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ABSTRACT

Service termination is one key challenge of operators that can significantly reduce their
revenue. It is still a challenge even in Ethiopian monopoly market even if users do not
have alternative service provider. For instance, the market has seen 1.6 percent overall
prepaid mobile subscriber termination rate within a quarter, let alone specific service
termination. To address this challenge, operators need to understand causes of
termination and take timely proactive actions to mitigate number of terminations. For
this purpose, they need to accurately and timely predict subscribers with potential service
termination based on collected service related data. Performance of various classification
algorithms have been investigated to predict subscribers’ behavior. However,
performance of such algorithms are not studied in the context of Ethiopia where ethio

telecom has an enormous data that helps to define its subscribers” behavior.

Objective of this thesis work is to study performance of classification learning algorithms
for predicting termination in the context of Ethiopian prepaid subscribers. Studied
algorithms are 48, Random Forest and Naive Bayes and their performance are compared
in terms of prediction accuracy, performance, errors and interpretability of their model.
Algorithms effectiveness and efficiency are evaluated considering two validation
methods (Percentage Split and Cross Validation) and three data sets. For the performance

evaluation, we used WEKA 3.8 tool algorithm implementation.

Obtained results show that Random Forest scores the highest prediction accuracy while
Naive Bayes scores the least. Random Forest and Naive Bayes scores their best at 93.4% and
85.9% respectively, besides 48 scores 93.3%. J48 is as accurate & robust as Random Forest.

Moreover, it provides the most interpretable and clear model.

Key words: [48, Random Forests, Naive Bayes, service termination, subscribers’ defection,

churn, confusion matrix
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1 INTRODUCTION

Service termination is one key challenge of operators that can significantly reduce their
revenue. Being able to predict the termination of subscribers in advance provides a
company to have a valuable insight to maintain and improve its customer base [1], [2].
Early identification of subscribers that leave telecom services and retain them with
attractive offers and discounts is one of the main business strategy of the
telecommunications service providers. Since prepaid subscribers are not required to
notify the service provider when they quit using service(s), they could leave the company
unexpectedly. Fortunately, operators have enormous data to identify their subscribers
who are inclined to leave a service. Telecom companies are trying to use their huge
amount of day to day transactional data for purposes like understanding customer usage/

spending patterns and predicting their future behavior [3].

In most industries, retaining existing customers saves a cost anywhere between 10 to 25
times more than acquiring a new one. Thus, increasing customer retention rates by just
5% can increase profits by 25% to 95% [4]. Actually, when a telecom subscriber leaves
from a service, operators lose not only the revenue from a subscriber but also the cost of

material, labor and time resources incurred to acquire that subscriber.

Even though ethio telecom is a monopoly operator in Ethiopia, it scored prepaid
subscribers termination rate of 1.6 percent from November 2018 to January 2019 as it is
shown in Table 1-1. This rate is approximately similar to the churn rate on the first semi-
annual report of Telefonica, an operator in Europe and Latin America countries, in 2019.
It is reported that the average churn rate per month in the telecom sector is 2.2%. ethio
telecom’s subscriber termination rate is nearly becoming equivalent to the churn rate of

operators that are working in a highly competitive environment [5], [6].



Table 1-1 ethio telecom Prepaid Subscribers Termination Rate

Prepaid Subscribers from Nov 2018 to Jan 2019
A | Number of subscribers at the beginning of November 2018 | 37,280,894
B | Number of subscribers at the end of January 2019 38,167,654
C | Subscribers increment (B-A) 886,760
D | New subscribers acquired 1,474,572
E | Terminated Subscribers in the duration 587,812
F | Termination rate based on customer base (E/A) 1.6%
G | Termination rate based on new sales (E/D) 39.9%

As per the direction of the Ethiopian government, the Ethiopian Communication
Authority (ECA) is in preparation to invite two telecom operators [7]. According to the
director of ECA, the international bid will be announced until January 8, 2020. This will
lead Ethiopia to have at least three telecom operators after April 2020 [7]-[10]. Therefore,
ethio telecom is nearly going to face the competitive world in the telecom sector. ethio
telecom has planned to attract and cooperate with experienced operators prior to
competition. Thereby, 49 percent of its share will be available to the market to strengthen

its capacity and confront the coming competition [8]-[10].

Many products and service offerings make the competition tighter, rather applying them
wisely helps to win a competition [11]. To face the competition, a service provider first
must know about its customers how they decide and what variable(s) influence their
decision. One of the important data to study subscribers’ behavior is Call Detail Record
(CDR). A CDR contains at a minimum of: caller number, called number, call starting time,
call end time, call duration, call type e.g. voice call, SMS, GPRS/MMS, call fee, terminal

location and more than 30 different types of contents [12].



Data driven classification of subscribers is used to prepare a proper strategic plan, to
provide proactive customer service, to design a better marketing strategy, to prepare
customized retention plan, and so on. Machine learning can be easily applied to support
the detection, classification and prediction of termination of subscribers [16]-[18], [23]-
[26]. By analyzing an enormous data at the hand of a service provider, faulty subscribers
can be identified early. Several prediction tools that support predictive modeling and
classification process can be applied to find patterns from the actual data in a system.
Therefore, the operator can apply a proactive retention activity or other strategies to

absorb the loss from termination of subscribers.

1.1 STATEMENT OF THE PROBLEM

According to ethio telecom's Dashboard report, 670,128 prepaid mobile subscribers were
terminated within four months (November 2018-February 2019). This significant number
of subscribers' termination should be monitored in order to identify the factors behind
their termination. Postpaid subscribers are often asked their reasons when they apply for
termination of services but not for prepaid subscribers so far. In fact, prepaid mobile
subscribers do not have an obligation or a binding contract to notify service provider
prior to termination of a service. So it becomes very difficult to earn money from
potentially disconnected subscribers. Once a subscriber is disconnected from telecom
services, it has a challenge for the telecom operator to: campaign, offer goods and
services, provide proactive customer service and context-based marketing. Additionally,
mobile subscribers inclined to termination are deemed as active subscribers that
overstates Average Revenue Per User (ARPU) expectations of the company. Thereby, a
plan based on the expected number of active subscribers (customer base) is biased since
potentially terminated subscribers are considered as active. Predicting the status of
customers is, therefore, a priority for the planning of: a real customer base, customer

service, promotion, and profit strategy. Moreover, entering to the emerging



telecommunications” competitive market without understanding the behavior of

subscribers results in a customer churn that cannot be easily controlled.
Research questions

*  Which features or attributes influence prediction of subscribers” termination?
* Which prediction technique can effectively and efficiently identify possible
termination of subscribers?

= What are the tradeoffs to build understandable model?

1.2 OBJECTIVE

1.2.1 General Objective

The general objective of this study is to predict termination of prepaid mobile subscribers

with effective & interpretable machine learning algorithm(s).
1.2.2 Specific Objectives
The specific objectives of this thesis are:

* To identify possible termination (deactivation) of prepaid mobile subscribers
before quitting from services.

* To show how prepaid mobile subscribers quit a service based on combination of
selected features (attributes).

* To select an effective & interpretable ML algorithm(s) for prediction of subscribers’
termination.

=  To model ethio telecom subscribers’ termination.



1.3 SCOPE AND LIMITATIONS

1.3.1 Scope

The scope of this study is to predict possible termination of individual prepaid mobile
subscribers in ethio telecom. As the behavior of subscribers is well known, their decision
analysis will be more reliable. This research is about subscribers’ behavior towards their
status change to termination. It is mainly based on the information extracted from their

CDR and profile data.

The data is combined from subscribers’ categories: deactivated, suspended, barred and
active status collected from Customer Billing System (CBS) and Customer Relation
Management (CRM) systems. Even though unlimited data sets can be prepared in
different arrangements, only six different arrangements are made to test the selected
algorithms. Three classification algorithms (J48, Random Forest and Naive Bayes) and two
validation methods (percentage split (70/30) and 10-fold cross) are applied for prediction on

termination of subscribers.
1.3.2 Limitations

It takes a lot of time and resource to extract, pre-process, analyze and evaluate the data
set of all subscribers. Thus, this analysis is limited to three months of subscribers’ data,
three classification algorithms and two validation methods. Lack of central data
warehouse limits the study to apply a big data analytics in order to get a better prediction

on termination of prepaid mobile subscribers.

1.4 CONTRIBUTIONS OF THE RESEARCH

This work adds value by creating a model that can effectively and efficiently forecast
using machine learning classification algorithms to identify possible termination of

subscribers based on their CDR usage and selected profiles. ethio telecom can thus



schedule proactive customer management, prepare an appropriate marketing strategy
and retention programs to meet subscribers” need. In addition, ethio telecom can also be
benefited from putting a strategic plan based on fairly categorized customer base such as
ARPU. Moreover, evaluating the actions of existing subscribers tends to reduce churners
in a competitive telecom market as early planning, which will undoubtedly occur in the
near future. Finally, other researchers interested in predicting termination of subscribers

from telecom services can base this research to improve or contribute their own.

1.5 LITERATURE REVIEW

Churn in literature 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 [1],
[13], [14], [16], [17], [21]-[25]. In the context of this study, termination of a subscriber is
defined as only quitting a service from the mobile operator. There is no other competitor
to leave for in the case of monopoly market. The main feature that distinguishes churn
prediction analysis from service termination prediction analysis is On-net calls. “On-net
calls: describe monthly outgoing and incoming calls within the network. It includes
duration of calls, number of calls, and the number of SMS sent or received.” Off-net calls
differ since the calls made are with another network (service provider) [3]. They are
mainly used in the existing of other network(s) or competitors. Otherwise, all features
and methods used in churn prediction can also be applied for prediction of subscribers’

termination.

Unlike postpaid subscribers, the main challenge in predicting the termination of prepaid
subscribers is that there is no binding contract requiring a prepaid subscriber to notify
the operator before leaving a service [26]. However, telecom operators can also be
benefited from the available enormous customers’ data to predict defection by applying

learning algorithms. In fact, the competition market across the world has forced service



providers to employ the best data mining algorithms that produce the most accurate

prediction in order to remain on the market.

Predicting subscribers defection in advance provides an organization with valuable
insight to retain and improve its customer base [1], [2]. The optimal size of the retention
program takes into account the balance that the firm must make between increasing the
target size to reduce defective losses and lowering the target size to reduce the cost of
retention activities. Predicting defective subscribers is a critical and preliminary task
ahead of retention activities. Retention practices are heterogeneous across the customer

base as customers have different tenure, profile and service usage [16].

