phones by street vendors depends on the quality

of service at the travel location).

2.3 difference between service termination and customer

churn

The difference between customer churn and service termination may be

raised from two perspectives which are definition and features. Customer

churn is referred to as attrition, defection, or turnover. According to [4],

in the telecom industry, most works of literature agreed that churn is the

loss of existing subscribers to another service provider, and also churn is

sometimes defined simply as customer loss whereas service termination,

as opposed to churning, is defined as quitting a service without leaving it

to competitors, Since in a monopoly market, customers (subscribers) have

no choice but to quit. Also, in this study, the prediction of subscribers’ ser-

vice termination and churn have a common benefit and how subscribers

terminate or churn is strikingly similar as stated by the author [4].

Any user of operator services is referred to as a customer, whereas a cus-

tomer with a subscription is referred to as a subscriber. From a feature per-

spective, In the event of a monopoly market, there are no other competitors
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to choose from the current service provider. On-net calls are the primary

characteristic that separates churn prediction analysis from service termi-

nation prediction analysis. On-net calls are calls between the same network.

It includes the duration of calls, the number of calls made, and the num-

ber of SMS messages sent or received. Off-net calls are distinguished by the

fact that they are made with another network (service provider). They are

mostly utilized in the presence of other networks or rivals. Otherwise, all

of the features and methodologies used in churn prediction may be utilized

to predict subscriber service termination [4].

2.4 types of customer churn or subscriber service termina-

tion

A subscriber may quit the operator’s service voluntarily or involuntarily;

leaving voluntarily is further subdivided into two sub-categories: inten-

tional and incidental. According to [22], Churns can be categorized into

various types depending on two aspects those are revocation methods and

business aspects. Churns are categorized as voluntary or involuntary based

on the first aspect (revocation process):

Voluntary Churn: This form of churn occurs when the user decides to can-

cel his service contract subscription and is further subdivided into two cate-

gories: deliberate and incidental. Deliberate leaving might occur because of

issues linked to subscriber sensitivity contrasted to subscriber expectations,

such as excessive service price, poor service quality, poor customer service,

and other associated inconvenience factors and it is the problem that most

company strives to address. Incidental churn occurs when changes in sit-

uations prevent the subscriber from continuing to subscribe to the offered

services. For example, relocate to a different area where the company’s ser-
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vices are not available. Incidental churn accounts for a small portion of an

organization’s voluntary turnover [4, 22].

Involuntary Churn: When a company decides to discontinue a customer’s

subscription service referred to as involuntary churn. Misuse of the service,

nonpayment, and credit card expiration are some of the reasons for termi-

nation [4, 22].

In the second aspect (business setting), churn is broadly classified as con-

tractual churn and non-contractual churn which means customers have the

option to buy or not buy at any anytime.

Contractual Churn:Customers would execute an activity at periodic times

in a contractual churn and revocations are expressly noticed in this form of

churn [22].

Non-contractual Churn: Noncontractual churn occurs when customers cease

to engage in certain behaviors over time. This describes situations in which

churn cannot be detected quickly on a specific action taken by a customer.

As a result, analyzing this nature of churn is difficult. An example of this

churn is an online fashion shop, where clients can buy or not buy at any

moment [22].

Figure 2.1: Customer churn type (22)
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2.5 benefits of predicting customer churn or service termi-

nation

Churn is defined in the telecommunications paradigm as the activity of cus-

tomers leaving the company and discarding the services offered by it when

customers are unhappy with the services and/or better offerings from other

service providers within the customer’s affordable price tag, which leads to

a potential loss of revenue or profit to the company. Customer churn refers

to customers moving to a rival or canceling their membership to a service.

Whereas service termination simply quite services from a service provider

and the churn rate is an essential metric that all companies want to reduce,

as a result, churn prediction is an essential component of a proactive cus-

tomer retention strategy since attracting new customers into a business is

a more time-consuming and expensive work. As a result, rather than focus-

ing on new customer acquisition, a firm should prioritize retaining current

customers [23, 24].

Churn prediction and control have become top priorities for telecom com-

panies. Customer churn prediction enables telecom operators to make cus-

tomized offers to interested potential customers to increase their use, and

the forecast may be used as an input to taking proactive action to keep

clients will reduce churn in the near future, to manage overall income ex-

pectations, and to develop a proper marketing plan and retention initiatives.

Prediction of service termination in a monopolistic market provides similar

advantages as churn prediction of the market have competitors [4].
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3
M A C H I N E L E A R N I N G

Machine learning is a subfield of artificial intelligence that attempts to en-

able computers to do skilled tasks by utilizing intelligent software. Statis-

tical learning methods are the foundation of intelligent software used to

build machine intelligence. Because machine-learning algorithms require

data to learn and must be linked to the database discipline. Machine Learn-

ing is a natural progression from the combination of Computer Science and

Statistics [25].

As stated by authors [25, 26], A computer program is said to learn from

experience E with respect to some class of tasks T and performance mea-

sure P, if its performance at tasks in T, as measured by P, improves with

experience E. The goals of machine learning are to enable machines to gen-

erate predictions, cluster data, extract association rules, and make decisions

based on a given dataset.

3.1 types of machine learning

Machine learning can easily be used to assist in the detection, classification,

and prediction of subscriber service termination. It is possible to identify

terminated subscribers early by analyzing massive amounts of data at the

hand of a service provider. Many prediction techniques can be used to

find patterns in actual data in a system to support predictive analysis and

classification. As a result, the operator can use a proactive retention opera-
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tion or other approaches to prepare for the consequences of subscriber loss

[4]. Machine learning refers to the ability of machines to learn without be-

ing explicitly programmed and machine-learning scenarios differ from each

other based on the types of training data available to the learner. There are

four general machine learning methods: supervised, unsupervised, semi-

supervised, and reinforcement learning methods [25, 27, 28] described as

follows on figure 3.1.

Figure 3.1: Machine learning techniques and their required data (25)

Supervised learning: The computer is given sample inputs and their in-

tended outputs by a "teacher," and the objective is to learn a general rule

that maps inputs to outputs.Two groups or categories of algorithms come

under the umbrella of supervised learning are regression and classification.

Unsupervised learning: Non-labeled are assigned to the learning algo-

rithm, leaving it to identify structure in the data on its own. Unsupervised

learning can be a goal by itself (discovering hidden patterns in data) or a

means to an outcome.

