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ABSTRACT

Prepaid mobile consumers can use airtime credit to use telecom services even after their balance
has run out and pay for it later. Users will find this service useful, and operators also make more
money from it. But there's also a chance that subscribers won't pay their credits back. This study's
main focus is on how machine learning techniques are applied to ethio telecom's airtime credit
service customers to evaluate credit risk. Ethiopia's top telecom company, ethio telecom, needs to
manage credit risk well to maintain financial stability and customer satisfaction. The company can
identify customers who are more likely to default on their airtime credit by using accurate credit
risk prediction, which enables proactive measures to lower risks and boost financial performance.
The historical customer data included in this study include customer profile data, call detail data,
loan history data, and usage data. Data preprocessing techniques are used before model training to
handle missing values, encode categorical variables, and reduce features, ensuring the quality and

consistency of the dataset.

In order to predict the credit risk associated with airtime, this study used supervised machine
learning algorithms. Four different machine learning algorithms, including Naive Bayes
classifiers, logistic regression, random forests, and k-nearest neighbors, were trained and tested
using a dataset of 1,168,000 ethio telecom prepaid subscribers. Performance evaluation metrics
like accuracy, precision, recall, and F1-score are used to assess each model's efficacy. Using class-

balancing strategies, the models' robustness and generalizability are also validated.

According to experimental results, the random forest algorithm has successfully predicted airtime
credit risk with 99% accuracy. In order to identify customers who are highly likely to default on
their airtime credit, ethio telecom is able to take preventative actions with the help of this

developed model, like adjusting credit limits.

The study's findings can fill the gap on how credit risk is predicted in the telecommunications
industry and demonstrate how machine learning can improve risk management strategies and
financial performance. The proposed method can be used as a foundation for the development of
automated credit risk prediction systems for ethio telecom and other comparable organizations,

resulting in enhanced decision-making processes and reduced financial losses.
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CHAPTER ONE

INTRODUCTION

1.1 Background

Nowadays the need in staying competitive in the business has increased interest in risk and risk
management in the scientific community. The phrase "risk" is currently employed in a number of
different economic, social, and scientific contexts. However, the term 'risk' is widely used in
finance, banking, insurance, and medicine. A few researchers attempt to construct a general theory
of risk, however there is still a theory of risk situated in a specific context, such as insurance and
banking. There is a need for research into risk factors in business processes to improve business
outcomes. Risk research has become increasingly important for companies whose business
revolves around providing services. For example, telecommunication service is an area that needs
research to identify the risk factors in order to stay in the business with a competitive advantage.
The telecommunication sector is one of the most competitive markets because it is constantly
changing with the introduction of new technologies and business models. When a company knows
a great deal about its customers, it can offer them better deals that give it a competitive edge.

Identifying and managing risk in the telecommunications industry helps to minimize losses and

increase profits[1].

In the telecommunications sector, special attention is paid to churn analysis, fraud detection,
customer segmentation, optimal use of telecommunications infrastructure, etc. using data analysis
techniques. In recent years, the credit risk analysis of individual and corporate customers in the
activation process has also become important from the point of view of the telecommunications
company's operational process. The term “credit risk" is used in both every day and scientific
terms, however, Interpretation differs depending on the type of economic activity. The term ‘credit
risk' usually describes the risk of not achieving the target. The importance of credit risk is not the
same across different sectors such as banking, insurance, telecommunications, energy, industry,
and the public sector. For the telecommunications sector, credit risk means reduced potential
profits, cash flow shortfalls, and financial difficulties that can lead to company bankruptcy. The
main aim of this telecommunication sector is to help people stay in touch with each other and build

strong connectivity networks with people around the globe using the network’s airtime([2].
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If someone wants to connect their mobile phone to a telecommunications network, they must
purchase airtime so that they can use airtime on that telecommunications network. Airtime gives
access 10 network services, voice, mobile data, SMS, and more. In developing countries, airtime
is quickly becoming a staple of the growing middle class. For many prepaid customers, the lack
of airtime to communicate or load data plans poses a challenge. This presents an opportunity for
several mobile network operators (MNOs) operating in emerging markets to provide their
subscribers with short-term airtime loans at a reasonable interest rate. The potential for this new

service is to raise their average income per user|[3].

In order to top up someone’s account after running out of airtime, a telecom subscriber must go
out and purchase a recharge card. But in some cases, a customer may be unable to leave the house
to purchase a recharge card, particularly late at night or while traveling or he/she may not have the
money to do that. Due to low balances, a client cannot make a call in for any needs. costing the
network service providers and the customer a chance to make money. For those consumers who
have used up their airtime but are unable to instantly go out and acquire recharge cards, network
service providers now provide solutions. By sending text messages to the short numbers, customers

can request to use the airtime credit feature. By recharging their accounts, customers will pay back

this airtime credit loan.