Learning algorithms contribute a lot to different applications, some of them are text or
document classification, natural language processing to avoid stenography (shorthand
writing), speech recognition, Optical character recognition (OCR) to read images that
consist of typed, handwritten or printed content of text that are readable for humans but
not for machines; computational biology applications, fraud detection, network intrusion
detection, games, medical diagnosis, recommendation systems, search engines,
information extraction systems, computer vision tasks such as image recognition, face
detection and many more [27]. To predict customer defection, several machine-learning
algorithms can be used. Since machine learning is not a one-time task, but instead a
continuum, testing with different machine learning techniques and tuning parameters is
the basis to avoid complexity and achieving the desired result. Parameter tuning on all
machine learning techniques helps to create a clear model, to achieve the best

performance and accuracy in order to predict based on a given data set [28], [29].

Based on subscribers’ telephone numbers taken from a wireless telecom company in
Taiwan a data set of about 160,000 subscribers, including 14,000 churners had been

randomly selected by [21]. Customers' behavior extracted from customer demographics,



billing information, contract/service status, CDR, and service change log were able to
deliver accurate churn prediction models using decision tree and neural network
techniques. Before learning algorithms, customers were clustered into five segmentations
(using K-means clustering) based on their loyalty, contribution, and usage. They got
possible variables from other researches and telecom experts’ interviews; then analyzed
these variables. As a result, the performance of the neural network (backpropagation
network, BPN) was better than the decision tree model without segmentation on both hit
ratio and capture rate. But the performance of the decision tree model without
segmentation (without clustering) was better than applying segmentation (clustering) on the

dataset.

Researchers in [14] identified the most accurate ML algorithm to predict churners from
their chosen ML algorithms. A CDR data of 98,514 subscribers for 183 days had been used
for the research. A tree-based method was used to improve selection of features. As a
result, SVM scored the highest accuracy of 89.4, whereas other algorithms scored: RF 88.4,
KNN 88.2, AdaBoost 89.2 and Logistic Regression 89.3 in percent. Thus, the accuracy of

an algorithm has implied the ability to identify churners.

Most studies in telecom industries have a focus to predict churners. However, Adeolu O.
Dairo et al. [26] proposed a model to predict dormant customers. The researchers used
CDR attributes and demographic variables of dormant customers to build the dormancy
prediction model using a decision tree. Attributes were tested by using Oracle Data Miner
(ODM) decision tree technique. Even though it had scored 79 percent at maximum, which
is the least accurate compared with the churn prediction models” accuracy, the approach
was unique and magnificent. It contributed to prepare a timely retention plan before
customers go to the dormancy (suspension) stage. It is an easily adopted and applied

model for the campaign management team to prevent dormancy and churners as well.



A.K. Ahmad et al. [18] analyzed a high volume and variety of data by ordinary analytical
tools to present churn prediction model using big data analytics. To overcome a problem
in getting customers’ information (variety of data) from multiple systems and databases,
different type of files structured, semi-structured (XML-JSON) or unstructured (CSV-
Text) were extracted from SyriaTel telecom company. The research also dealt with a high
volume of data related to customer’s services and contact information, location
information, complaints database, network logs data, CDR and mobile IMEI information
are included in the study. The study used about ten million customers” information of 9
months (about 70 Terabytes on HDEFS) to train, test, and evaluate in the Spark
environment. The data also comes very fast and needs a suitable big data platform to
collect, aggregate and extract features for each customer. XGBOOST algorithm were
found as the best classifier compared to other algorithms GBM tree algorithm, Random

Forest and Decision Tree.

Predicting behavior of customers (subscribers) is mainly based on records in the systems
of a service provider. ethio telecom keeps record of subscribers in disintegrated systems
such as ECAF, IPCC, CRM, MVAS, log file data, network systems (such as PRS, U2000)
and other systems. It seems inapplicable to research the behavior of customers by
collecting, integrating and processing all subscriber records. It requires a high storage
device (central data warehouse) and an efficient processing machine. Thus, a few features
that mostly related to predicting termination of subscribers have to be wisely selected.
Based on works of literature, including mentioned above, CDR data hold most features

that researchers commonly and necessarily used.

1.6 METHODOLOGY

Supervised learning approach, one of the machine learning techniques, is selected in

order to build and test an effective and efficient model to predict subscribers’ termination.



Classification algorithms that are mostly supervised learning used to predict subscribers’
termination (deactivation). Three the most common classification algorithms, 48 decision
tree, RandomForest, and Naive Bayes, are applied to develop subscribers’ termination
model. The training and validation are made based on two validation methods as shown
in Figure 1.1.
The steps followed to perform this study are explained as follows:

1. Literature Review
Works of literature were exhaustively reviewed from research articles, journals, books,
and company white papers.

2. Data Collection
A formal supporting letter was taken from the Addis Ababa Institute of Technology
(AAIT) then delivered to the Chief Human Resource Officer of ethio telecom. Then,
relevant data was taken from system databases in IS division. Consequently, prepaid
mobile subscribers profile and CDR data for voice, data, and SMS were collected.

3. Data Preprocessing
Aggregating data extracted in .csv format from systems, clearing missed values,
removing unnecessary & highly correlated attributes and labeling instances were the
main tasks at this stage. Based on proportionality of the labelling and the way the data
was arranged; three data sets have been prepared. All data sets were finally converted to
an appropriate format before ML algorithms have been applied.

4. Model Experiments
The experiment was made using the open-source “WEKA” machine learning tool.
Classification algorithms were tested in six different scenarios. Scenarios were created
based on three different data sets and two different validation methods (testing options):
percentage splits (70/30) and cross fold (k = 10). Algorithms” effectiveness and efficiency
could be checked across data sets and validation methods.

5. Result Analysis and evaluation

10



Results were compared and contrasted so as result variation in each scenario were
presented and discussed according to data set compilation and methods used. Finally,
the results were evaluated based on their accuracy, performance, error measurement and

interpretability metrics.

Data Collection & Selection Data Preparation

* Exfracting data
= CDR (Voice, Data, SMS), Profile data
from CBS and CRM systems
* Random Sampling
= Active! Barred
= Suspended
»  Pre-deactivated

Clearing missed values

Aggregation of data

Labelling deactivated & active subscribers
Attribute selection using features
information gain and correlation

Tools: WEKA 3.8, Ms excel

Training Dataset Testing Dataset
* Percentage splits (70%:) * Percentage splits (30%)
»  Cross validation (K=10) *  Cross validation (K=10)

N —

Training Model ™~

Applying supervised algorithms
(J48, RandomForest, Naive Baves)
Tool: WEEKA 3.8

Subscriber Termination Model

:

Subscriber Termination
Prediction

Figure 1.1 Process to Predict Prepaid Mobile Subscribers’ Termination
1.7 THESIS ORGANIZATION

The remaining part of this paper is organized as follows: In Section 2, subscribers churn
and service termination are briefly described. Section 3 service termination in ethio
telecom trend are reviewed. The machine learning concept and selected classification
algorithms for this study are thoroughly explained in Section 4. Section 5 explains how
data is collected and prepared in different data sets; and how the prediction of ethio
telecom subscribers’ termination is done in different experiment approaches by putting
evaluation metrics to compare algorithms each other. In Section 6 results are shown and

discussed in brief and finally, the conclusion of the paper has been presented.
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2 CHURN AND SERVICE TERMINATION

2.1 OVERVIEW

Customer churn sometimes known as customer attrition, customer defection or customer
turnover. Most works of literature agreed up on churn in the terms of telecom industry
that it is the loss of existing subscribers to another service provider [19]. Sometimes the
definition of churn is put simply as the loss of customers [3]. Unlike churn, service
termination is defined in this study as quitting of a service without leaving to
competitors. In fact, in monopoly market customers (subscribers) has no option to
migrate for rather they only quit. Besides, in this study prediction of subscribers’ service
termination and churn have common benefits. Additionally, the way subscribers
terminate or churn are highly similar. Any user of operator services is considered as a

customer whereas a customer with subscription is referred as a subscriber [30].

Subscribers could terminate from the service either voluntarily or involuntarily. In both
ways prepaid mobile subscribers are not expected to notify their service providers before
quitting. Thus operators become uncertain about their customer base which is the most
necessary component to put a strategic plan. However, service providers have an
enormous data to learn about their subscribers behavior such as: customer demography,
billing data, Calls/SMS/Internet, international calls, on-net calls, complaints, network
data and so on [18], [23], [31]. Predicting churners or mobile subscribers” termination has

a lot of benefits that will be explained later.

Machine learning can be easily applied to support the detection, classification and
prediction of termination of subscribers. By analyzing huge data at a service provider's
hand, it is possible to identify defective subscribers early. Many prediction techniques

can be used to find patterns from the actual data in a system that help predictive analysis

12



and classification process. The operator can therefore use a proactive retention operation
or other approaches to be ready for the consequences after loss of subscribers [18], [24]-

[25].

2.2 TYPES OF CHURN OR SERVICE TERMINATION

The customer life cycle provides another dimension to understand customers. This
focuses specifically on the business relationship, based on the observation that the
customer relationship evolves over time. Although each business is different, the
customer relationship places customers into five major phases: prospects, responders,

new customers, established customers and former customers [32].

According to [2], [33] a subscriber can leave the operator’s service either voluntarily or
involuntarily. Leaving voluntarily is also separated into two sub-categories that are
deliberate and incidental as shown in Figure 2.1. Deliberate leaving could be occurred
based on factors related to subscriber’s sensitivity compared to subscriber’s expectations
such as high service price, low service quality, poor customer service, and other related
inconvenience factors. Incidentally leaving service is not caused by subscriber’s plan, but
because of unexpected changes that could occur on subscriber life, such as a change in
financial situation, changing home or work location (geographically relocated), time
inconvenience, and others. Subscribers might leave a service they are using involuntarily
if they are removed by the service provider itself due to deception, unpaid bills (loans),

and non-usage of the service in a given period of time.

Deliberate

Voluntary

Incidental

Involuntary

Figure 2.1 Types of Churn or Service Termination
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2.3 BENEFITS OF PREDICTING CHURN OR SERVICE TERMINATION

Churn prediction and management have become of great concern to the mobile
operators. Because of the importance of accuracy in churn prediction, a lot of researches
has been directed into improving prediction model to identify churners [23]. Mobile
operators want their subscribers to be maintained to meet their desires. They need to
anticipate the possible churners by using their limited resources to maintain their
customer base. Acquiring a new customer is 10 to 25 times more expensive than retaining
and also reducing churn in just 5% can boost profitability by 75%. Improving retention
has a greater impact on growth than acquisition. The probability of up selling or cross

selling to an existing customer is 60-70%, but only 5-20% for a prospect [4].