Semi-Supervised Learning: The supplied data in semi-supervised learning

are a combination of classified and unclassified data. This mix of labeled
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and unlabeled data is utilized to create a suitable model for data catego-

rization. The goal of semi-supervised classification is to build a model that

can predict classes of future test data better than a model built only from

labeled data.

Reinforcement Learning: The reinforcement learning approach attempts to

perform activities that maximize the reward or minimize the risk based on

observations obtained through interactions with the environment.

3.2 types of classification

Classification is a process that may be accomplished by utilizing machine

learning algorithms that learn how to assign a class label to instances origi-

nating from the issue areas, such as spam detection, churn prediction, and

so on. Binary classification, multi-class classification, multi-label classifica-

tion, and unbalanced classification are the four primary types of classifica-

tion problems [29].

Binary classification: Classification problems that contain two class labels

are called binary classifications. Typically, binary classification tasks include

one class representing the normal state and another representing the abnor-

mal state. Logistic Regression, k-Nearest Neighbors, Decision Trees, Sup-

port Vector Machines, and Naive Bayes are some popular binary classifica-

tion techniques.

Multi-Class Classification: Multi-class classification problems include more

than two class labels, and some of the algorithms that may be used to do

multi-class classifications are k-Nearest Neighbors, Decision Trees, Naive

Bayes, Random Forest, and Gradient Boosting. In contrast to binary classi-

fication, Multi-class classification does not contain the idea of normal and
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abnormal results whereas instances are classified as belonging to one of

many recognized classes.

Multi-Label Classification: Multi-label classification refers to classification

tasks with two or more class labels, where one or more class labels can be

predicted for each example. Multi-label classifiers can able to output multi-

ple tags at the same time. For example, we may categorize movies according

to their type: comedy, drama, romance, horror, and so on. In this situation,

one movie might be classified as both a comedy and a romance [30]. Classifi-

cation algorithms designed for binary or multi-class classification cannot be

used directly for multi-label classification; instead, specialized versions of

standard classification algorithms such as Multi-label Decision Trees, Multi-

label Random Forests, and Multi-label Gradient Boosting must be used.

Imbalanced Classification: Imbalanced categorization tasks have an unbal-

anced distribution of examples in each class. Unbalanced classification is-

sues are often binary classification tasks in which the majority of the in-

stances in the training dataset belong to the normal class and a minority

of examples belong to the abnormal class. These tasks are classified as bi-

nary classification tasks, however, they may necessitate the use of special

techniques to change the sample composition in the training dataset by un-

dersampling the majority class or oversampling the minority class. One of

the examples provided in this area is fraud detection.

3.3 classifiers

The process of allocating an instance to one of the predefined classes based

on its characteristics is referred to as classification and it is one of the most

significant data mining challenges. The input of a classifier is a series of

training records, each with a different set of attributes. The numerical char-

25



3.3 classifiers

acteristics or attributes have numerical domains that mean that contain nu-

merical data types and categorical attributes contain non-numerical data

types. There is also a distinguishing feature called class label. The purpose

of classification is to create a console model that can predict the class la-

bel of future unlabeled records [31]. Prediction models can be developed

by using a classifier algorithm and different algorithms proposed for this

purpose three of them are J48, Random forest, and Multilayer Perceptron

which is a type of artificial neural network that are utilized in this research,

and are found under supervised machine learning methods described as

follows.

3.3.1 J48 Decision Tree

Classification is the process of constructing a class model from a set of data

that include class labels. The decision tree algorithm is used to determine

how the attributes-vector acts in a variety of situations. A decision tree is

a flowchart-like tree structure in which each internal node represents a test

happening an attribute, each branch represents a test ends, and each leaf

node or terminal node represents a class label. The attribute value of each

tuple is checked adjacent to the decision tree for each tuple. A route is

traced from the root to a leaf node that contains the class prediction for

the tuple. The process of converting decision trees into categorization rules

is straightforward. A decision tree is used in decision tree learning as a

predictive model that translates observations about an item to inferences

about the object value of the item. It is a predictive modeling method used

in statistics, data mining, and machine learning. Classification trees are tree

models in which the object variable can take a limited set of values. Within

this tree structure, leaves correspond to class labels and branches reflect

the combination of characteristics that lead to specific class labels. When
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compared to other classifier algorithms, decision trees may be can built

models very quickly [31].

In the WEKA data-mining tool, J48 is an open-source Java implementation

of the C4.5 algorithm. C4.5 is a software that generates a decision tree from

a collection of labeled input data, and the decision trees it generates can

be used for classification [31]. This algorithm produces understandable re-

sults and can handle both continuous and categorical target variables. J48

decision tree algorithms need less data cleaning and perform well on huge

datasets. One disadvantage of J48 is that it is prone to overfitting and may

have an impact on tree visualization, which may be addressed using the

pruning approach [32].

3.3.2 Random Forest

Random forest (RF) is a decision tree classification approach composed of a

set of decision trees. Each tree is reliant on the values of a vector separately,

with the same distribution across all trees in the forest. The error associated

with a model of this classifier is mostly determined by the strength of the

individual trees in the forest as well as their connection between trees [33].

Random forest is a powerful technique that may be used for regression as

well as classification and easy-to-use and is also the most popular machine

learning algorithm that can consistently give high results even if without

hyperparameter adjustment. The random forest has both advantages and

disadvantages. One of the advantages is that it can be used for both classi-

fication and regression problems, which are common in machine learning

systems nowadays. The random forest also prevents overfitting since it con-

tains a group of trees, and if there are enough trees in the forest, overfitting

will not occur on the model system. It also can handle many input features

without feature deletion, it is efficient on big datasets, and feature selection
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is available. Its main disadvantages are interpretation complexity, slow and

ineffective in real-time predictions since the random forest is built from a

large number of trees [32, 34, 35].

3.3.3 Artifical neural network (Multilayer Perceptron)

Multilayer perceptron (MLP) is a classifier in which the weights of the net-

work are found by solving a quadratic programming problem with linear

constraints, rather than by solving a non-standard neural network training

[36]. This algorithm is an artificial neural network and is made up of three

layers: input, hidden, and output. Except for the input layer, all layers em-

ploy a non-linear activation function. The activation function connects the

input and output in a rounded way. This method allows for learning by ad-

justing the weights of the neurons it assigns to itself. Multilayer perceptron

can be applied to complex non-linear problems; works well with large and

small input datasets, and can provide quick predictions after training. The

disadvantages of multilayer perceptron are computations are difficult and

time-consuming, and the functions of the model depend on the training

data quality [35].
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4
D ATA P R E PA R AT I O N A N D E X P E R I M E N TA L S E T U P

This chapter describes data preparation and experimental setup which is

the most important and a critical task to get the desired output. The overall

process to conduct this research is depicted as follows in figure 4.1.