1.1.1 Airtime credit
As stated by lorliam et al [4], airtime credit is defined as “a recharge card or top-up card bought

by a mobile phone user to aid him/her recharge/top-up his/her phone. This could assist the user in
making calls, sending short message service (SMS). and obtaining bundles for browsing
purposes”. The real amount of time spent talking on a smartphone is known as airtime. It is the
amount of time spent talking on a mobile device. However, airtime credit is a credit that can be

used to purchase a specific amount of airtime (talk time).

A service offered by mobile network operators (MNO) called airtime credit can also be described
as a type of service designed to raise customer happiness and bring in more money for Internet

service providers (ISPs)[3].

Different names and explanations of what airtime credit loan means have been provided by various
network service providers. For example, MTN offers Xtratime, Glo offers Borrow Me Credit,

9mobile offers Easy Credit, and Airtel offers Extra Credit. When a qualifying customer's account
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balance is 100 low to normally support an ongoing call, MTN Xtratime offers airtime on credit.
The airtime received on credit may be utilized for any fee-based activity, especially on the MTNN
network. Glo-Borrow-me Credit is a service where active globacom prepaid customers are
expected to claim airtime when airtime is running low and repay it with their next charge within a
specified period of time. Easy credit by 9mobile is a service that offers more flexible top-up options
to all prepaid clients. On the mobile network, they can borrow airtime for voice, data, and extra
services and pay back the loan when they reload. Extra credit by Airtel is a service that provides
credit advances to prepaid consumers with a three-day repayment period. Calls to other networks
can be placed using the airtime. All users who have a three-month minimum Airtel network

subscription are eligible for this service[6].

1.11.2 Ethio telecom airtime credit service
Using a contract with ethio telecom, Hikma electronic PLC and Credok communication

technology partners launched airtime credit service in Ethiopia on August 31, 2018. Three parties
were involved in the provision of the airtime credit service. These are the subscriber, a VAS (Value

Added Service) provider, and the mobile service operator{7].

In 2018. ethio telecom introduced a pre-paid airtime credit service for its users. According to a
2020 report, this service is heavily utilized with two million users accessing it each month and a
monthly loan value of 1.1 billion birr. In 2020, ethio telecom reported an estimated net revenue of
200 million birrs from the airtime credit service. This service provides convenience and versatility
to users by offering access to telecom services even when their balance is low or zero, without the
need to purchase a voucher card. To activate the service, customers must send an SMS with one
of three keywords (A, L. or C) to the number 810 and follow the instructions provided. A credit
scoring method is used to determine a user's eligibility before activating the service and providing
a loan. which must be repaid within 180 days. Only active prepaid subscribers can access the
airtime advance service, and just like a regular recharge the borrowed credit can be used to make
voice calls, purchase iniemet or SMS bundles, use value-added services, or transfer the balance to
another user. The airtime credit service requires a minimum of 5 birr and a maximum of 100 birr,
with subsequent charges applied during a user’s subsequent top-up. Overall, the airtime credit
service has become a valuable revenue stream for ethio telecom while enabling greater

convenience and accessibility for its users. If subscribers have paid off all prior debt, they may
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borrow as often as they would want. According to the rule of ethio telecom credit service provider,
eligible customer for airtime credit service (ACS) is the one which fulfill the following

prerequisites|8):

» The service user must be active prepaid mobile service customers,

» Customers whose service number is not barred, blacklisted, or suspended,

o Customers who have fully paid their previous airtime credit and

¢ All prepaid mobile customers who have been on ethio telecom network for at least three months
with a minimum airtime recharge history of 15 birr per month.

However, as the market becomes more crowded, identifying eligible customer for airtime credit

service becomes more challenging to attract new clients. Customers who take advantage of these

deals are extremely valuable since they help the business make money. Airtime credit has a lot of

benefits when loaded, but some people choose not to pay their bills or loans, which could result in

significant losses for the business. To manage such kind of losses of business, companies can take

safeguards by utilizing machine learning techniques to reduce this risk. Machine learning

techniques is used to find clients who might not pay their bills on time. Analysis of the activation

data is necessary to determine the customer's level of credit risk.

1.1.1.3  Machine learning as a solution
Machine learning, a subset of artificial intelligence, has grown significantly over the past decade

when it comes to data analysis and computing, which often enables programs to perform
intelligently. Machine learning is typically referred to as the most well-liked newest technologies
in the fourth industrial revolution and provides systems with ability to learn and improve from
experience automatically without being explicitly programmed. Machine learning algorithms are
therefore essential for effectively analyzing these data and creating the related practical
applications. The features and type of the data, as well as the success of the learning algorithms,
determine the effectiveness and efficiency of a machine learning solution. Techniques including
supervised, unsupervised, semi-supervised and reinforcement learning are available in the field of

machine learning algorithms to efficiently create data-driven systems([9].
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Many scholars have developed many algorithms, often referred to as methodologies, to carry out
machine learning solutions. Random Forest, Naive Bayesian, k-Nearest Neighbor, k-Means,
decision tree, Logistic Regression, etc. are a few examples. A variety of domains can benefit from
applying machine learning. For instance, using machine learning technique can be employed to
extract valuable information from time-series data, websites, temporal and spatial data, educational

data. business data, telecom data, medical data, science data, engineering data, etc.[10].