Prediction of services termination in monopoly market has also similar benefits as churn
prediction serves. It helps to send targeted offers to the concerned potential customers to
improve their usage. Additionally, companies can gain an input from the prediction to:
* manage their customers proactively
* toimprove their expectation on ARPU

* to prepare an appropriate marketing strategy and retention programs
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3 MOBILE SERVICE TERMINATION IN ETHIO TELECOM

3.1 IDENTIFYING SERVICE TERMINATION IN ETHIO TELECOM

Before leaving telecom service(s), a postpaid subscriber should notify ethio telecom
shops; otherwise, will be liable for any debt or failure under enforcement of the law. But
most of the time, postpaid subscribers apply to quit service(s) so that their reason for
leaving is registered on a CRM system. This helps the company to identify its subscribers
interest and the most compliant area. Thus, a retention plan can be prepared for

subscribers based on their interest so that maintaining the customer base becomes easy.

The challenge comes when prepaid customers quit; as they don't notify ethio telecom
when they leave services. Actually, ethio telecom has a Customer Retention and Loyalty

Section that has more than 60 employees. This section mainly involved in:

Identifying the reasons why prepaid customers quit a service

Confirming customers fault & other complaints are handled on time

Identifying and awarding loyal customers

Churn prediction

Data extracted and sent from IS division about terminated (deactivated) subscribers is
used to identify their reason to leave a service. Employees used MS Excel to categorize
and analyze subscribers’ information. Identifying a reason of withdrawal of prepaid
subscribers is done via a contact of another subscriber registered as an emergency contact
for the terminated subscriber. Such action has a challenge for employees in investigating
the reason through another customer. The contact number sometimes don’t answer the

call, becomes offended or may not have a willingness to answer the questionnaire.
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3.2 SUBSCRIBERS TERMINATION RATE IN ETHIO TELECOM

Even though ethio telecom put an effort to identify and hold subscribers in the network,

a significant number of mobile subscribers are terminated each month as it is shown in

Table 3-1.

Month

Oct-18

Nov-18

Dec-18

Jan-19

Category

Postpaid
Prepaid
Total
Postpaid
Prepaid
Total
Postpaid
Prepaid
Total
Postpaid
Prepaid
Total

Active

54,161
37,280,894
37,335,055

54,902
37,469,103
37,524,005

55,392
37,805,636
37,861,028

56,418
38,167,654
38,224,072

Sales in the

Month

346
518,810
519,156

1,438
492,681
494,119

856
484,484
485,340

1,489
497,407
498,896

Table 3-1 Monthly Termination Rate in ethio telecom

Rate
(Turnover
Rate)

1.29%
0.82%
0.82%
0.67%
0.39%
0.40%
0.84%
0.36%
0.36%

Individual Mobile Subscribers Termination Rate in ethio telecom
Termination

Number of
Terminated
Subscribers

697
304,472
305,169

366
147,951
148,317

463
135,389
135,852

Subscribers termination (turn over) rate of a month is determined by taking the difference

in number of subscribers within a month (by excluding new subscribers) and dividing it

to the number of subscribers at the beginning of the month. It is also possible to calculate

the termination rate quarterly, semi-annually or annually accordingly. ethio telecom’s

termination rate from November 2018 to January 2019 is 1.6 percent based on the

customer base. It becomes significant while compared to the new sales in the duration

which is 39.9 percent.
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3.3 SUBSCRIBERS LIFE CYCLE IN ETHIO TELECOM

In ethio telecom a subscriber should go through in either, few or all of the steps in the
rules of a prepaid life-cycle subscription [34]. When SIM cards available to the market
stays in a pre-active status until a subscriber fills out Customer Application Form (CAF)
to take them. At this stage, the sim card has an unlimited validity period. When a
customer is subscribed to get the service, the sim card status immediately changed to
active. It becomes active after the first call is made. The validity period will last according
to the air time hold/ purchased by the subscriber. The sim status can be changed to One-
way block /Barring/ status if the probation period given to air time is ended. The sim stays
for a given period of time at this stage; and will be transferred to Two way blocked
/Suspend/. If a subscriber doesn’t charge the balance within a month it will be terminated
and recycled for a new sale. The detail subscriber life cycle in ethio telecom is shown in

Appendix 1.
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4 MACHINE LEARNING

4.1 OVERVIEW

Machine learning is emerging as one of the software industry's most important
developments. While it has been around this advanced technology for decades, it is now
becoming commercially viable. The world is moving into an age in which machine
learning strategies become essential tools for creating value for businesses wanting to
understand the hidden value of their data [28]. In [27] machine learning defined as
computational methods using the experience to improve performance or to make
accurate predictions. In 1959, Arthur Samuel defined machine learning as a “Field of
study that gives computers the ability to learn without being explicitly programmed”. In
1998, Tom M. Mitchell provided a widely quoted, more formal definition: “A computer
program is said to learn from experience E with respect to some class of tasks T and
performance measure P, if its performance at tasks in T, as measured by P, improves with
experience E” [35]. As per [36], machine learning usually refers to the changes in systems
that perform tasks associated with Artificial Intelligence (AI). Such tasks involve

recognition, diagnosis, planning, robot control, prediction, etc.

When to Use Machine Learning?

Machine learning has an interesting role to analyze tasks that are sophisticated to
interpret. Predicting the label of a document, also known as document classification, is
by no means the only learning task. Machine learning admits a very broad set of practical

solutions to solve many analytical challenges.

Some tasks need the support of machine learning since they are very difficult to
understand and analyze in usual methods for example speech or natural language

recognition, text or document classification, computer vision application such as optical
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recognition, game decisions, image identifier, and so on. Additionally, unless machine
learning algorithms are used to learn from experience, it is sometimes impossible to

extract meaningful results from input data.

Furthermore, machine learning is helpful for very large and complex data set that is
highly interrelated with its features and beyond human capabilities to analyze such as
astronomical data, turning medical archives into medical knowledge, weather prediction,
analysis of genomic data, web search engines, and electronic commerce. The other reason
to use is programmed tools are mostly inflexible to adapt their input data accordingly,
but machine learning is adaptive for many tasks that can possibly change timely or from

one user to another [27] [37].

Learning algorithms learn from the data itself and can put a possible prediction based on
their experience. As they got big data sufficiently, they can predict more accurately.
According to [21], data processing and storage approaches are facing many challenges in
meeting the continuously increasing demands of big data in the real world. Challenges
and solutions have four dimensions: data storage, analytics, online processing, and
security. Learning tools like WEKA are limited in storing and processing big data [22].
For such a case Hadoop, Apache Spark, Python and other big data analytical tools have

to be used.

4.2 MACHINE LEARNING CYCLE

In [28] creating a machine learning application or operationalizing a machine learning
algorithm is an iterative process. It can’t be simply trained a model once and leave it alone
since data changes, preferences evolve, and new challenges will emerge. Therefore, the
model should be kept fresh when it goes into production. While it is not possible to do
the same level of training that was needed when the model is built, it can’t be assumed

that it will be self-sufficient.
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The machine learning cycle is continuous, and choosing the correct machine learning

algorithm is just one of the steps. The steps in the machine learning cycle are as follows:

* Identify the data: Identifying the relevant data sources is the first step in the cycle.
In addition, as the machine learning algorithm is developed, it must be considered
about expanding the target data to improve the system.

* DPrepare data: Making sure the data is clean, secured, and governed. If a machine
learning application is created based on inaccurate data, the application will fail.

* Select the machine learning algorithm: Several machine learning algorithms can
be applied to the prepared data and business challenges.

* Train: The algorithm has to be trained to create the model. Depending on the type
of data and algorithm, the training process may be supervised, unsupervised, or
reinforcement learning.

* Evaluate: Evaluate your models to find the best performing algorithm.

* Deploy: Machine learning algorithms create models that can be deployed to both
cloud and on-premises applications.

* Predict: After deployment, start making predictions based on new, incoming data.

Assess predictions: Assess the validity of predictions; the information gathered from
analyzing the validity of predictions is then fed back into the machine learning cycle to

Improve accuracy.

4.3 APPLICATIONS OF MACHINE LEARNING ALGORITHMS

Machine learning algorithms are applied for most prediction problems, and the following

problems are found in the real world but not the only [27], [38], [39]:

* Text or document classification: This includes problems such as assigning a topic
to a text or a document, determining automatically if the content of a web page is

inappropriate or too explicit; it also includes spam detection.
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* Natural language processing (NLP): Most tasks in this field, including part-of-
speech tagging, named-entity recognition, context-free parsing, or dependency
parsing, are cast as learning problems. In these problems, predictions admit some
structure. For example, in part-of-speech tagging, the prediction for a sentence is
a sequence of part-of-speech tags labeling each word. In context-free parsing, the
prediction is a tree. These are instances of richer learning problems known as
structured prediction problems.

* Speech processing applications: This includes speech recognition, speech
synthesis, speaker verification, speaker identification, as well as sub-problems
such as language modeling and acoustic modeling.

* Computer vision applications: This includes object recognition, object
identification, face detection, OCR, content-based image retrieval, or pose
estimation.

* Computational biology applications: This includes protein function prediction,
identification of key sites, or the analysis of gene and protein networks.

* Many other problems such as fraud detection (e.g. sim box fraud detection) for
credit card, telecom or insurance companies, network intrusion, learning to play
games such as chess, unassisted control of vehicles such as robots or cars, medical
diagnosis, the design of recommendation systems, search engines, or information

extraction systems, are tackled using machine learning techniques.

4.4 TYPES OF LEARNING

Machine learning scenarios differ from each other based on the types of training data

available to the learner. Common machine learning types are listed as follows [27]:
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Supervised learning: The learner receives a series of examples labeled as training data
and makes predictions for all unknown levels that are most common for classification,

regression, and ranking problems.

According to [24] it is possible to understand supervised learning in an even better way

by looking at it through two types of problems.

Classification: Classification problems categorize all the variables that form the output.
Examples of these categories formed through classification would include data such as
marital status, sex, age, location, contract type and so on. The most common model used
for this type of service status is the support vector machine. The support vector machines

set forth to define the linear decision boundaries.

Regression: Problems that can be classified as regression problems include types where
the output variables are set as a real number. The format for this problem often follows a

linear format.