Figure 4.1: Overall research methodology
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4.1 data preparation

Data is the most important component of data analytics, machine learn-

ing, and artificial intelligence because without it no model can be trained.

In machine learning, data is vital, and the learning algorithm is used to

discover and gain information or characteristics from the data. The qual-

ity and amount of the dataset impact learning and prediction performance,

which means machine-learning algorithms require adequate and clean data

to train and test for model construction [28].

4.1.1 Data Collection

CDR data collection began following the approval of data access requests

from the company. The ethio telecom data center is used to collect all train-

ing and test data. Three months of total summary CDR data and profile

information for mobile postpaid subscribers are extracted from the CBS and

CRM system respectively.

Raw data, which are outgoing voice call, Send SMS, Upload and download

data usage CDR data collected from ethio telecom convergent billing system

(CBS) and customer profile get from customer relationship management

(CRM) system. This data contains active and terminated service number

with a three-month transaction CDR have been collected as follows.

For active service-number, we take 17,050 service numbers by using simple

random sampling from active postpaid mobile subscribers up-to-date, June

2021, then three months (February 2021 to April 2021) of total number CDR

data for individual numbers extracted from the CBS system.
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For terminated service, number collect in two ways by using service-terminated

reason which is called as per customer request and the system (failed pay-

ment to the bill) has a direct relation to voluntary service termination and

involuntary service termination respectively. In this research, those two

types of service termination are considering as individual classes or labels

separately and the result is three classes including active service. For termi-

nated service voluntary, numbers were collected from five months (January

to May 2021) and we got 1007 service numbers, then the total number CDR

data for each service number was collected for the last three months before

the termination of those numbers. For terminated service involuntary, num-

bers taken from one month (May 2021) in number 3967 and three-months

(September, October, and November 2020) CDR data collected for these num-

bers which are before termination with the same procedure as voluntary

terminated service. In ethio telecom, CDR history data for terminated ser-

vice numbers are only available on the CBS for a year, and the life cycle of

a postpaid mobile takes 6 months from start the barring state to terminate,

that is the reason only a month of involuntary termination service number

data is collected.

4.1.2 Field Selection

In ethio telecom customers’ CDR and profile data have a number of fields

that may all have no relevancy in this study, so 15 fields were extracted

from the CBS and CRM system including target variables that are considered

the most important to this research. Bill cycle ID attribute is an attribute

that is used to know subscriber billing collection period and it hasn’t been

included previously on the postpaid mobile service termination prediction

model. The extracted fields with descriptions are shown in the table 4.1.
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Table 4.1: Extracted fields from CBS and CRM systems

No. list Attribute name Descriptions

1 Service Number To identify the subscriber

2 Customer Category To identify the subscriber level type

3 Service activation date To know subscribers activation date

4 Service termination date To know subscribers termination date

5 Vice usage in Minutes Subscriber’s interest to spend time on voice usage

6 Number of Calls To measure subscribers how often to make a voice call

7 Voice Fee ETB Subscribers sensitivity in spending money on voice call

8 Data usage in MB Subscriber’s interest to spend time on data usage

9 Data usage freq. Subscriber’s interest to use data

10 Data Fee ETB Subscriber’s sensitivity in spending money to use data

11 Number of SMSes Subscriber’s interest how often to send SMS at all

12 SMS Fee ETB Subscribers sensitivity in spending money on SMS

13 Total Fee ETB Subscribers sensitivity in spending money on mobile ser.

14 Bill cycle ID To know subscriber billing collection period

15 SIM-Status To rank or label subscribers’ stage

4.1.3 Data Preprocessing

Data quality and representation are some of the most important factors

determining the performance of machine learning (ML) on a given assign-

ment. When there is a lot of irrelevant and redundant information or noisy

and erroneous data, knowledge discovery becomes more difficult during

the training phase. Data preparation frequently influences the generaliza-

tion performance of a supervised ML algorithms and minimization of noise

occurrences is one of the most difficult issues in inductive ML. Data pre-

processing covers operations such as data cleansing, normalization, trans-

formation, feature extraction and selection, and so on. It is generally known

that data preparation and filtering procedures consume a large amount of
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processing time in ML issues, and the final training set is the outcome of

data pre-processing [37].

4.1.3.1 Data Cleaning

The process of discovering and eliminating problems from data is known as

data cleaning, and inconsistent data conventions between different sources,

such as different abbreviations or synonyms, data entry errors such as

spelling mistakes, inconsistent data formats, missing, incomplete, outdated

or otherwise incorrect attribute values, data duplication, and irrelevant ob-

jects or data are common anomalies [38]. In our data instances with no

values connected to voice service, which are numbers given service data

alone are removed from the collected data by utilizing the main service

type.

4.1.3.2 Data Integration

Data integration is the activity of integrating data from several sources to

give the user a unified view of that data [39]. Collected data related to voice

service, data service, and SMS service from CBS was integrate into one table,

and another integration was performed between this data and customer

profile data which was collected from CRM by using service number as a

primary key for this study.

4.1.3.3 Data Aggregation

Aggregate is any process in which information is gathered and summarized

in a summary form to obtain more information about certain groups based

on specified variables, which is a typical objective of aggregation. The three
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months collected usage CDR data aggregate to one month in average per

service number basis.

4.1.3.4 Data Labeling

Data labeling is the process of recognizing and tagging data samples in the

context of machine learning. Labeling data instances is a key activity in ma-

chine learning and visual analytics, and it is the foundation of supervised

machine learning [40]. According to stated by author [41], current research

estimate that data preparation and labeling accounts for more than 80%

of engineering activities in a machine-learning project. The obtained data

were labeled as follows in this study: active subscribers were labeled as

active service, terminated subscribers with marked “per customer request”

reason labeled as voluntary termination service, and terminated subscribers

with marked “failed to pay the bill (by the system)” reason labeled as invol-

untary termination service, with the number of sample instances for each

class described in the table 4.2.