One of the earliest sectors to use machine learning was the telecommunications sector. This is
most likely due to the fact that telecommunications businesses often produce and retain massive
amounts of high-quality data, have a significant client base, and operate in a dynamic environment
with intense competition. This sector uses machine learning to enhance marketing campaigns, spot
fraud. and maintain their networks more effectively. Due to the vastness of their data sets, as well
as the sequential and temporal nature of their data. these businesses also confront a variety of

machine learning and data mining issues[11 .

For example, from the massive amount of data. call detail record data’s, which include a
description of each call, are a sort of data that telecommunications firms store on the calls that
travel through their networks. This meant that there were billions of call detail records that were
easily accessible for machine learning because call detail records are maintained online for several
months. Applications for marketing and fraud detection can benefit from call detail data. A lot of
consumer information is also kept on file by telecommunications firms, including billing
information as well as data gathered from third parties. such credit score data. To enhance the
outcomes of machine learning, this data is frequently supplemented with data particular to
telecommunications. This study also demonstrates the use of machine learning techniques in the
telecommunications industry to forecast airtime credit risk. Machine learning can be used for
airtime credit risk prediction because it allows for the creation of predictive models that can
analyze large amounts of data and identify patterns and trends that may not be immediately

apparent to humans.

5|Page



1.2 Motivation of the study

The motivation for this work comes from the recognition that, as 5G and Internet of Things (loT)
applications generate massive amounts of data, the need for effective data-driven algorithms has
become critical. Approximately 63.5% of the current telecommunications infrastructure has begun
to invest in and test the application of ML algorithms in operational network and business choices.
Annual investments in the telecommunications sector are expected to reach $36.7 billion by 2025
[12]. According to the statement and recommendation of the study by Monika and Andrzej (2],
which is based on credit risk handling in the telecommunication sector, the failure of the consumer
to pay his/her bills is the cause of the telecom industry losses. This results in a lack of cash flow
for the business and has a negative effect on it by generating bad debt. Bad debt is extremely risky
and may be the cause of the company's financial downfall. Therefore, it is essential for businesses
to identify threats and implement preventive measures. As a service provider, there are over 57
million mobile subscribers in ethio telecom. From this amount of telecoms subscriber, there is a
large number of customers that use an airtime credit service. But the company offering this airtime
credit service should have good prior knowledge about the customer's willingness to repay the loan
or not. Machine learning algorithms provide a practical answer for the telecom industry's massive
amounts of data to be turned into insights. Therefore, the study on airtime credit service contributes
to a better understanding of how air time credit service should be offered to the customers to make

the telecommunication industry more successful.

1.3 Statement of the problem

The telecommunications industry is among the most competitive market area because it adapts
quickly to new technology and business models. The more insight a business has into its clients,

the more appealing of a deal it can present, giving it a competitive edge over rivals.

According to Govind and Manish [13] , in the telecommunications sector, fair pricing, good
customer service, and coverage are important variables that can significantly impact customer
satisfaction. Among these variables, offering services like airtime credit is the one which keep
clients happy and satisfied. The credit airtime service allows prepaid mobile subscribers to obtain
airtime even if the customer has low or no credit. Additionally, in most cases, subscribers cannot
top up their accounts late at night or earlier in the morning. Providing throughout this time credit

loans for airtime, can increase user convenience and increase the revenue generated by users. An
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appropriate evaluation of the applicants' trustworthiness is necessary for the granting of airtime

credit (loans) by the telecommunications sectors.

In fact, when customer become a defaulter (stopped making loan repayment), the sector suffers
losses of principal and interest, the interruption of cash flow and an increase in collection costs.
One of the key processes for seeking to evaluate, measure, and control the risks emerging from the
Probability of default is the implementation of credit risk management (CRM) systems in the
telecommunications industry. If we take the case of ethio telecom report, as of 2019, more than
4.5 million subscribers had unpaid loans after ethio telecom announced its credit airtime service
for prepaid mobile consumers on September 1, 2018. The total loan balance for these subscribers
at that time is roughly 2.7 million Birr. One can easily understand that this is a significant quantity

of outstanding debt, which the lender may find quite concerning [5].

This is a result of the lack of a system that addresses the issue of knowing the trend, pattern, and
probability distribution of airtime lending and recovery. Knowing the trend and pattern have the
power not only to assist the vendors to know repayment of loan mechanism, but it also helps on
knowing how much funds to be injected into the airtime bucket. So, there should be a special
treatment of customers with a high airtime credit risk that allows the company to minimize its
financial losses. It is also very important to have all the necessary information regarding
identifying the best features that used to indicate a customer to grant with airtime credit services
or not. Proper identification of the customer and scoring his risk level lets the company to lower
its credit risk. Nowadays, telecommunication companies started to make several attempts to
control risk management. The problem addressed in this study revolves around the effective
prediction of airtime credit risk. To achieve accurate predictions, it is essential to identify suitable
attributes and determine the most appropriate machine learning algorithms for airtime credit
predictions. Additionally, evaluating the performance of optimal models in predicting airtime risk

is crucial to understand their effectiveness and practical applicability.