Unsupervised learning: the learner only receives unlabeled training data and makes
predictions for all unknown levels. Since there is usually no labeled example available in
this setting, it can be difficult to quantitatively measure the quality of the learner.
Clustering and reducing dimensionality are examples of unsupervised learning

problems.

Semi-supervised learning: The learner receives a learning sample data consisting of both
labeled and unlabeled and makes predictions for all unknown levels. This learning is
common in settings where unlabeled data is easily accessible but labels are expensive to
obtain. Various types of problems arising in applications, including classification,

regression, or ranking tasks, can be described as semi-supervised learning instances. The
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idea is that the distribution of unlabeled data accessible to the learner can help to achieve

a better performance than in the supervised setting.

Reinforcement learning: The training and testing phases are also intermixed in
reinforcement learning. The learner frequently communicates with the environment to
collect information, influencing the environment in some situations, and obtaining an
immediate reward for each action. The learner's goal is to optimize its reward with the
environment over a series of actions and iterations. Nevertheless, the environment does
not provide long-term incentive input, and the learner faces the dilemma of discovery
and exploitation, as it has to choose between discovering unknown acts to gather more

information or exploiting the already collected information.

Online learning;: it involves multiple rounds and intermixes training and testing phases.
The learner gets an unlabeled training point at each round and forecasts then receives the
true mark, and incurs a loss. The aim of the online setting is to minimize aggregate loss
throughout all rounds. In comparison to the previous settings described above, online
learning does not allow any distributional inference. In addition, in this case, instances

and their labels may be chosen as adversarial.

4.5 SUPERVISED LEARNING

The learning of the classifier is “supervised” in that it is told to which class each training
tuple belongs. It contrasts with unsupervised learning (or clustering), in which the class
label of each training tuple is not known, and the number or set of classes to be learned

may not be known in advance [40].

According to [35], a given problem of supervised learning is solved by performing the

following steps:
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* Determine the type of training examples: Before doing anything else, the user
should decide what kind of data is to be used as a training set.

* Gather a training set: The training set needs to be representative of the real-world
use of the function. Thus, a set of input objects is gathered and corresponding
outputs are also gathered, either from human experts or from measurements.

* Determine the input feature representation of the learned function: The accuracy
of the learned function depends strongly on how the input object is represented.
Typically, the input object is transformed into a feature vector, which contains a

number of features that are descriptive of the object.
45.1 J48 Decision Tree

Decision trees (DT) are well known for their simplicity and understandability. The DT is
produced by algorithms that identify various ways of splitting a data set into branches
(segments) [29]. Decision trees are highly effective tools in many areas such as data and
text mining, information extraction, machine learning, and pattern recognition [41]. It is

a classifier expressed as a recursive partition of the instance space.

The DT consists of nodes that form a Rooted Tree, meaning it is a Directed Tree with a
node called root that has no incoming edges. All other nodes have exactly one incoming
edge. A node with outgoing edges is called an internal node or test nodes. All other nodes
are called leaves (also known as terminal nodes or decision nodes). In the decision tree,
each internal node splits the instance space into two or more subspaces according to a
certain discrete function of the input attributes values. In the simplest and most frequent
case, each test considers a single attribute, such that the instance space is partitioned
according to the attribute’s value. In the case of numeric attributes, the condition refers

to a range.
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Each leaf is assigned to one class representing the most appropriate target value.
Alternatively, the leaf may hold a probability vector indicating the probability of the
target value having a certain value. Instances are classified by navigating them from the
root of the tree down to a leaf, according to the outcome of the tests along the path.
Typically, the complexity of the tree is measured by the following metrics: the total

number of nodes (tree size), total leaf, tree depth and the number of attributes used [42].
Entropy

Entropy is used to measure information content by calculating estimates the information
gain from a feature. The feature subset that yields the maximum entropy reduction which
is equivalent to maximum information gain will be selected. The reduction in entropy of
the class given a feature is defined as the difference between the prior entropy and the
posterior entropy after observing a feature. For homogenous feature values, Entropy will
be zero, whereas for equally divided feature values Entropy will be one [22], [43]. The

entropy of a discrete random variable is defined as shown in Equation (4.1) below:

E= — Z P(y)log P(y) (4.1)

yeEY
The entropy of a random variable after observing a random variable is defined as shown
in Equation (4.2).

E = —ZP(x)ZP(ylx) log P(y|x) (4.2)

xE€X yeY

Information Gain
The information gain is the difference between the entropy of classification label before
and after the split and is achieved by replacing the function E in the previous expressions

by the entropy function as shown in equation (4.3)
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The information gain of Y given X.
InfoGain (Y,X) = Entropy(Y)- Entropy(Y|X)
InfoGain (Y,X) = Entropy(X)- Entropy(X|Y)

InfoGain (Y,X) = Entropy(Y) + Entropy(X) — Entropy(X|Y) 4.3)

Pruning
Pruning is a technique in device reading that reduces the dimensions of decision trees by
detaching parts of the tree that provide little control to categorize instances. A key

motivation of pruning is ”“trading accuracy for simplicity” [35], [44], [45].

Tree A Tree B

Feature 7
A (44172
Feature 3

[ ]
| A20) | | D (10/2)

L 4

Feature 6

EZEIEEEED

Figure 4.1 Pruning

The major advantage of generalization is creating simple visualization and clear
evaluation for an easy decision, but it has a trade-off on the accuracy of the output [27].
The minimum number of instances indicates the minimum amount of data separation
per branching. Instances per leaf in Figure 4.1. are limited to 10 so that all nodes in Tree

A that hold less than 10 instances will be merged into their parent nodes as shown in Tree
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B. Feature 5 and Feature 6 are merged to Feature 4 since they hold leaves less than 10

instances.

45.2 RandomForest

Random Forests are an ensemble learning method that is used for classification as well as
regression; but however, it is mainly used for classification problems. As a forest is made
up of trees, in Random Forest more trees mean more robust forest. Similarly, a Random
Forest algorithm creates decision trees on data samples and then gets the prediction from
each of them and finally selects the best solution by means of voting. It uses an ensemble

method which is better to reduce over-fitting by taking an average of the result [35], [46].

The designed strategy used in Random Forest is divide and conquer. It forms a number of
DT and each DT is trained by selecting any random subset of attributes from the whole
predictor attribute set. Each tree will grow up to a maximum extent based on the attribute
present in the subset. Then, based on the average or weighted average method, the final

DT will be constructed for the prediction of the test data set [20].

Random Forest algorithm follows some steps in the prediction process. First, start with the
selection of random samples from a given data set. Next, this algorithm will construct a
decision tree for every sample. After getting the prediction result from every decision
tree, voting will be performed for every predicted result. At last, the most voted

prediction result will be selected as the final prediction result.

Random Forest runs efficiently in a large range of data than a single decision tree does. It
can handle thousands of input variables without variable deletion. It also handles the
missing values inside the data set for training the model. Handle the unbalanced data set
by using Random Forest is difficult. Random Forest algorithm is very flexible and possesses
very high accuracy. It overcomes the problem of overfitting by averaging or combining

the results of different decision trees. It maintains good accuracy even a large proportion
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of the data is missing. Scaling of data does not require in Random Forest algorithm since

it maintains good accuracy even after providing data without scaling.

Complexity is the main disadvantage of Random Forest algorithms. It is much harder and
time-consuming than decision trees. It is less intuitive in case there is a large collection of

decision trees and also requires more computational resources to implement.

4.5.3 NaiveBayes

[47] Naive Bayes algorithm is a classification technique based on applying Bayes” theorem
with a strong assumption that all the predictors are independent of each other. In simple
words, the assumption is that the presence of a feature in a class is independent of the
presence of any other feature in the same class. For example, a customer may be
considered as active if the service number hold by the customer has high voice usage,
high sms usage, high data usage, high tenure, etc. Though all these features can be
associated each other, they contribute independently to the probability that the customer

is an active user.

In Bayesian classification [20] the main interest is to find the posterior probabilities i.e.
the probability of a label given some observed features, P (L| features). With the help of
Bayes theorem, we can express this in quantitative form as shown below in Equation (4.4).

P(L)P(features|L)
P(features)

P(L|features) = (4.4)

Where, (L!features) is the posterior probability of class label L the attribute value "features"
P(L) is the prior probability of class label “L”.

P(features|L) is the probability of the attribute value "features” when the given class
label is "L".

P(features) is the prior probability of predictor “features”.
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[47] Naive Bayes classification can be used for binary as well as multi-class classification
problems. It is easy to implement and faster to converge than discriminative models like
logistic regression. Since it’s highly scalable in nature it requires less training data; it can
also make probabilistic predictions and can handle continuous as well as discrete data.
Bayesian classifier with decision tree and chosen neural network classifiers to be

comparable in performance [40].

One of the disadvantages of Naive Bayes classification is its strong feature independence
because in real life it is almost impossible to have a set of features that are completely
independent of each other. Another issue with Naive Bayes classification is its ‘zero-
frequency” which means that if a categorical variable has a category but not being
observed in the training data set, then the Naive Bayes model will assign a zero probability

to it and it will be unable to make a prediction.

4.6 UNSUPERVISED LEARNING

Unsupervised learning is essentially a synonym for clustering. The learning process is
unsupervised since the input examples are not class labeled [40]. Most of the
unsupervised learning methods use a measure of similarity between patterns in order to
group them into clusters. The simplest of these involves defining a distance between
patterns. For patterns whose features are numeric, the distance measure can be ordinary

Euclidean distance between two points in n-dimensional space [36].

The literature includes several clustering algorithms, but it is not the focus area of this
paper to discuss them all in detail. Nonetheless, providing a fairly ordered image of
clustering methods is useful. The most basic clustering methods can usually be grouped
into the following categories based on their general characteristics shown in Table 4-1. A
separate categorization of clustering methods is difficult to provide because these

categories often overlap so that a system can have features from multiple categories.
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Table 4-1 Characteristics of Clustering Methods

Method General Characteristics

- Find mutually exclusive clusters of spherical shape
Partitioning | . Djstance-based

methods - May use mean or medoid (etc.) to represent the center
- Effective for small to medium size data sets

- Clustering is a hierarchical decomposition (i.e., multiple levels)

Hierarchical| - Cannot correct erroneous merges or splits
methods - May incorporate other techniques like micro clustering or consider object
"linkages"

- Can find arbitrarily shaped clusters
- Clusters are dense regions of objects in space that are separated by low-

Density- . .
density regions
based . . . . .
- Cluster density: Each point must have a minimum number of points within
methods s "
its "neighborhood
- May filter out outliers
Grid-based - Use a multiresolution grid data structure
methods - Fast processing time (typically independent of the number of data objects,

yet dependent on the grid size

4.7 PARAMETER SETTING FOR PRUNING

Decision trees are simple to understand and interpret, and require less data preparation
than many other types of classifiers. They are also generally fast, even on large data sets,
and can create non-linear decision boundaries that fit data very well. In fact, overfitting
is a prime risk with decision trees, so it is vital to check the model before deploying it to

the test set. As a decision tree is grown, it naturally tends to over fit the data.