Table 4.2: Labeled data

Active service no. samples Voluntary terminated service no. samples Involuntary terminated service no. samples

17,004 1,007 3967

4.1.3.5 Dataset Preparation and Formatting

A dataset (data set) is a collection of data that most frequently corresponds

to the contents of a single database table or a single statistical data matrix,

where each column of the table represents a specific variable and each row

relates to a specific member of the data set under consideration. In addi-

tion, datasets are not limited to just numbers and text and may include

collections of images or videos.
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4.1 data preparation

To get valuable information from data it must be structured. Dataset prepa-

ration means labeling the data and being ready for feature selection. In this

research, the prepared dataset has three classes, which is a part of multi-

class and the name of class are active service, voluntarily terminated service,

and involuntarily terminated service. This data set contains 17,004, 3967,

1,007 instances for active, involuntary, and voluntary termination respec-

tively. The ratio of active, involuntary, and voluntary terminated 77.4%:18.0%:

4.6%. The format of a dataset is in comma-separated value (CSV) and at-

tribute relation file format (ARFF) that are both acceptable in the WEKA tool.

4.1.3.6 Outlier Detection and Handling

Outliers are defined as observations that deviate from the other observa-

tions in the data collection, and outlier detection is the process of discov-

ering those observations using various techniques [42]. Outliers can be any

novel, abnormal, inconsistent, irrelevant, incorrect, or noisy information,

and detecting outliers and analyzing big data sets can lead to the discovery

of unexpected knowledge in areas such as fraud detection, telecommunica-

tions, weblogs, and online documents, among others [43]. In general, outlier

identification is required for the processing of valuable, significant, and rel-

evant data. As a result, outlier detection and handling become significant

in data processing and result validation, and different techniques for man-

aging outliers have been developed in data mining and machine learning

[42].

To find and replace outliers, this study used interquartile range (IQR) ap-

proaches, which is the difference between the first and third quartiles. The

first quartile, designated Q1 is the value in the data set that contains 25%

of the values below it whereas the third quartile marked Q3 contains 25%

of the values above it.
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The formula of IQR = Q3−Q1 (4.1)

Lower inner fence = Q1− (1.5 ∗ IQR) (4.2)

Upper inner fence = Q3+ (1.5 ∗ IQR) (4.3)

Lower outer fence = Q1− (3 ∗ IQR) (4.4)

Upper outer fence = Q3+ (3 ∗ IQR) (4.5)

This fence is used to demonstrate minor and severe outliers. Points beyond

the inner barrier in either direction are considered minor outliers, but points

beyond the outer fence in either direction are considered extreme outliers

[44]. This study used inner lower and upper fence values for replacing out-

liers to preserve the number of data samples and outlier data values around

their source.

4.1.3.7 Data Balancing

The majority of learning systems assume that datasets used for learning is

balanced [45]. However, more data gets for the model building have an im-

balance between classes because it is natural positive cases happen in rare

than negative in most of the application areas like investigation disease,

36



4.1 data preparation

customer churn, telecom fraud, etc. If there is data imbalance in the pro-

cess of building a classification model the minority class may be biased by

the majority and happen abnormal model training and generate inaccurate

prediction performance results on testing [45].

The existing research proposed different solutions to solve data imbalance.

The solutions can apply on two approaches are on data level and algorithm

level. The data level approach applies before data feed to a classifier train

and the algorithm levels approach can apply to strengthen the existing clas-

sifier to recognize the small class by adjusting the applied algorithm. The

data level solution is implemented through data resampling which means

resizing the data.

The resampling of sample data can be performed by using undersampling

the majority class, oversampling the minority class, and combining them

[46]. Data undersampling approaches include such as random undersam-

pling, cluster-based under-sampling, One-Sided Selection, Condensed Near-

est Neighbor Rule, Tomek Links, and oversampling approaches may use

random oversampling, Synthetic Minority Oversampling Technique (SMOTE)

which is used to generate synthetic or artificial data to minority class by us-

ing interpolation between minority class instance that are close together,

and Borderline SMOTE [47]. According to [48], both undersampling and

oversampling have advantages and disadvantages, thus combining them by

utilizing superior methodologies from the two, such as cluster-based resam-

pling from under-sampling and SMOTE from oversampling (SCUT=SMOTE+

Cluster-based undersampling) is better.

In this research, we have a severely imbalanced multiclass dataset in ratio

77.4%:18.0%: 4.6% to active service, involuntary termination, and volun-

tary termination service. Therefore to balance this dataset we have used

the Cluster-based undersampling and SMOTE oversampling technique to re-
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4.1 data preparation

sample and balance our dataset. To balance the multiclass dataset with the

selected methods the following tasks are performed:

• First, calculate the mean (m) of the number of all instances of all

classes divided by the number of classes.

• Used SMOTE oversampling technique to all classes that have numbers

of instances less than mean(m).

• Cluster-based under-sampling is performed for all classes that have a

greater number of samples than the mean (m).

• Used expectation-maximization (EM) techniques to conduct clustering

which is used to cluster instances within each class have an advan-

tage in performed clustering even number of clusters not provided by

users, then instances randomly selected from each cluster such that

the total number of instances from all the clusters is equal to m.

• At last, merge all the datasets generated by using both techniques and

got final balanced dataset.

The following tables (4.3, 4.4, 4.5) are describe undersampling, over-

sampling and final balanced data set respectively.

Table 4.3: Undersampling result

No. Cluster No.Instance per cluster No.Samples (43.08%)

Cluster 1 3395 1463

Cluster 2 7753 3340

Cluster 3 3978 1714

Cluster 4 1878 809

Total 17004 7326
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Table 4.4: Oversampling result

Minority class No. Instance before SMOTE No. Instance after SMOTE

Voluntary terminated 1,007 7,326

Involuntary terminated 3,967 7,326

Table 4.5: Balanced dataset

# Active service # Voluntary terminated # Involuntary terminated # Total subscriber

7326 (33.33%) 7326 (33.33%) 7326 (33.33%) 21978 (100%)

4.1.3.8 Feature Selection

Feature selection is an important process in the development of a prediction

model, since chosen features can improve prediction model performance by

decreasing time and space complexity. The technique of eliminating irrele-

vant and redundant attributes from a dataset is known as feature selection.