Oliyad [5] and Shashu[7] both used a supervised machine Learning algorithms to predict mobile
airtime credit risk in 2019 and 2017 respectively. But on predicting airtime credit risk in
telecommunication sector, the performance of the prediction algorithms applied by these study
was impacted since the researchers did not take a consideration of potentially relevant information

of customer usage data attributes such as, repay amount, operater type, late pay fee,
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off_peak_usg_minute, inter_usg minute , repay_poundage, sms_local_usage , sms_inter_usage
init loan_amt ,the amount of fee used for local SMS, and more are not into consideration to predict
airtime credit risk. There is also an issue on the advancement of service. technology and an increase
data size in the telecom industry within this time period gap. According to Oliyad [5], a research
on credit risk in financial institutions cannot be used for predicting airtime credit risk because there
are significant differences in the nature of loans, such as collateral agreement, loan amount, risk

assessment, technology dependence, micro loan size, convenience, and trust-based lending.

The problem addressed in this study also try to identify suitable machine learning algorithms for
airtime credit predictions and evaluate the performance of optimal models in predicting airtime
risk. In the context of airtime credit, it is crucial to determine the most appropriate machine
learning algorithms that can effectively predict credit risk. With a wide range of algorithms
available, it becomes essential to explore and identify the algorithms that are specifically suitable
for airtime credit predictions. By selecting the most appropriate algorithms, accurate predictions
can be made regarding customers' creditworthiness, enabling better decision-making processes and

risk management strategies.

Furthermore, assessing the performance of optimal models is essential to understand their
predictive capabilities in predicting airtime risk. By evaluating the accuracy, precision, recall, and
other performance metrics, the study aims to determine how well these models perform in
differentiating between potential non-defaulters and defaulters. This evaluation will provide
insights into the effectiveness of the models and their practical applicability in managing airtime

credit risk.

Overall, the aim of this study is to build a machine learning model for airtime credit risk prediction
by identifying suitable attributes, selecting appropriate machine learning algorithms, and
evaluating the performance of optimal models. The findings of this research will provide valuable
insights for telecommunications companies, such as ethio telecom, in managing credit risk

effectively and making informed decisions regarding airtime credit.
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1.4 Research Questions

The following research questions are investigated and answered in this study
¢ What are the attributes suitable for airtime credit risk prediction?
*  Which machine learning algorithms are suitable for airtime credit predictions?
* How the optimal models perform with prediction of airtime risk?

1.5 Objective of the study

This study's general and specific objectives are mentioned below.

1.5.1 General objective
The main objective of this study is to Explore the development of a predictive model using machine

learning algorithms that can accurately predicts airtime credit risk of ethio telecom.

1.5.2 Specific objectives

By aligning the specific objectives with deliverable-oriented outcomes, this research will
contribute to the development of a reliable and accurate predictive model for airtime credit risk
prediction, providing valuable insights for risk assessment and decision-making in the context of
ethio telecom. The Specific objectives of this research, in order to achieve the stated general

objective are mainly concentrates on the following key points:

I. Conduct a comprehensive literature review on credit risk prediction: This objective
involves reviewing relevant literature to identify and analyze existing methods and
techniques for predicting credit risk. The outcome will be a comprehensive understanding
of the current state of research in this field, enabling the identification of best practices and
potential gaps for further investigation.

2. Collect and analyze consumer data for modeling and analysis: This objective aims to gather
and analyze important consumer data that is necessary for building the predictive model.
This includes data related to customer behavior, transaction history, and any other relevant
variables. The outcome will be a well-curated dataset that serves as the foundation for the

model construction and analysis.
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3. Identify key attributes for enhancing airtime credit risk prediction: This objective involves
identifying the specific attributes or variables that significantly impact the prediction of
airtime credit risk. By conducting thorough exploratory data analysis and statistical
techniques, the objective is to determine the most influential attributes. The outcome will
be a set of key attributes that enhance the model's capability to accurately predict airtime
credit risk.

4. Select the most appropriate machine learning algorithms for constructing an optimal
model: This objective focuses on evaluating and selecting the machine learning algorithms
that are best suited for constructing an optimal predictive model. Through performance
evaluations metrics, the objective is to determine the algorithms that yield the highest
predictive accuracy and efficiency. The outcome will be the selection of the most suitable
algorithms for model construction.

5. Evaluate the performance of the proposed predictive model: This objective aims 10 assess
the performance of the developed predictive model using appropriate evaluation metrics
such as accuracy, precision, recall. The objective is to determine the model's effectiveness
in predicting airtime credit risk and to provide insights into its practical applicability. The
outcome will be a comprehensive evaluation of the model's performance and its potential

for real-world implementation.

1.6 Scope and Limitations of the study
The purpose of this study is on creating models that can determine the likelihood that customers

will default on their airtime usage payments or not. In order to make wise choices about credit risk
management in the context of ethio telecom’s airtime services, this scope includes analyzing

historical data, using machine learning algorithms, and creating predictive models.