The pruning of decision trees is a crucial step towards maximizing the computational
performance and the accuracy of the classification of such a model. Applying pruning
methods to a tree typically leads to a reduction in tree size to avoid unnecessary
complexity and to avoid over-fitting of the data set as new data is classified [45]. Pruning
is a process by which the largest tree that is the most generalizable is selected, and all the

branches below that level are pruned out.
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J48 Parameters

J48 has the following major parameters to overcome overfitting problem [48], [49].

BinarySplits: It determines how nominal data should be used with binary splits.

This is a method whereby the tree is developed by considering one nominal value

over all other nominal values rather than separately considering a break on each

nominal value. This refers to a tree where from each node there are only two

branches.

* confidenceFactor: This determines the aggressiveness of the pruning process. The

higher this value, the more confident it will be that the data applied for learning

will have a good representation of all possible events, but there will be less

pruning. Smaller values induce to more pruning. It significantly affects the

efficiency of the classifier.

* minNumObj: It determines what is allowed for the minimum number of

observations on each tree leaf. This is another way of overfitting control.

* numkFolds: Determines the amount of data used in reduced error pruning. One fold

is used for pruning; rest is used for growing the tree.

» SubtreeRaising: This is a specific pruning method by which a whole set of branches

are moved further down the tree to replace branches grown above it.

*  Unpruned: This specifies if the tree should not be pruned.

Table 4-2 shows major parameters that would affect optimization while the 48 classifier

is used [48].
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Table 4-2 Significant Parameters for Pruning in J48 Classifier

Parameter Values range for adjustment Default value
binarySplits True/ False False
confidenceFactor [0.001, 0.5] 0.25
minNumObj 1,2,3, ...,n 2
numbFolds 1,2,3, ...,n 3
subtreeRaising True/ False True
unpruned True/ False False

Random Forest Parameters

Table 4-3 Significant Parameters in Random Forest Classifier

Random Forest parameters adjust the classifier to bring the desired accuracy,
performance and visualization of the prediction. Some essential parameters including the

description in WEKA 3.8 are shown with their default value in Table 4-3.

Default
RF Parameters Description erat
Values
batchSize The preferfeq nu.mbe‘r of instances to process if 100
batch prediction is being performed.
computeAttributelmportance 'Compl‘,ltes attribute importance via mean FALSE
impurity decrease.
If set, classifier capabilities are not checked
doNotCheckCapabilities before classifier is built (Use with caution to FALSE
reduce runtime).
maxDepth The maximum depth of the tree, 0 for unlimited. 0
numlterations The number of iterations to be performed. 100

Naive Bayes Parameters

The parameters of Naive Bayes do not rely on pruning but are mainly used to improve

the performance and visualization of the classifier.
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5 DATA ANALYSIS

5.1 DATA COLLECTION

All training and test data are collected from the ethio telecom data center. Three months
of prepaid subscribers” CDR data and their profile information are extracted from CBS
and CRM databases respectively. Fifty thousand and twenty thousand subscribers” data
are requested from suspend/ pre-deactivate and active/ barred statuses respectively.
Since active status subscribers have a significant number of service transactions, the
required data have been minimized to balance the data extraction with suspend/ pre-

deactivate subscribers.

5.2 DATA PREPROCESSING
5.2.1 Aggregation of Data

Features extracted from the two systems are saved in .CSV file format for further data
preparation. The extracted data exceeds MS Excel sheet that has a capacity to hold around
one million records only. Therefore, the condensed .csv files should be filed as much as
extracted by using a splitter. All data have to be aggregated to a unique subscriber that is

counted as an instance and saved in another file.

The three months of subscribers” data have been summarized based on unique service
numbers in order to analyze subscribers CDR and profile. After a summary of
subscribers” data averaged to a month for each unique subscriber tenure, average usage
of voice, SMS, data and the average frequency of voice call and data usage that will be
calculated and put in summary. Fields in the data are arranged appropriately based on

their field type such as character, text, date, etc.
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Before machine learning algorithms are used, a target data set must be assembled. As
data mining can only uncover patterns actually present in the data, the target data set
must be large enough to contain these patterns while remaining concise enough to be
mined within an acceptable time limit. Pre-processing is essential to analyze the
multivariate data sets before data mining. The target set is then cleaned by removing

inappropriate values and those with missed data [35].

5.2.2 Data Clearance

WEKA and MS Excel tool support in clearing missed values and removing unnecessary
values from the data such as outliers, test service numbers, erroneously entered data like
special symbols, missed values, null values, duplicated information, etc. Before feeding
the collected subscribers data to the WEKA tool a data clearance is done using MS Excel

and the remaining clearance is done using WEKA.

5.2.3 Attribute Selection

Features selection plays an important role in determining the performance of predictive
models in terms of prediction rates. If a robust set of features can be extracted in this
phase, the prediction rates can be significantly improved. However, obtaining such a
good set of features is not an easy task. Most of the feature sets that have been proposed
so far in the mobile telephony industry [21], [23] but still have room for improvement.
Some steps are followed to filter out attributes that have a significant influence on the

prediction to improve the prediction rates.

When attributes are selected, they should be evaluated relative to their power to give
more information about the subscriber. In this study, outgoing CDR information and
profiles are extracted from CBS and CRM systems respectively. Incoming CDR is not

included since subscribers are limited by validation period. Validation period limits
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subscribers” existence in the operator’s system without using a service so long. Therefore,

their behavior can be found in their outgoing usage.

Table 5-1 Features Extracted from CBS and CRM Systems

Features Selected

CDR

Number of SMS sent to local
numbers (SMS_Local)

Total no.of local sms

Number of months

Feature Set Feature Name Calculation Data Type| Behaviors to be learned
Activation Year = Year of activation date Numeric [Loyalty measurement
Service Number (Serv_No) - Numeric [To identify the subscriber
Customer Nominal [To rank or label
. SIM status (Status -
Profile ( ) subscribers’ stage
Nominal [To identify the service a
Service Type (Serv_Type - . . .
ype (Serv_Type) subscriber is registered
Voice Usage in Min |_ Total voice duration Numeric Subscriber sensitivity to
(Voice_Usg) Number of Calls stay in a voice call
Numeric [To measure subscribers
IF Voi F L Total number of calls h ften t K .
Call Frequency (Voice_Freq) = ————— Fmonths ow often to make a voice
call
) Numeric [Subscribers sensitivity in
Voice Fee in Bi Voi F L Total voice fee di X
oice Fee in Birr (Voice_Fee) = 7 —— Fmonths spending money on voice
call
Numeric [Subscribers sensitivity in
SMS Fee in Birr (SMS_Fee) | —atomsJee nding money on SMS
ee in Birr ( _Fee Number of months spe g money o
at all
Frequency of Sending B Total number of sms Numeric [Subscribers interest how
Messages (SMS_Freq) Number of months often to send SMS at all
Numeric |Subscribers interest to

send SMS for local mobile
numbers

Number of SMS sent to
international numbers
(SMS_Int)

Total no.of int.local sms

Number of months

Numeric

Subscriber interest to send
SMS for international
mobile numbers

Number of SMS sent to ] Numeric [Subscriber interest to
Total no.of int.code sms
short code numbers = spend money on SMS for
Number of months

(SMS_to_Code) short code numbers

Data usage in MB | _Total data usage Numeric [Subscriber interest to

(Data_Usg) Number of months spend time on data usage
Numeric [Subscribers sensitivity in

Data Fee in Bi Data F L Total data fee di ]

ata Fee in Birr (Data_Fee) =~ F months spending money to use
data
Frequency of Data Usage Total number of usage | Numeric |Subscriber interest to use

(Data_Freq)

Number of months

data
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Other personal profiles are not included since mostly they probably don’t represent the
person using the SIM card. Subscribers' profiles data cannot be fully trusted to study
subscribers” behavior since people mostly share personal items including SIM cards [50].
The World Bank estimates about one billion people still lack official proof of identity [51].
Even though Ethiopia is one of the countries required to register SIM cards, the only
country in Africa capturing and validating SIM users is Egypt, according to the GSMA
2018 study [52]. Features listed in Table 5-1 are extracted to learn subscribers’ loyalty and

usage behavior based on their CDR and profile.

It is important to pick the most related features to the target classification. In addition to
improving classification performance, the prediction can be maximized by selecting
attributes/ features based on certain evaluation techniques. Classifiers should also
perform better than random assumptions [40]. There are various methodologies for
assessing worthiness attributes that can be used depending on the type of information
and attributes. Two of these methods have been used here, namely correlation and
information gain ratio. Taking into account the data form of the attributes in this study,
this choice is made; two nominal and the others left numerical. Details of how these

techniques perform the evaluation are discussed here.

In memory of Karl Pearson, who originally developed it, the linear correlation coefficient
is also referred to as Pearson's product-moment correlation coefficient. This statistic
numerically represents the intensity of the straight-line or linear relationship between the
two variables and the direction, whether positive or negative. Simply correlation is
defined as the statistical association between two variables [53]. Therefore, the next step

is to determine the worthiness of selected features in relation to the classification class.
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Correlation: it evaluates an attribute's worthiness by measuring its linear relationship with
the classification class. Pearson attribute correlation coefficient is calculated in Equation

(5.1).

(Bt xy) — Qi) (X, y)
(@ = EL 0 ) Ey? - E 9 )

(5.1)

Where,  N: Number of instances in the given attribute
x: Instance values of the given attribute and

y: classification class label

Value of the coefficient (C) ranges between -1 and + 1. Values close to + 1 show a strong
positive correlation, those close to -1 show strong negative correlation, and those closest
to 0 show no relation. Since the correlation of Pearson establishes a linear relationship,

the linear form is therefore considered to be analysed among the variables [54].