Nowadays, there are several feature selection evaluation techniques based

on various functions such as distance, information, dependence, consis-

tency, and classifier error rate measure [15]. In this study, we used two

prominent and included in the filter method features selection evaluation

techniques (Correlation and Gain ratio). The correlation and gain ratio fea-

tures selection evaluation technique ranks the features based on their values

in respect to the target variable or class.
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Table 4.6: Feature selection result with correlation and gain ratio

Attirbute Name Correlation Rank Attribute Name GainRatio Rank

Tenure_month 0.3597 1 Tenure_month 0.1411 1

Voice_usage_minutes_per_call 0.343 2 Data_connection_frequency 0.1136 2

Data_connection_frequency 0.2575 3 Voice_usage_minutes_per_call 0.0954 3

SMS_sent_frequency 0.2206 4 SMS_fee_ETB 0.0718 4

SMS_fee_ETB 0.2055 5 Data_fee_ETB 0.0525 5

Bill_cycle_ID 0.1889 6 Voice_fee_ETB 0.0447 6

Total_fee 0.1684 7 Bill_cycle_ID 0.0437 7

Voice_usage_inminutes 0.1567 8 Data_usage_MB 0.0432 8

Voice_fee_ETB 0.1292 9 Voice_usage_inminutes 0.0338 9

Data_fee_ETB 0.1214 10 Voice_call_frequency 0.0337 10

Voice_call_frequency 0.1116 11 SMS_sent_frequency 0.0336 11

Customer_category 0.0566 12 Total_fee 0.0269 12

Data_usage_MB 0.0433 13 Customer_category 0.0228 13

As we can see from the table above voice call frequency, customer category

and data usage in MB attributes are which are found below top ten(10)

based on correlation and SMS sent frequency, total fee, and customer cat-

egory are based on a Gain ratio. Customer category is found under top

ten(10) on both techniques. The newly included attribute, which is bill cy-

cle ID is ranked on 6 and 7 with correlation and gain ratio respectively and

this feature is used in this study to demonstrate performance change of

algorithms with including and excluding on postpaid mobile service termi-

nation prediction model.

To select features appropriately we used two approaches to remove or select

the same attributes from the two-feature selection evaluation technique af-

ter deciding the ranking threshold. The first approach remove attributes not

selected on the top ten(10) in both techniques (Correlation and Gain ratio)

and the second approach select attributes that have been selected in com-

mon on the top ten(10) in both techniques as if we take the threshold top

ten(10). Feature selection evaluation techniques performance can be eval-
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uated by prediction model performance since the best feature selection is

considered as a problem and can solve by a feature selection algorithm [11].

Map the above two approaches to this problem and evaluate the approach

through prediction model performance. J48 classifier techniques were used

to evaluate the two approaches in this research and the performance results

as shown in figure 4.2.

Figure 4.2: Feature selection evaluation approach result

Based on the above figure observation to select more relevant features use

the first approach is better which means that removing attributes which

not included in the top ten(10) with both (correlation, and Gain ratio) tech-

niques. Therefore customer category features remove in this study and the

remaining twelve(12) features are relevant.

4.2 experimental setup

The experiment of this study applied on three selected classifiers and used

two approaches across one attribute (including and excluding), which is

called bill-cycle –ID is an attribute that has a nominal data type and is used

to know subscriber’s bill collection period where found in ethio telecom.

Dataset used in this thesis is a balanced and multi-class dataset. The pro-

posed algorithms for this study are J48, RF, and ANN(MLP).
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4.2.1 Performance Evaluation Metrics

Classifier performance can be assessed based on different evaluation met-

rics which may determine the speed, accuracy rate, error rate of the clas-

sifier. Most classifier performance metrics are calculated based on confu-

sion matrix result data. A confusion matrix is a two by two matrix which

contains information about a classification system’s actual and anticipated

classifications [49].

The data obtained in the confusion matrix and used to calculate different

performance metrics of the system are TP, FP, TN, and FN numbers when

performing the performance validation test. The investigated algorithms

confusion matrix result of this study found in appendix A.1.

Table 4.7: Confusion matrix

A
ct

ua
lv

al
ue

s Predicted values

A B

A TP FN

B FP TN

Where;

TP: Predicted positive value matches the actual positive value
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TN: Predicted negative value matches the actual negative value

FP: Predicted value is positive and the actual value was negative

FN: Predicted value is negative and the actual value was positive

Performance evaluation metrics can be calculated based on confusion ma-

trix output and have been used in this study are stated and formulated as

follows:

Accuracy: is the most often used and easily understood metric since it is a

simple ratio of the number of examples successfully predicted to the total

number of instances utilized in the observation; in other words, accuracy

offers the percentage of correctly anticipated instances [50].

Accuracy =
TP+ TN

TP+ FN+ TN+ FP
(4.6)

Precision: is a metric that calculates the ratio of accurately positive pre-

dicted instances to the total number of positive examples predicted for each

class [50].

Precision =
TP

TP+ FP
(4.7)

Recall: is a statistic that offers for each class the ratio of true positive in-

stances anticipated to the total of true positives and false negatives in the

observation [50].

Recall =
TP

TP+ FN
(4.8)

F1-score: is the weighted average of Precision and Recall, and the highest

value is 1.0 when it is perfect, and the lowest possible value is 0.0, therefore
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a high-value F1 score indicates that we have minimal false positives and

false negatives [50].

F1− score = 2 ∗ (precision ∗ recall)
(precision+ recall)

(4.9)

4.2.2 Performance Evaluation Techniques

The performance of classifiers can be evaluated with two types of tech-

niques which are percentage split or holdout and cross-validation. When

employing percentage split or hold out approaches, the data is divided

into two portions, which are referred to as the training dataset and the val-

idation or testing dataset. The model is built with a training dataset and

validated or tested with a testing or validation data set. A larger portion of

the data is used for model training, and the test metrics of the model are

evaluated using a holdout dataset.

When the available dataset is too small for a train or test or train or valid

split to generate an appropriate calculation of generalization error, the cross-

validation technique is preferred to estimate the generalization error of a

learning algorithm. In cross-validation, the original dataset is equally di-

vided into k subparts or folds. For each iteration, one of the k-folds or

groups is chosen as validation data, while the remaining (k-1) groups are

chosen as training data. Each of these k folds is considered as a holdout

dataset, and the model’s performance is evaluated using the holdout fold.

The overall performance of the model is the average of its performance

on all k folds [25, 26]. In this classifier performance investigation research

cross-validation with fold k=10 performance evaluation technique has been

used, since it is suggested by many researchers.
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5
R E S U LT A N D D I S C U S S I O N

This chapter provides a discussion based on different performance results

generated from different perspectives. As stated in the previous chapter

four performance parameter metrics which are accuracy, precision, recall,

and f1-score have been used to measure the performance of the predic-

tion algorithm and compare three machine learning algorithms against

each other. Nowadays, building a more accurate prediction model or im-

provement is the main research area and necessary for telecom operators.