1.7 Significance of the Research
For ethio telecom, the application of machine learning to forecast airtime credit risk is extremely

important. Ethio telecom can lower the risk of default, effectively manage its credit portfolio, and
boost overall revenue by predicting the credit risk of customers prior to granting airtime credits.
Additionally, by offering a solution that enables telecoms to precisely identify high-risk customers
and offer them a tailored experience, this study will aid in the development of Ethiopia’s telecom

sector.
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The research also has a significant impact on policy makers, rescarchers as 10 serve as a starting
point if they need to implement machine learning models using telecommunication databases to
get the hidden knowledge and to make the industry more competitive edge by identifying loyal
customers. As a result, this study is being carried out in order to provide adequate details on airtime
credit risk by employing machine learning algorithms to discover hidden knowledge based on
ethio telecom's historic data. Specifically, the significance of this study for ethio telecom include
increasing and identifying loyal customers, providing quality service for the customers and 0
applying data driven solution. And the study also can help ethio telecom on the way of how to

apply machine learning for data driven decisions to predict airtime risk.

Researchers can use the current study as a base for conducting further study towards designing and

implementing an intelligent system that automatically predict airtime risk.

1.8 Thesis organization
In this thesis, Chapter One serves as the Introduction, providing the background, motivation,

problem statement, research questions, objectives, scope of the study. Chapter Two is the
Literature Review, which presents an overview of machine learning and related works in the field.
Chapter Three focuses on Data Preparation and explaining the proposed framework. C hapter Four
is dedicated to the Experiment, detailing the experimental setup, the dataset used, and presenting
the experimental results for each algorithm (Random Forest, Logistic Regression, Naive Bayes
classifiers. and K-Nearest Neighbors). The chapter also includes a discussion of the findings.

Finally, Chapter Five concludes the thesis with a summary of the research findings.
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CHAPTER TWO
LITERATURE REVIEW

A survey of both conceptual and empirical literature was undertaken in this chapter to gain a
conceptual knowledge of machine learning and the field in which it might be used. Then, in order

10 understand how machine learning might be used in credit risk prediction, earlier research on the

issue is also reviewed.

2.1 Overview

Information is currently recognized as being extremely significant in the economic world and
influencing how businesses make decisions in light of the modern economy's rapid expansion.
Finding information that is beneficial to the company has therefore become crucial[23]. As a result
of the development of information technology, large databases and massive volumes of data have
been generated in a variety of sectors. As a result of research in databases and information

technology, a method for storing and exploiting these massive volumes of data for future decision-
making has evolved[24].

Credit risk assessment is a vital aspect of decision-making, aiming to predict the probability of
borrowers defaulting on their obligations. Traditional methods of credit risk analysis have relied
on manual evaluation and predetermined rules. However, with the advancement of technology,
machine learning algorithms have emerged as powerful tools to enhance the accuracy and

efficiency of credit risk prediction[25].

Machine learning leverages computational models and algorithms to automatically analyze vast
amounts of data and identify patterns or relationships that may not be evident to human analysts.
In the context of credit risk, machine learning algorithms can efficiently process diverse
information such as borrower characteristics, financial history, and transactional dat. By
incorporating machine learning techniques, financial institutions can gain deeper insights into
credit risk factors and make more informed decisions in lending and risk management.[26]. Today
the information industry has access to a vast amount of data. But until this data is transformed into

valuable information, it is of no use. Therefore, it is essential to examine this vast volume of data
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and draw out relevant information using machine leaming. Beside information extraction, Machine
leaming requires additional procedures, including data preparation, data wrangling, analyze data,
train the model, test the model, and deployment.

2.2 Credit risk

Credit risk is a term used to describe the likelihood that a borrower will default on a loan or fail to
meet their financial obligations. It is a crucial factor in modern economies, as it affects the stability
of financial institutions and the overall health of the economy. Accurate estimation of credit risk
is of utmost importance for the stability of the financial system. Inaccurate credit risk estimation,
can have severe systemic consequences. As a result, lenders dedicate significant resources 10
predict the creditworthiness of borrowers and formulate lending strategies that effectively mitigate
their risks. Traditionally, credit risk has been measured using statistical methods and manual
auditing. However, recent advances in financial artificial intelligence have led to the development
of machine learning-driven credit risk models. These models use statistical, machine learning, and

deep learning techniques to estimate credit risk[25].

The credit risk in the telecommunication sector, refers to the risk of customers not paying their
bills on time or at all. In the context of telecommunication, airtime credit risk can be defined as
the risk of customers not paying for the airtime or data usage they have consumed. This can result
in financial losses for telecommunication companies, which is why it is important to identify

customers who may be at a higher risk of not paying their bills[2].