CorrelationAttributeEval function in WEKA evaluates the worth of an attribute by
measuring the correlation (Pearson's) between it and the class. Nominal attributes are
considered on a value by value basis by treating each value as an indicator. An overall

correlation for a nominal attribute is arrived at via a weighted average [55].

Information Gain Ratio (IG): Assess an attribute's worthiness by measuring an attribute's
information gain ratio with the predefined classification class. IG measure is biased
toward attributes with many values that help to avoid attributes with univariate bias in

gaining information as it is explained in the previous section.

The data set used to evaluate attributes using worthiness evaluation techniques is shown

below in Table 5-2.
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Table 5-2 Data Set Used to Evaluate Attribute Worthiness

Status Number of
Subscribers
Active 19185
Deactivated (Terminated) 19185
Total 38370

Thirteen attributes, excluding the labelled (classification) class and service number, are
ranked using the two attribute worthiness evaluation techniques as given in Table 5-3.
Attributes that score a minimum value both in correlation and gain ratio compared and

excluded from the data set.

Table 5-3 Attributes Worthiness

Rank by Information
Attributes Correlation Correlation Gain Ratio Rank by IG
Activation Year 0.37723 1 0.52765 1
Voice_Fee 0.32368 2 0.31474 3
Voice_Usg 0.28668 3 0.32051 2
SMS_Fee 0.21189 4 0.14542 7
Data_Freq 0.19523 5 0.15361 6
Data_Fee 0.17372 6 0.12889 8
Data_Usg 0.14095 7 0.12595 9
SMS_Local 0.08481 8 0.1991 4
Serv_Type 0.06046 9 0.0028 13
Voice_Freq 0.0363 10 0.15905 5
SMS_to_Code 0.02976 11 0.05382 11
SMS_Int 0.01605 12 0.0161 12
SMS_Freq 0.00466 13 0.0841 10

Attributes with a better IG for prediction and correlation with the classification class are
selected. The least predictor attributes in either of the measurements are removed.
Therefore, seven attributes: activation year, voice fee, voice usage, SMS fee, data frequency,
data fee, and data usage have been selected and will be combined with the classification class,
Label. All of them have numerical data type whereas the classification class only has nominal

data type with values ‘A’ and ‘D’ to classify active and deactivated subscribers respectively.
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5.2.4 Data Labelling

All the data set is labeled based on the status of subscribers and it will be included in the
data set as one feature. Making the data labeled helps to learn subscribers” behavior based
on their labels; so that machine learning algorithms can learn and predict by comparing
each subscribers’ label with other features of every instance. Hence, prepaid subscribers
with a status of active or barred are labeled as Active Subscribers (A), whereas subscribers
that are in suspend, pre-deactivate and deactivate status are labeled as Deactivate (Terminate)

Subscribers (D) as shown below in Table 5-4.

Table 5-4 Data Labelling

Subscribers Status Subscribers Label
Category
Active
Active A
Barred
Suspend
Pre-Deactivate (Termination) Deact}vate D
(Terminate)
Deactivate (Recycling)

5.3 EXPERIMENT APPROACH

Before applying machine learning algorithms, the data has to be arranged in different

proportionality of active and deactivated (terminated) subscribers in the data set.

Datasets

There could be so many options to prepare possible data sets by changing the
proportionality of active and deactivated subscribers” data size then after tuning the best
learning algorithm by changing parameters that affect prediction effectiveness and
efficiency. In this study, three types of data sets are prepared to check the learning impact

on applied algorithms using 38370 instances from active and deactivated subscribers.
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Table 5-5 Dataset Proportionality

Dataset Proportionality
Dataset 1 1A:1D
Dataset 2 1A:2D
Dataset 3 2A:1D

The first data set is prepared in equal proportion from active and deactivated subscribers
data set, while the second data set is prepared from deactivated subscribers who are twice
active subscribers as well as active subscribers. The third data set is eventually prepared

by active subscribers that doubled deactivated subscribers as shown here in Table 5-5.

Test Options

Two test options are used to test their impact on data selection for training and test

purpose. These are Percentage Split and Cross-Validation:

Percentage Split: The solution proposed in this study divided the data into two groups:
training data set and testing data set. The training data set consists of 70% of the total
data set and aims to train the algorithms. The test group contains 30% of the data set and

is used to validate the algorithms.

Cross-Validation: The second option is to use K-fold cross-validation with a value of k

equals 10.

Experiment Scenarios

Algorithms go through the two testing options and the three data sets described above to
find an effective learning algorithm. Upon comparing them in each case, there will be six

different scenarios to choose the best algorithm as shown in Figure 5.1.
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Classification Algorithms:
= J48 Decision Tree
» RandomForest

»  MNaive Baves

If.‘-
Percentage Cross
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methods
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Training/Test 10
p
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5 . . .
Proportion: 1A:1D Proportion: 1A:2D Proportion: 2A:1D
Data Set 1 ) ' Data Set 2 Data Set 3

Figure 5.1 Experiments Scenario
5.4 PERFORMANCE EVALUATION METRICS

There are several standard metrics to evaluate classifiers’ performance while predicting
a termination of subscribers. Most commonly used metrics to measure and compare the
effectiveness and efficiency of different classifiers on a given data set are listed here after

based on [13], [20], [23], [35], [37], [40], [56]-[58].

5.4.1 Confusion Matrix

The literature proposes several standard performance metrics to compare the
effectiveness of the various prediction classifiers. Evaluation metrics taken from
confusion matrix can be used to measure the quality of any model built using both

balanced and unbalanced data sets. The results of a classification (or clustering) algorithm
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can be quickly visualized using a confusion matrix. There will be a two by two confusion
matrix for a data set that has two labels for a decision making. Thus there will be four

possible predictions as shown in Table 5-6:

Table 5-6 Confusion Matrix

L Predicted
Algorithm
Result A B Total

A TP EN  m

g FP TN  m

Actual

Total ni no n

Where, A True Positive (TP): correctly predicts the positive value A.
A True Negative (TN): correctly predicts the negative value B.
A False Negative (FN): incorrectly predicts the positive value A.

A False Positive (FP): incorrectly predicts the negative value B.
Outcome Accuracy

Accuracy: is a measurement of correctly predicted instances from the total data and

calculated as shown in Equation (5.2)

TP+TN

Accuracy = ————
y TP+FP+TN+FN

(5.2)

Where, TP is the number of active subscribers,
TN is the number of deactivated subscribers,
FP is the number of deactivated subscribers predicted as active subscribers and

EN is the number of active subscribers predicted as deactivated subscribers.
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Precision: It takes into account all positive predictions. Precision is the fraction of
positively predicted points that are in fact positive as shown in Equation (5.3). The higher

the precision is, the lower the number of false positive errors committed by the classifier.

TP
TP+FP

Precision = (5.3)

Recall: Fraction of positive instances correctly predicted by the classifier. Its value is
equivalent to true positive rate. The higher the value of recall the fewer the number of

instances misclassified as negative and calculated as shown in Equation (5.4).

Recall = ———— (5.4)

F1-Score: A combined measure or harmonic mean of precision and recall as calculated in

Equation (5.5).

Fl = 2xPrecision * Recall _ 2TP
" Precision + Recall (2TP + FN + FP)

(5.5)

The main focus of this study is identification of subscribers’ termination by improving
precision and recall through reduction of FP and FN rates. Therefore, the effectiveness of

classification algorithms will be measured using precision and recall.

Kappa: If the actual and predicted value randomly they would sometimes agree just by
chance. Kappa gives a numerical rating of the degree to which this occurs. The calculation
is based on the difference between how much it is actually predicted compared to how
much expected as it is shown in Equation (5.8). The expectation and accuracy are

calculated as shown in Equation (5.6) and Equation (5.7) respectively.

Expectation = Pe = [(nl/n)* (ml/n) + (n0/n) * (m0/n)] (5.6)
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Where, ni=TP + FP
mi1=TP +FN
no=FN+ TN
mo=FP + TN

n=TP+FP+TN+FN

Po = (TP;—TN) (5.7)
_ (PD—PE) 58
Kappa = - (5.8)

5.4.2 Error Measurements

Error rate or misclassification rate of a classifier is calculated by subtracting rate of
accuracy from one (100%) or can be found as shown in Equation (5.9).Other error
measurements are calculated as shown in Equation (5.10), Equation (5.11), Equation (5.12)

and Equation (5.13).

FP+FN
Error Rate = ————— (5.9)
TP+TN+FP+FN

N PN

Mean Absolute Error = % 2|0 — 6] (5.10)

N
1 ~
Root Mean Squared Error = NZ(Gi - Ql-)z (5.11)

44



> 18—

=1

Relative Absolute Error =

(5.12)

Root Relative Squared Error =

(5.13)

Where, 6 : Actual value

-~

0; : Predicted value

0 : Mean value

5.4.3 Other Metrics
Classifiers can also be compared with the following additional factors in addition to
accuracy-based measures: Speed, Robustness Scalability and Interpretability

Speed: it refers to the computational costs of creating and using the classifier.

Robustness: it is the classifier's ability to predict correctly given noisy data or incomplete

information.

Scalability: it is the ability, despite large amounts of data, to construct the classifier

efficiently. Usually, scalability is measured with a series of increasing data set size.

Interpretability: it refers to the level of understanding and knowledge the classifier or
predictor offers. Interpretability is subjective, making it harder to evaluate. Decision trees
and rules in classification can be easily interpreted, but their interpretability can diminish

when they become more complex.
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6 RESULTS AND DISCUSSION

Classification algorithms vary in their efficiency and effectiveness. Feature selection
methods, composition of data set, data size, method of validation and related factors
affect algorithm's accuracy and efficiency. In this analysis, three classification algorithms
J48, Random Forest and Naive Bayes with two test options, percentage split (70/30) and 10
fold cross validation are applied to three data sets prepared in different proportionality as

previously shown in Table 5-5.

The results were analyzed here on the basis of the output in confusion matrix and time
to build the model. Additionally, errors in prediction and interpretability of the model
were considered in the comparison. A confusion matrix allows to get TP rate, FP rate,
precision, recall, F-measure helps to see the detail. In addition, data set proportionality
and validation methods are considered to see their effect regard to the accuracy and

performance of classification algorithms.

Unlimited number of combination can be used to adjust classification algorithms
parameter for prediction. But, their default values are used to restrict the infinite number
of variations in classification algorithm parameter choices. Comparing them without
further modification is rational. Therefore, analyses were carried out in WEKA (Version
3.8) using default parameters. Furthermore, after selecting the effective and efficient
algorithm, its parameter can be modified until the possible desired accuracy,

performance, and interpretability is obtained.