Developed models result with each three selected algorithms presented in

section 5.1 detail. Results of classifier performance change with including

and excluding additional extract features comparison within each above-

proposed algorithm described in section 5.2 and the performance compari-

son between classifiers provided in section 5.3.

5.1 model building

To build a postpaid mobile service prediction model, this study analyzes

the results of three machine-learning classifiers with some customer usage

data and customer profiles. After the data preparation and experimentation

setup was completed, we used three machine-learning techniques on the

balanced data set to generate all the models. Investigated algorithms in this

study are J48, Random forest, and multilayer perceptron applied on a multi-

class balanced dataset which have twelve(12) independent selected features
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5.1 model building

with 21978 instances prepared in subsection 4.1.3.7. Each of the algorithms

performance results based on the experiment is discussed in the following

subsection J48 decision tree in 5.1.1 results of RF in 5.1.2 and the third

algorithm which is multilayer perceptron performance result describe in

5.1.3.

5.1.1 J48 Decision Tree

Based on the experiment result have been measured the accuracy of the J48

decision tree algorithm is 94.9% and The performance of precision, recall,

and f1-score are 95.1%, 95.6%, and 95.4% to identify active service from vol-

untary and involuntary terminated services respectively. The performance

of precision, recall, and f1-score are 94.7%, 94.4%, and 94.6% to recognize

involuntary termination service from active service and involuntarily termi-

nated service. The performance of precision, recall, and f1-score to identify

voluntary termination service from active service and involuntarily termi-

nated service are 94.9% 94.6%, and 94.8% respectively. The J48 prediction

algorithm detail performance results based on accuracy, precision, recall,

and f1-score metrics is shown in the table 5.1 and a detailed result of the

J48 algorithm found in appendix A.2.

Table 5.1: J48 Decision tree performance result

Algorithm Accuracy Precision Recall F1-score Class label

J48 94.9%

95.1% 95.6% 95.4% Active service

94.7% 94.4% 94.6% Involuntary terminated

94.9% 94.6% 94.8% Voluntary terminated

Weighted Average 94.9% 94.9% 94.9%
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5.1 model building

Results generated with the J48 algorithm is more interpretable compared

to others and the disadvantage of J48 is that may happen overfitting and

have an impact on tree visualization mean that on-result interpretation and

can be addressed by pruning approach one of the pruning approach is

change limited number of instance per leaf. This pruning approach may

have an impact on accuracy. For example in this study, accuracy dropped

from 94.9% to 78.6% when a limited number of instances per leaf change

from 2 to 1200, the tradeoff pruning between the limited number of samples

and accuracy, between the limited number of samples and number of leaves

and tree size described in the figure 5.1 respectively.

Figure 5.1: Pruning tradeoff

After using the pruning the visualization tree of J48 result for this study

depicted as in the figure 5.2.

Figure 5.2: J48 pruned tree of postpaid mobile service termination prediction

model

47



5.1 model building

5.1.2 Random Forest

Random forest scored its better performance at 95.1% of accuracy and pre-

cision, recall, and f1-score of RF performance to identify active service from

involuntary and voluntary terminated service are 95.0%, 95.8%, and 95.4%

respectively. The performance of precision, recall, and f1-score are 95.1%

94.7%, and 94.9% to recognize involuntary termination services from active

service and involuntarily terminated service respectively. Recorded perfor-

mance of precision, recall, and f1-score to identify voluntary termination

service from active service and involuntarily terminated service are 95.1%

94.8%, and 94.9% respectively. The accuracy, precision, recall, and f1-sore

performance result of RF is depicted in table 5.2 and a detailed result of the

RF algorithm found in appendix A.3.

Table 5.2: Random forest performance result

Algorithm Accuracy Precision Recall F1-score Class label

RF 95.1%

95.0% 95.8% 95.4% Active Service

95.1% 94.7% 94.9% Involuntary Terminated

95.1% 94.8% 94.9% Voluntary Terminated

Weighted Average 95.1% 95.1% 95.1%

5.1.3 Multilayer Perceptron

Multilayer perceptron classifier can be performed with 93.3% accuracy. Pre-

cision, recall, and f1-score performance of MLP to identify active service

from voluntary and involuntary terminated service are 93.3%, 94.9% and

94.0% sequentially. The performance of precision, recall, and f1-score are

93.8%, 92.1%, and 92.9% to recognize involuntary termination services from

active service and voluntary terminated service respectively. The perfor-
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attribute

mance of precision, recall, and f1-score to identify voluntary termination

service from active service and involuntarily terminated service are 93.3%,

93.0%, and 93.1% respectively. Detail results were recorded on multilayer

perceptron machine learning algorithms between class labels are shown in

the table 5.3 and a detailed result of the MLP algorithm found in appendix

A.4.

Table 5.3: Multilayer perceptron performance result

Algorithm Accuracy Precision Recall F1-score Class label

ANN (MLP) 93.3%

93.0% 94.9% 94.0% Active service

93.8% 92.1% 92.9% Involuntary terminated

93.3% 93.0% 93.1% Voluntary terminated

Weighted Average 93.3% 93.3% 93.3%

5.2 comparison of classifiers with including and excluding

one attribute

Extract features, features selection techniques, data size, validation method,

and other factors may affect the performance of algorithms. One feature,

which is called bill cycle ID not have been used to build a prediction model

previously investigated and included in this prediction modeling research.