According to B. Dushimimana et.al, airtime credit risk refers to the risk associated with lending
airtime to subscribers who may not be able to repay the loan. Credit scoring is a method used to
assess the likelihood of a customer’s ability to repay a loan based on various features associated
with the customer. These features encompass the customer’s historical and financial data, including
factors such as loan repayment history, frequency of transactions, and source of income. By
analyzing these features, credit scoring models aim to quantify the creditworthiness of individuals

and provide insights into their repayment capabilities.
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2.3 Overview of Machine Learning

In many ways, machine learning (ML) affects how we live our daily lives. We frequently ask
smartphones with ML capabilities to recommend wonderful places or to lead us through an
unfamiliar area. ML techniques are already common tools in many disciplines of research and
engineering. Machine learning applications are changing people's lives at an increasing rate and
scale[27]. Machine learning has emerged as one of the most important subjects among
development organizations searching for new ways to exploit data assets to assist the business
obtain a new degree of understanding. Organizations can use proper machine learning models to
continuously predict changes in the business so that they can best predict what's next. Because

data is continually being added, machine learning models ensure that the solution is always up to
date.[28].

Machine learning is a developing technology, that allows computers to automatically learn from
previous data[29]. Machine learning is a concept that can be used to describe learning from the
past (in this case, historical data) to enhance performance in the future. This field only focuses on
autonomous learning techniques. The term "learning” describes the automatic adjustment or
enhancement of an algorithm based on prior experiences without any external human input[30].
By providing the data required for a computer to train and adjust effectively when exposed to new
data, machine learning advances the technique to a more sophisticated level. In order to improve
its ability to understand incoming data and generate more useful findings, it focuses on extracting
information from incredibly massive sets of data by using different statistical metrics to detect and
identify underlying patterns[30]. In research on artificial intelligence, machine learning is crucial.

One cannot consider an intelligent system to be truly intelligent if it is incapable of learning[31].

Automatically creating models is a major goal of machine learning research. A model is a pattern,
plan, representation, or description that demonstrates how a system or concept works, such as a
rule that must be followed to perform a mathematical operation and produce a specific result, a
function from sets of formulae to formulae, or a pattern that can be used to create things or parts
of things from data[32]. In the study of Martin et al[33] which studied on banking risk management
using machine learning noted that one disadvantage of machine learning is that its processes are
more "black box." with occasionally unexpected outcomes. They are also said to be sensitive to

outliers, which leads to overfitting of the data and incorrect predictions. They are also touted as
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having the advantages of being a better fit for non-linear correlations between the explanatory and
explained factors, as well as having the advantage of being able to use a wider range of variables,
which tends to increase accuracy. Over the past few years, an amazing number of ML algorithms
have been developed and introduced. Not all of them have a large used by users. One was replaced

by another because some of them did not satisfy or resolve the issue[30].

2.4 Machine learning types
According to their characteristics, modes of learning, and methods for using data, Machine
learning algorithms can be classified into one of four categories. Supervised, Unsupervised, semi-

supervised, and reinforcement learning [9].

' Machine Leaming Types

Target Var. | | Target Var Lears from Combined Positive || Negative
g | | oy || robeed Do (abeled + Unabeled) | | Revard) || Penaty

Z X

mmmm@mwm

Figure 1: Type of Machine learning with data used and algorithms [9]

Supervised machine learning algorithms are type of machine learning which able to build general
patterns and hypotheses and forecast future instances with the aid of externally supplied examples.
Its goal is to classify data using knowledge from the past. It investigates and analyzes the training
data and attempts to deduce a function that can be applied to mapping new examples. In a best-
case situation, it will enable the algorithm to accurately estimate the class labels for cases that have
not yet been seen. The learning algorithm must be able to reasonably generalize from training data

to new scenarios[34). Supervised Learning is the process of calculating and changing the error to
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obtain the desired output. This leaming process is based on the comparison of computed output
and expected output. In supervised leaming, the computer incorporates both the examples' labels
or objectives and their actual information. The labels on the data help the computer correlate the
features. This means that supervised learning necessitates training on labeled data that contains
both desired inputs and outputs[35].It's similar to training a baby to walk up until the child learns

to walk independently by holding the child's hand, showing the infant how to put forward a foot
and walk by example, and so on[36] .

In Unsupervised learning, Instead of using labeled or training data, It try to group some random
data according to the behaviors of the data. If there is some commonality in the data, it will
categorize according to behavior and similarities. It simply represents an effort to turn unlabeled
data into labeled data, to put it another way[35). Unsupervised learning techniques like clustering
look for meaningful patterns in the data, such as clusters of samples with similar traits. Two of the
most popular clustering methods are hierarchical clustering and K-means clustering. K-means
clustering is one of the most used techniques for dividing a dataset's data points into k clusters, as
was already mentioned. This partitioning requires initialization of the center of each cluster using
a predefined initialization procedure. One method is to choose k observations at random from the
dataset to serve as the initial centroids of the k clusters. Based on their distance from the cluster
centroids, all of the data points in the dataset are iteratively assigned to one of the k clusters. The
centroid for each cluster is then adjusted to reflect the average value of the cluster's data points.
This process continues up until a halting condition is met or the cluster centroids do not change.
Unlabeled datasets are also grouped using hierarchical clustering, another unsupervised machine
learning technique. The dendrogram, a tree-like structure that shows the hierarchy of groupings, is
created using this technique. The number of clusters need not be predetermined, as we did with
the K-Means algorithm[35][22][37].