Accuracy
J48 and Random Forest, both scored their best at 93.3%, while Naive Bayes scored its best at

85.8%. All algorithms scored their most accurate prediction on Dataset 3. J48 and Naive
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Bayes have obtained their best outcome on percentage split method while Random Forest

has been graded for its best on both data validation methods.

The composition of Dataset 3; a two-third of active subscribers and one-third of
deactivated subscribers; is more suitable to learn much better about active subscribers
compared to the other two data sets. Random Forest has got its best accuracy on the basis
of true positive values that holds active subscribers. The precision and recall percent
shown in Figure 6.1 and Figure 6.2 are as equivalent as the overall accuracy. Their F-
measure in all scenarios is much closer to the overall accuracy, precision and recall as it
is shown in Appendix 3, Appendix 4 and Appendix 5.

Precision

m Percentage Split J48

m Percentage Split Random Forest

0.933 0.932 0.932 0.933
0.839 u Percentage Split Naive Bayes

0.868
10 Cross fold J48
] . m 10 Cross fold Random Forest
|| L | m 10 Cross fold Naive Bayes

Figure 6.1 Precision in Dataset 3
Recall

0.933 0.933 0.932 0.933

II :

Figure 6.2 Recall in Dataset 3

m Percentage Split J48
m Percentage Split Random Forest
= Percentage Split Naive Bayes

0.811 10 Cross fold J48

| m 10 Cross fold Random Forest
| m 10 Cross fold Naive Bayes

The least accuracy is recorded by Naive Bayes at 74.7% on data set 1 while ten-cross fold

validation method is used. [48 has a better accuracy as approximately same as Random

Forest. Accuracy result for all classification algorithms is shown in Appendix 2.
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Random Forest creates a bootstrapped data set and a decision tree 100 times (the default
value in WEKA) to make a vote and select the effective one. The algorithm is more robust
so that it can work persistently in small or large data sets that may hold null or error
values partially. It is also consistent while validation methods are changed. 48 is also as
approximately accurate as Random Forest. It uses the entropy and information gain for

feature evaluation to make a better decision; that able to work in different data sets

consistently.
Table 6-1 Accuracy Deviation Across Validation Methods
Classification Algorithms Deviation Dataset1  Dataset2  Dataset3
J48 Between PS and CV 0.08% 0.53% 0.08%
Random Forest Between PS and CV 0.17% 0.10% 0.02%
Naive Bayes Between PS and CV 2.81% 0.32% 4.75%

Where PS: Percentage Split
CV: Cross Validation

Naive Bayes is the least performer as compared to [48 and Random Forest algorithms in all
scenarios. It has a significant improvement in all validation methods while applied on
Dataset 3. Naive Bayes classification algorithm is inconsistent across validation methods.
Its accuracy varies significantly as the validation methods vary. A maximum accuracy
deviation of 4.75% is observed between percentage split and cross validation methods as
shown in Table 6-1. J48 and Random Forest are much consistent in their accuracy as the

validation method varies.

Table 6-2 Accuracy Deviation Across Datasets

le:l;s;fii:;i(;n Deviation PS Ccv
Between Dataset 1 and Dataset 2 0.5% 1.4%
J48 Between Dataset 2 and Dataset 3 0.04% 0.8%
Between Dataset 1 and Dataset 3 0.8% 1.2%
Max Deviation - J48 0.8% 1.4%
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Between Dataset 1 and Dataset 2 0.3% 0.8%

Random Forest Between Dataset 2 and Dataset 3 0.01% 0.8%
Between Dataset 1 and Dataset 3 0.7% 1.2%
Max Deviation — RF 0.7% 1.2%
Between Dataset 1 and Dataset 2 1.1% 9.5%
Naive Bayes Between Dataset 2 and Dataset 3 1.3% 5.0%
Between Dataset 1 and Dataset 3 0.7% 2.3%
Max Deviation — NB 1.3% 9.5%

A significant variation on accuracy is occurred when Naive Bayes classification algorithm
is applied across the datasets using cross validation method. The maximum variation
observed is 9.5% as it is shown in Table 6-2. The least deviation of accuracy is recorded
in Random Forest as it is applied on percentage split; which is 0.01%. This minimum

deviation is recorded between results in Dataset 2 and Dataset 3.

Efficiency to build a model

Unlike J48 & Naive Bayes, Random Forest takes a significant time to build a prediction
model as shown in Table 6-3. The minimum and maximum time measurement Random
Forest has lasted on are 5.79 and 9.67 seconds respectively. Naive Bayes is the most efficient
classification algorithm in all scenarios of the analysis since it applies an independent
measurement on features. The worst time in Naive Bayes is 0.08 seconds; and its fastest
time elapsed to build its model is 0.05 seconds only. All classification algorithms took
their worst time to build a model on Dataset 1 since it is the largest data set compared to

the other two data sets.
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Table 6-3 Classification Algorithms’ Efficiency in Prediction

VALIDATION CLASSIFICATION TIME MEASUREMENT (SECONDS)
TECHNIQUE ALGORITHM Dataset 1 Dataset 2 Dataset 3
J48 0.4 0.38 04
PERCENTAGE SPLIT
70 /3C0) GES Random Forest 9.61 6.22 7.23
Naive Bayes 0.08 0.08 0.05
J48 0.38 0.23 0.23
10 CROSS FOLD Random Forest 9.67 5.79 7.25
Naive Bayes 0.08 0.05 0.05

Errors

Random Forest is robust in minimizing errors to be occurred. It scored minimum errors
mostly in Dataset 3. J48 has a slight difference of error values compared with Random
Forest. Naive Bayes is the worst robust algorithm in minimizing errors in all scenarios of
this study. Detail values of errors are shown in Appendix 6.

The first research question: “which prediction technique can effectively and efficiently
identify possible termination of subscribers?” is answered in the analysis taken above to
get the accuracy, efficiency and error of classification algorithms. As a result, Random
Forest is the most effective and J48 is comparable to Random Forest. But Naive Bayes is
the most efficient compared to J48 and Random Forest. Although Naive Bayes takes less
time to build the model, it couldn’t be taken as an advantage as we measure according to
the aim of this study. Since such experiments are made once in a given period (week,

month, year...), few seconds couldn’t be a major issue to build a model.

Model Interpretability

J48 can build a prepaid mobile subscribers service termination model that can be clearly
shown with the association of features to predict. According to this study, the only
challenge observed in J48 is overfitting problem. Overfitting minimizes interpretability
of the model. In 48 prediction, with default parameters, the model has 97 leaves with 193

total size of the tree. One of the parameters that makes the model more understandable
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is pruning. Pruning can be done by limiting minimum number of instances per leaf.

According to [59] there is no fixed method or clear guidelines for designing ensemb]es.

Pruning Tradeoff on Accuracy
94.0%
o,
93.0% 93.3%
92.0%
B
§'91.0%
—
=
S 90.0%
g%
89.0%
88.0%
87.4%
87.0%
0 500 1000 1500 2000
Limited Number of Instances per Leaf
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Pruning Tradeoff on Tree Leaves &
Size

193

497 52

0 500 1000 1500

Limited Number of Instances per Leaf

—o— Number of Leaves Tree Size

Figure 6.3 Pruning Tradeoff

The model is pruned by adjusting a parameter minNumObj with a value of 1500 to remove

overfitting. Thus, a tree has been pruned to small leaves and size of the tree. In fact,

pruning has a tradeoff on accuracy but it’s better to have a clear model that helps a

decision than overfitting [44]. After pruning is applied, [48 model accuracy has been

declined from 93.3% to 87.4%. The number of leaves and tree size with default parameters

are 97 and 193; but after pruning their values are declined to 5 and 9 respectively as

shown in Figure 6.3. Pruning in J48 has no impact in the information gain or rank of

attributes importance. After pruning is applied, the tree becomes more visualized and

easy to interpret for decision making.
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Figure 6.4 J48 Pruned Tree of Subscribers Termination Model

As it is depicted in Figure 6.4, [48 pruned tree clearly shows 1502 subscribers (with FN of
730 subscribers) are terminated. The algorithm has learnt that subscribers with activation
date prior to 2006 and with an average of monthly usage less than 20.48 minutes are
mostly predicted as possible terminated subscribers. However, subscribers with a voice
usage more than 20.48 minutes are mostly predicted as active subscribers. On the right
side of the tree in Figure 6.4, when the subscribers' activation date is more recent, they
are most likely to terminate the service unless they have an average 208.75 minutes voice

usage per month.

Activation year has become the root node from the selected features applied in the
prediction. It is directly proportional to the actual termination (deactivation) of
subscribers. Subscribers with high tenure are loyal subscribers compared to the recently

subscribed. Most recent subscribers have a high tendency to terminate.
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The activation date mean of these subscribers in the data set is compared to all
deactivated subscribers in ethio telecom. The sample data sets of terminated subscribers
used in this study are too small compared to the total actual data in ethio telecom; their
proportionality is about 1:683. As a result, actually terminated (deactivated) subscribers
with activation year above 2006 are fairly represented in J48 model as shown in Figure

6.5.

Activation Y f All D i
J48 Classification Model: Activation ctivation Year o . eactivated
Subscribers

Year of Deactivated Subscribers 0.11%
13.82%

B <=2006 m2007-2016 m>=2017 H<=2006 m2007-2016 m>=2017

Figure 6.5 Activation Year Validation for 48 Model
The model built by Random Forest is not easy to make a decision. Unlike Random Forest, a
better description is provided by the Naive Bayes model. Random Forest puts an
importance of attributes for each feature as shown in Table 6-4.

Table 6-4 RF Prediction

Attribute Number of Nodes
Attribute (Feature) Importance Used the Feature

Voice_Usg 36% 31526
Voice_Fee 31% 25683
Activation Year 31% 8647
SMS_Fee 26% 18520
Data_Fee 26% 15246
Data_Freq 22% 15135
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Adjusting parameters in Random Forest has a significant impact on its accuracy and
efficiency as well. Random Forest can be pruned by limiting its maxDepth parameter. In
this study two parameters are adjusted. First, minimizing the tree from its default value
(unlimited tree size) to a maximum depth of four. Second, by decreasing its iteration
parameter from 100 to 10. As a result, its accuracy has been minimized from 93.4% to

91.1%, whereas time to build the model declines from 4.43 to 0.27 seconds.