As a result, we observed a performance change on classifiers in the case

including and excluding it. Measured results on selected above algorithms

regarding bill cycle ID feature including and excluding depicted on table

5.4 and a detailed result found in appendix A.5.
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attribute

Table 5.4: Proposed algorithms performance result with including and excluding

bill cycle ID attribute

Before excluding bill cycle ID attribute After excluding bill cycle ID attribute

Algorithm Accuracy Precision Recall F-Measure Accuracy Precision Recall F-Measure Class

J48 94.9%

95.1% 95.6% 95.4%

90.8%

93.2% 94.9% 94.1% Active Service

94.7% 94.4% 94.6% 91.2% 87.1% 89.1% Involuntary Terminated

94.9% 94.6% 94.8% 88.1% 90.4% 89.3% Voluntary Terminated

Weighted Average 94.9% 94.9% 94.9% 90.8% 90.8% 90.8%

RF 95.1%

95.0% 95.8% 95.4%

92.5%

94.2% 95.5% 94.9% Active Service

95.1% 94.7% 94.9% 93.1% 89.3% 91.2% Involuntary Terminated

95.1% 94.8% 94.9% 90.2% 92.7% 91.4% Voluntary Terminated

Weighted Average 95.1% 95.1% 95.1% 92.5% 92.5% 92.5%

ANN (MLP) 93.3%

93.0% 94.9% 94.0%

89.5%

92.1% 94.4% 93.2% Active Service

93.8% 92.1% 92.9% 91.8% 82.8% 87.1% Involuntary Terminated

93.3% 93.0% 93.1% 85.0% 91.2% 88.0% Voluntary Terminated

Weighted Average 93.3% 93.3% 93.3% 89.6% 89.5% 89.4%

As we can see from the table 5.4 the accuracy performance difference mea-

sured on J48, RF and MLP are 4.1%, 2.6%, and 3.8% respectively. The recorded

deviation of accuracy, precision, recall, and f-measure is the same, which

is 4.1% on J48 and RF recorded deviations on the accuracy, precision, re-

call, and f-measure metrics are the same in value is 2.6%. Recorded devia-

tion of accuracy, precision, recall, and F-Measure are 3.8%, 3.7%, 3.8%, and

3.9% respectively on ANN (MLP). The highest difference was recorded on

J48 whereas the minimum deviation point scored on RF and the recorded

deviation on J48 and MLP is almost the same.

The figure 5.3 is prepared based on the accuracy, weighted average preci-

sion, recall, f-measure performance and presented for simple visualization

to show the difference between including and excluding bill cycle ID at-

tribute when developing postpaid mobile service termination prediction

model.
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Figure 5.3: Comparison of algorithm between with including and excluding bill

cycle ID attribute

Based on the result have been observed from the above bar chart we can

conclude that billing cycle ID has a contribution to building a better post-

paid mobile service termination classification model.

5.3 comparison of classifiers

The comparison of the proposed three algorithms is discussed based on

their accuracy and efficiency which have been measured when building

and testing models with each algorithm. The efficiency of algorithms will

be measured based on the time taken to build prediction models by using

the given dataset. Time taken for proposed algorithms in this study to build

a prediction model using the same multi-class dataset are stated in the table

5.5.
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Table 5.5: Classifiers model building time performance result

Algorithm Building time in second

J48 0.94

RF 10.89

MLP 34.37

As we have stated in the table 5.5 the time taken to a model building with

J48, RF, and ANN (MLP) are 0.94, 10.89, and 37.34 seconds respectively. so

that the J48 algorithm is more time-efficient compared to RF and MLP while

MLP is time inefficient compared to J48 and RF. The model building time

efficiency of RF is faster when compared to MLP however it is slower when

relative to J48.

The effectiveness of algorithms can be measured based on terms of over-

all correctly predicted instances rate out of all instances or accuracy, error

rate, precision, recall, and f-measure. Accuracy, weighted average precision,

weighted average recall, weighted average f-measure of selected prediction

algorithms are described as follows in figure 5.4.
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Figure 5.4: Performance result of J48, RF and MLP

As we can see on the above Fig 5.4 accuracy of J48, RF and MLP are 94.9%,

95.1%, and 93.3% respectively. The performance of precision recorded on

J48, RF and MLP are 94.9%, 95.1%, and 93.3% respectively. Performance of

recall scored on J48, RF and MLP are 94.9%, 95.1%, and 93.3% respectively.

The f1-score measured on J48, RF, and MLP are 94.9%,95.1%, and 93.3%

respectively.

From the figure 5.4 and table 5.5, we can observe that results of all perfor-

mance metrics recorded by J48 and RF are better and almost the same except

model building time whereas minimum performance result generated with

MLP.
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6
C O N C L U S I O N A N D R E C O M M E N D AT I O N

6.1 conclusion

Service termination is an issue for telecom operators, including monopolis-

tic markets such as ethio telecom in Ethiopia, and have a greater impact on

revenue loss as well as the operator’s reputation and retention rate. From

the customers’ standpoint of view, service terminations might be voluntary

or involuntary.

Voluntary service termination and involuntary service termination may

have different causes like service quality for voluntary while fraud and un-

paid bill for involuntary. Voluntary service terminations request initiated

from customers whereas involuntary from telecom operators and conduct

involuntary service termination without knowledge about terminated cus-

tomers reaction may consider as advertise service termination as one busi-

ness strategy.

A mechanism, which is used to control service termination is necessary to

reduce revenue loss happened in case of service termination and its sub-

sequent. The main purpose of service termination or customer churn pre-

diction model is to forecast customers will be terminated their service or

churn to another service provider nearly and helps to enable retain them

by conducting appropriate retention strategy plans and retention activi-

ties proactively in result reducing revenue losses. The main goal of this

research analyzed three selected algorithms which are J48, Random For-
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est, and ANN(MLP) using a prepared multi-class balanced dataset from us-

age CDR and customer profile data of postpaid mobile service subscribers.

Cross-validation techniques (k=10) with WEKA tool have been used to evalu-

ate the performance of the classifiers. We observed that from our result the

accuracy of RF, J48, and ANN(MLP) are 95.1%, 94.9%, and 93.3% respectively.

Random Forest is the most accurate algorithm even if without hyperparam-

eter adjustment it gives maximum accurate values. The main drawback of

the RF algorithm taking a significant time to build its model compared to

J48 but it is faster relative to MLP. J48 is moderate and almost the same

as the RF classification algorithm and the disadvantage of J48 is overfit-

ting maybe happen when used to build a model but can build a more

interpretable model quickly. ANN(MLP) is the least accurate classification al-

gorithm as compared to J48 and Random Forest. In multilayer perceptron

computations are difficult and time-consuming when building a classifica-

tion model, and the functions of the model depend on the training data

quality while can applied to complex non-linear problems.