Semi-supervised learning is a type of machine learning that focuses on using both labeled and
unlabeled data to perform certain learning tasks. It allows for the utilization of vast amounts of
unlabeled data available in various use cases in conjunction with normally smaller collections of
labeled data. It is situated conceptually between supervised and unsupervised learning. The
majority of semi-supervised learning research is concerned with classification. Semi-supervised

classification approaches are very beneficial when there is a scarcity of labeled data. In those
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conditions, developing a trustworthy supervised classifier could be difficult. In application

domains where labelled data is expensive or difficult to gather, it is difficult to develop a
trustworthy supervised classifier.[38].

Rewarding desired behaviors and/or punishing undesirable ones are the foundations of the machine
learning training method known as reinforcement learning. A reinforcement learning agent can

typically perceive and interpret its environment, act, and learn through mistakes[39).

This research focuses on the uses of supervised learning by employing classification algorithms.

As a result a detail discussion of supervised machine learning is given below.

2.5 Supervised machine learning algorithms
Classification algorithms are employed for supervised learning. Classification is the systematic

process of creating classification models for training and test data sets. The Classification
algorithm is a Supervised Learning technique that is used to categorize new observations on the
basis of training data. A program learns from the dataset or observations provided and then classify
additional observations into a number of classes or groups in classification. The categorization
method produces a category rather than a value as an output variable. Because it is a supervised
learning technique, the Classification algorithm employs labeled input data. As a result, it includes
both input and output information. The primary objective of a classification algorithm is to
determine the category of a given dataset, and these algorithms are primarily used to forecast the
results for categorical data. A classification model is created using the training data set and this

categorization model may then automatically categorize the data into various groups[40][41][31].

Depending on the dataset being used, one can apply a variety of classification algorithms. Here
are a few of the most popular machine learning classification algorithms.

¢ Decision Tree Classification

¢ Random Forest Classification

o K-Nearest Neighbors

e Support Vector Machines

e Logistic Regression

e Naive Bayes
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2.5.1 Decision Tree Classification

One of the classification methods is the decision tree, which classifies data using splitting criteria.
I'he decision tree is a tree structure that resembles a flowchart and is used to categorize instances
by ordering them according to the values of their attributes (features). An attribute in a
classification instance is represented by each and every node in a decision tree. Every branch
represents a test result, and each leaf node has the class label. According to the instance's feature

value, a classification is made [42).

Root Node

<
<
<
<

Figure 2: an example of a decision tree structure

Finding the attributes that divides training data most effectively can be done using a variety of
techniques, including information gain, gain ratio, Gini index, etc. The most popular method for
creating decision trees involves top-down greedy method partitioning, which begins with the
training set and iteratively seeks a split feature that maximizes a particular local criterion. The
classification rule for the data set is produced by the decision tree. The ID3, C4.5, and CART

fundamental algorithms are frequently employed[42][9].
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2.5.2 Random Forest
A random forest is an example of the bootstrap aggregation or bagging family of ensemble learning
techniques. Bagging's major objective is to deal with the high variance of models, which causes

overfitting and a lack of generalizability.

od o

Decision Tree-1 Declslol\ Tree-2 Dcclsloit Tree-N
Result-1 Result-2 Result-N

l

Majority Voting / Averaging

Final Result

Figure 3: Random forest structure with multiple decision trees
A group of decision trees make form a random forest model. Using a categorization by majority
vote tasks and a mean or avarage for regression tasks, the output of these decision trees is merged
for a given data point to produce a forecast that performs better than the output of any one decision
tree alone. The trees are uniquely trained using random training set subsamples. A training set is
created for each decision tree in a random forest using random sampling and replacement with
data from the initial training set. Because each decision tree was trained separately using a different
set of random samples from a training dataset, combined decision trees perform better in terms of
predictions than a single decision tree. Because it uses randomization to ensure that each tree is

unique from the others, this model is known as a random forest. This algorithm works well for
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both categorical and continuous variables and can be applied to problems involving classification
and regression[43](22](9].

2.5.3 K nearest Neighbor

k-nearest neighbors (KNN) is one of the supervised machine learning technique that can be used
to tackle both classification and regression issues[44]. K-NN is a more straightforward method of
classification algorithm, which classifies data based only on the nearest neighbor (or neighbors) in
a given training set. There is no explicit training phase for k-NN because, once the training set is
chosen, the model has been trained[45]. Based on the amount of votes cast by its neighbors, an
item is classified, and it belongs to the class with the highest percentage of members among its k-
nearest neighbors. Relatively to other classification methods, KNN is computationally expensive.