Additionally, attributes importance value and number of nodes used by each features
have been changed as shown in Table 6-5. Thus, pruning Random Forest tree has declined
the accuracy, significantly minimized time to build the model and incurred inconsistency
in ranking features that are helpful to make decisions.

Table 6-5 Pruned RF Prediction

Attribute Number of Nodes
Attribute (Feature) = Importance Used the Feature

Activation Year 21% 42
Data_Fee 12% 17
Voice_Usg 10% 31
Data_Freq 8% 16
Voice_Fee 6% 29
SMS_Fee 5% 15

Naive Bayes lacks to provide understandable model as compared to J48. But at least it puts
the mean of each features with their standard deviations. Subscribers predicted as active
(A) have an average year of activation around 2007 whereas deactivated (D) subscribers
have around 2013. The standard deviation for both A and D are better closer to the mean
as shown in Table 6-6. It describes active users have a better voice usage; they have also
higher fee on voice, sms and data. Their data usage frequency is as twice as deactivated

subscribers as well.
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Table 6-6 Results in Naive Bayes

A D

Measurement Mean Std. Mean Std.

Activation Year  2007.3225 2.9487 2012.8108 4.7136
Voice_Usg 281.2911 302.751 93.9162 228.0362
Voice_Fee 113.4437 126.9253 37.936 81.984
SMS_Fee 8.9491 17.6643 6.8023  18.5015
Data_Fee 52.9936 119.1724 30.0895 88.1817
Data_Freq 98.5613 194.3128 47.5389 112.9806

The activation year in Naive Bayes model is much closer compared to the mean of whole

deactivated (terminated) subscribers of ethio telecom as it is shown in Figure 6.6.

2016
2014
2012
2010
2008
2006
2004
2002
2000

Mean of Terminated Subscribers Activation Year

2007

2006

Active

2015

2013 I

Deactivated

Figure 6.6 Activation Year Validation of Naive Bayes

M Validation Data

H Naive Bayes Model

Regarding to answering the research questions raised at the beginning of this study,

features or attributes influence prediction of subscribers’ termination and the tradeoffs to

build understandable model are identified. Activation year is the most influential feature

in determining subscribers status as shown in Table 5-3, Table 6-5, Table 6-6 and Figure 6.4.

As we minimize the size of a tree in order to get a clear and interpretable model, there is

a tradeoff in reducing the accuracy as shown above in Figure 6.3. J48 is the most

interpretable as compared to RF and Naive Bayes.
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7 CONCLUSION AND FUTURE WORK

7.1 CONCLUSION

CDR and profile data of prepaid mobile subscribers has been analyzed using three
selected J48, Random Forest and Naive Bayes classification algorithms using WEKA tool.
Random Forest is the most accurate with a minimum error values. It is consistent
throughout all data sets and across all validation methods as well. The main drawback of
this classification algorithm is taking a significant time to build its model. Additionally,

the model cannot be easily understandable.

Unlike Random Forest, Naive Bayes is the least accurate classification algorithm as
compared to J48 and Random Forest. The main challenge to get a better result by Naive
Bayes is its strong feature independence while all features in the selected data set are more
dependent each other. Its model gives a better description compared with Random Forest;
but its interpretability is poor as compared to J48. The only advantage in Naive Bayes is
the efficiency it takes to build the model. Efficiency with poor accuracy couldn’t bring the

desired faulty subscribers prediction.

J48 is less predictive than Random Forest, with a slight difference in all scenarios. It takes
moderate amount of time to build its model compared to Random Forest and Naive Bayes.
J48 has a model clarity to show the association of features to predict termination of
subscribers. Random Forest is best in all metrics except its model clarity and time to build
its model. In fact, elapsing time to build a model is not a big issue for this study. J48 has
also a comparable effectiveness as Random Forest. Therefore, J48 algorithm is
recommended for its good classification accuracy, model clarity, robustness to error and
consistency throughout the datasets and validation methods. J48 model represents ethio

telecom individual mobile subscribers’ termination.
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According to J48 model, depicted in Figure 6.4, recent subscribers are more likely to
terminate their service. But they incline to active if their average voice usage is more than
208.75 minutes per month. In addition, subscribers with high tenure (subscribed before
2007) and voice usage less than 20.48 minutes in average per month are also more likely
to terminate. However, subscribers more than 20.48 minutes have high probability to be
active user. Marketing management should plan to minimize termination of recently

subscribed prepaid mobile users by considering their respective service usages.

Once prepaid subscribers are disconnected from telecom services, it is difficult to return
them back. So, early detection of termination of subscribers has the advantage for ethio
telecom to campaign, offer goods and services, proactive customer service, context-based
marketing and improving ARPU preparation. Additionally, winning the nearly coming
competition market without exhaustively knowing subscribers” usage behavior will be a
big challenge. Therefore, preparing a plan to predict the termination of prepaid mobile

subscribers is vital for ethio telecom to act as one of the world-class operators.

7.2 FUTURE WORK

Predicting subscriber termination is not a one-time task rather continuum. Thus, future

works proposed to proceed starting from this research include:

»  Comparing classification models with customer experience: This helps to identify the
real problems of termination behind the figures in classification models.

* Big data analytics: Future studies can employ a big data analytics to organize a
better dataset and features in order to get best prediction. Within and outside the

network should be analyzed when competitors exist.
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APPENDIX

Appendix 1 ethio telecom Subscriber Life Cycle

Subscriber Life Cycle Description
It is the status of the sim card before sales are made or before
Prepaid Life Cycle filled out Customer Application Form /CAF/.

Rule Pre-active

The unlimited validity period of the sim card on pre-active
period.

Active Period

It is the time which is equivalent to your prepaid account
balance validity period.

This period starts from the first call made till the expiry date of
the validity period of your prepaid account.

During this period, you can make & receive both voice call &
SMS.

The maximum accumulated validity period of an active period
is 120 days.

One-way block /Barring/

This is the period between prepaid account balance expiry date
and the beginning of a two-way block.

During this time, a customer can receive call/SMS but can’t
make voice call/SMS.

You can recharge your account and become active. The existing]
balance will be kept.

This period survives for 11 months (330 days).

Two way blocked
Suspend/

This is the period between one-way block & prepaid account
termination.

During this period, you can’t receive any voice call/SMS and
can’t make any voice call/send SMS.

You can recharge your balance and become active, but the
unused balance will be Zero.

This period will only last for 30 days.

Termination

After the expiration of a two-way block period, the SIM Card
will be terminated instantly.

You can’t recharge your account.

Your request for reconnection will not be accepted.
Terminated numbers will be recycled instantly.

Recycling

Terminated (Deactivated) numbers will be ready for
reconnection.
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Appendix 2 Accuracy of Classification Algorithms

. e Confusion Predicted = < o
Validation | Classification . TCAICte o ¥ ¥
. . Matrix < I It
Technique Algorithm = = =
a QA )
A D
A 5321 352
]48 92.4% | 91.9% | 93.3%
D 528 5310
A 5317 356
Percentage | Random 902.7% | 92.4% | 93.3%
Split (70/30) | Forest D 482 5356
A 3650 2023
Naive Bayes _ 77.5% | 76.4% | 85.8%
g D 565 5273
< | A 17966 1219
J48 924% | 92.4% | 93.2%
D 1683 17502
A 18026 1159
10 Cross | Random 92.5% | 92.5% | 93.3%
fold Forest D 1700 17485
A 11226 7959
Naive Bayes 74.7% | 76.1% | 81.1%
D 1744 17441
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Appendix 3 Classification Algorithms Accuracy on Dataset 1

[}
Validation  Classification P o g 5
Technique Algorithm S é .§ =8 g
= E > & 5
J48 0.924 0.076 0.924 0.924 0.924
Percentage
Split Random Forest 0.927 0.073 0.927 0.927 0.927
(70/30)
Naive Bayes 0.775 0.229 0.793 0.775 0.771
J48 0.924 0.076 0.925 0.924 0.924
1
f(())lgross Random Forest ~ 0.925 0.075 0.926 0.925 0.925
Naive Bayes 0.747 0.253 0.776 0.747 0.74

67



Appendix 4 Classification Algorithms Performance on Dataset 2

[
[ ]
Validation  Classification < g 2 _ 5
Technique Algorithm E ~ s s &
)
= & & & i
J48 0.919 0.075 0.923 0.919 0.920
Percentage
Split (70/30) Random Forest 0.924 0.081 0.926 0.924 0.925
Naive Bayes 0.764 0.415 0.761 0.764 0.741
J48 0.924 0.083 0.925 0.924 0.924
10 Cross Random Forest 0.925 0.083 0.926 0.925 0.926
fold
Naive Bayes 0.761 0.409 0.759 0.761 0.739
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Appendix 5 Classification Algorithms Performance on Dataset 3

[+9])
: Yo
Validation Classification % % .g — 5
Technique Algorithm E R~ s § E‘a’
= ) & & 0
J48 0.933 0.084 0.933 0.933 0.933
Percentage
Split (70/30) Random Forest 0.933 0.093 0.932 0.933 0.933
Naive Bayes 0.858 0.139 0.868 0.858 0.861
J48 0.932 0.091 0.932 0.932 0.932
10 Cross Random Forest 0.933 0.093 0.933 0.933 0.933
fold
Naive Bayes 0.811 0.156 0.839 0.811 0.816
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Appendix 6 Error Rates in Algorithms’ Classification

Error Rates in Algorithms’ Classification

Validation Dataset 1 Dataset 2 Dataset 3
Error Types
Techniques Naive Naive Naive
J48 RF J48 RF J48 RF

Bayes Bayes Bayes
Mean absolute error 0.122 0.114 0.284 0.124 0.115 0.250 0.107 0.103 0.285
Percentage Root mean squared error 0.252 0.241 0.402 0.256 0.245 0.400 0.234 0.229 0.396
Split Relative absolute error 24.5% 22.9% 56.8% 27.9% 26.0% 56.4% 24.0% 23.3% 64.1%
Root relative squared error  50.4%  482%  803%  54.6%  522%  853%  49.7%  487%  83.9%
Mean absolute error 0.122 0.115 0.291 0.120 0.115 0.255 0.107 0.102 0.288
10 Cross Root mean squared error 0.252 0.244 0.413 0.250 0.244 0.403 0.237 0.229 0.401
fold Relative absolute error 24.4% 23.0% 58.2% 27.1% 25.9% 57.4% 24.0% 22.8% 64.8%
Root relative squared error  50.5%  48.8%  825%  53.0%  51.8%  855%  50.4%  48.6%  85.0%
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