In this research, best features have been selected using correlation and gain

ratio feature selection evaluation techniques. To identify the best features

when using two types of feature selection evaluation techniques we used

two approaches to remove or select the same attributes from the two-feature

selection evaluation technique after deciding the ranking threshold. The

first approach removes attributes not selected on the top ten (10) in both

techniques (Correlation and Gain ratio) and the second approach selects

attributes that have been selected in common on the top ten (10) in both

techniques. Evaluate the approach’s performance and observe that using

the first approach, which is removed attributes not selected on the top ten

(10) in both techniques (Correlation and Gain ratio) is better.
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6.2 recommendation

6.2 recommendation

Predicting postpaid mobile service termination is not a one-time task rather

a continuum. Thus, future works proposed to proceed to start from this

research include:

• Clustering identified terminated services: This is important to know

the root cause of service termination and prepare an appropriate ac-

tion plan to retain.

• Employed by using big data and additional features may give better

classification models.

• Comparing classification models with customer experience: This helps

to identify the real problems of termination behind the figures in pre-

diction models especially for voluntary service termination.
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A
A P P E N D I X

a.1 confusion matrix result of proposed algorithms

Table A.1: Confusion matrix result of proposed algorithms

Algorithm Confusion Matrix classified as

J48

a b c a = Involuntary terminated

6918 181 227 b = Active service

174 7006 146 c = Voluntary terminated

215 180 6931

RF

a b c a = Involuntary terminated

6937 181 208 b = Active service

159 7017 150 c = Voluntary terminated

195 187 6944

MLP

a b c a = Involuntary terminated

6745 276 305 b = Active service

183 6955 188 c = Voluntary terminated

263 248 6815

64



A.2 detail performance result of proposed algorithms

a.2 detail performance result of proposed algorithms

Table A.2: Detail performance result of J48 algorithm
Detailed accuracy by class label

Algorithm TP FP Precision Recall F-Measure MCC ROC Area PRC Area Classa Label

J48

0.944 0.027 0.947 0.944 0.946 0.918 0.969 0.938 Involuntary terminated

0.956 0.025 0.951 0.956 0.954 0.93 0.975 0.936 Active service

0.946 0.025 0.949 0.946 0.948 0.921 0.972 0.941 Voluntary terminated

weighted average 0.949 0.026 0.949 0.949 0.949 0.923 0.972 0.938

Algorithm Performance Metrics Performance result

J48

Kappa statistic 0.9234

Mean absolute error 0.0412

Root mean squared error 0.175

Relative absolute error 9.27%

Root relative squared error 37.13%

Algorithm Number of Leaves Size of the tree Time taken to build model

J48 383 740 0.94 seconds

Table A.3: Detail performance result of RF algorithm

Detailed accuracy by class label

Algorithm TP FP Precision Recall F-Measure MCC ROC Area PRC Area Classa Label

RF

0.947 0.024 0.951 0.947 0.949 0.924 0.994 0.989 Involuntary terminated

0.958 0.025 0.95 0.958 0.954 0.931 0.996 0.992 Active service

0.948 0.024 0.951 0.948 0.949 0.924 0.995 0.99 Voluntary terminated

weighted average 0.951 0.025 0.951 0.951 0.951 0.926 0.995 0.99

Algorithm Performance Metrics Performance result

RF

Kappa statistic 0.9263

Mean absolute error 0.0593

Root mean squared error 0.1573

Relative absolute error 13.34%

Root relative squared error 33.37%

Time taken to build model 10.89 seconds

65



A.2 detail performance result of proposed algorithms

Table A.4: Detail performance result of MLP algorithm

Detailed accuracy by class label

Algorithm TP FP Precision Recall F-Measure MCC ROC Area PRC Area Classa Label

MLP

0.921 0.03 0.938 0.921 0.929 0.894 0.973 0.957 Involuntary terminated

0.949 0.036 0.93 0.949 0.94 0.909 0.987 0.974 Active service

0.93 0.034 0.933 0.93 0.931 0.897 0.982 0.966 Voluntary terminated

weighted average 0.933 0.033 0.933 0.933 0.933 0.9 0.981 0.966

Algorithm Performance Metrics Performance result

MLP

Kappa statistic 0.9002

Mean absolute error 0.0602

Root mean squared error 0.1934

Relative absolute error 13.53%

Root relative squared error 41.03%

Time taken to build model 34.37 seconds

Table A.5: Detail comparison result of proposed algorithms with including and

excluding bill cycle ID attribute
Before excluding bill cycle ID attribute After excluding bill cycle ID attribute

Algorithm TP FP Precision Recall F-Measure MCC ROC Area PRC Area TP FP Precision Recall F-Measure MCC ROC Area PRC Area Classa Label

J48

0.944 0.027 0.947 0.944 0.946 0.918 0.969 0.938 0.871 0.042 0.912 0.871 0.891 0.839 0.944 0.9 Involuntary terminated

0.956 0.025 0.951 0.956 0.954 0.93 0.975 0.936 0.949 0.034 0.932 0.949 0.941 0.911 0.976 0.937 Active service

0.946 0.025 0.949 0.946 0.948 0.921 0.972 0.941 0.904 0.061 0.881 0.904 0.893 0.838 0.948 0.876 Voluntary terminated

weighted average 0.949 0.026 0.949 0.949 0.949 0.923 0.972 0.938 0.908 0.046 0.908 0.908 0.908 0.863 0.956 0.904

RF

0.947 0.024 0.951 0.947 0.949 0.924 0.994 0.989 0.893 0.033 0.931 0.893 0.912 0.869 0.98 0.97 Involuntary terminated

0.958 0.025 0.95 0.958 0.954 0.931 0.996 0.992 0.955 0.029 0.942 0.955 0.949 0.923 0.994 0.987 Active service

0.948 0.024 0.951 0.948 0.949 0.924 0.995 0.99 0.927 0.05 0.902 0.927 0.914 0.871 0.985 0.966 Voluntary terminated

weighted average 0.951 0.025 0.951 0.951 0.951 0.926 0.995 0.99 0.925 0.038 0.925 0.925 0.925 0.888 0.986 0.974

MLP

0.921 0.03 0.938 0.921 0.929 0.894 0.973 0.957 0.828 0.037 0.918 0.828 0.871 0.813 0.943 0.918 Involuntary terminated

0.949 0.036 0.93 0.949 0.94 0.909 0.987 0.974 0.944 0.04 0.921 0.944 0.932 0.898 0.986 0.971 Active service

0.93 0.034 0.933 0.93 0.931 0.897 0.982 0.966 0.912 0.08 0.85 0.912 0.88 0.818 0.957 0.891 Voluntary terminated

weighted average 0.933 0.033 0.933 0.933 0.933 0.9 0.981 0.966 0.895 0.053 0.896 0.895 0.894 0.843 0.962 0.926
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