Normalizing the variables is necessary to prevent bias from higher-range variables[46].

i

Figure 4: Classification on new object using KNN

Although k-Nearest Neighbors classification algorithm is one of the simplest methods in machine
learning and fairly straightforward to understand and put into practice, this approach has found
extensive application in a range of disciplines, including anomaly detection, semantic search, and

recommendation systems[30].
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2.5.4 Support Vector Machine (SVM)

Strong regularization characterizes this supervised machine learning approach, which can be
applied to classification or regression problems. Their use of kernels, the sparseness of the solution,
and the capacity control obtained through margin manipulation, the quantity of support vectors,
etc., are what define them. Parameters that are unaffected by the size of the feature space, govern
the system's capacity. A detailed knowledge of an SVM can be surprisingly challenging despite

its basic simplicity, as is the case with many machine learning approaches[30].

h;' orpﬂno

hyperplane

Figure 5: Support Vector Machine

The concept of a margin in either side of a hyperplane separating two data classes is fundamental
to SVMs. A hyperplane is used by an SVM to divide labeled training samples into classes, if
possible, while maximizing the "margin," or the distance between the classes and the hyperplane.
The data in an SVM is often mapped to a higher dimensional space, which enables hyperplane
separation. We can work in a higher dimensional space using the so-called "kernel trick" without

suffering a major performance hit[45][15][30].
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2.5.5 Naive Bayes

This algorithm is constructed using the Bayes theorem and it is a fundamental classifier for
probabilistic classification. The naive Bayes classifier (NBC) is a basic classifier used for
probabilistic classification and it has been developed based on the Bayes theorem. The NB model
is referred 10 as "naive" since it is based on the assumption that each feature is statistically
independent of the other features and irrelevant to them in the training set. The assumption that all
input features are independent of one another can rarely hold true in a real-world setting. Because
naive Bayes (NB) is simple to implement, performs well, requires less training data, scales linearly
with the number of predictors and data points, handles continuous and discrete data, can handle
binary and multi-class classification problems, and makes probabilistic predictions, this makes the
algorithm advantageous. Both continuous and discrete data are handled. It is not reactive to

superfluous features. The assumption that all predictors (or attributes) are independent makes the
algorithms drawback[47][43].

2.5.6 Regression

Regression is a type of supervised learning that uses an algorithm to understand the connection
between independent and dependent variables. It's an effective method for forecasting numerical
values using multiple data points. The output variable in regression is numerical (continuous),
meaning that we train the f(x) hypothesis to provide continuous output(y) given the input data (x).
The regression technique is utilized in the prediction of numbers, size, values, ete. since the output
contains information about the actual number. Linear regression, support vector regression, and
Poisson regression are examples of popular regression algorithms. The well-known regression
algorithm called linear regression is an algorithms that finds the relationships and dependencies
between variables. It depicts a relationship between a continuous scalar dependent variable (also
known as a label or target in machine learning terminology) and one or more explanatory variables
(also known as independent variables, input variables, features, observed data, observations,

attributes, dimensions, data point, etc.[48][22].
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2.5.7 Logistic regression

One of supervised approach for solving a classification problem is logistic regression. It delivers
the binomial outcome, which represents the likelihood that an event will occur or not, based on the
values of the input variables. A logistic function, often known as the sigmoid function in
mathematics. is frequently used in logistic regression to estimate the probabilities. Mostly, this
algorithm is used to solve problems of industry scale. Given that the result of a logistic regression
is a probability score, in order to utilize it to solve a business problem, one must define customized
performance measures in order to achieve a cutoff that can be used to categorize the target. The
advantages of logistic regression are considered to be ease of regularization, computational
efficiency, and efficiency from a training perspective. Input feature scaling is also not necessary.
The use of a logistic regression method may become limiting if there are large number of
features/variables present or if the variables are highly correlated. Another limitation of this

algorithm is the assumption of linearity between the dependent and independent variables[47][49].

2.6 Related works

Here under related works done, to investigate airtime credit risk, majority of the works are done

by foreign scholars by applying data mining and machine learning.

The article of Monika and Andrzej [2] highlights credit risk concerns as well as techniques for
identifying clients who might stop making payments following the activation processing of
telecom industry sector. The paper discusses the application of data mining methods in the
telecommunication sector for credit risk prediction and management. The authors present several
models and methods for identifying customers with high credit risk, based on activation data and
payment behavior. The models are constructed for individual and business customers, as well as
for different types of services. The paper emphasizes the importance of credit risk management in
the telecommunication sector to prevent bad debt and financial losses. The authors suggest that
credit risk management can be improved by implementing deposit policies and predicting
customer inability to repay the debt after the debt collection process. The paper also discusses the
use of activation models in the telecommunication sector to predict customer non-payment and
prevent financial debt. For their data analysis the researchers exploited a database from a
telecommunications provider that contains data on both individual and commercial clients who

entered into a contract with the company between January 1, 2007, and March 31, 2008. The
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database contained 53433 observations which represent customer's population. This population
consists of 48663 willing payers of invoices (good customers) and 4770 clients whose contracts
were terminated for nonpayment (bad customers). The models use decision trees and variable
importance measures to identify high-risk customers and their common characteristics. The
authors suggest that these models can be used to prevent financial debt by identifying high-risk
customers and implementing targeted interventions. The paper presents misclassification rate
charts based on training and validation data, which assess how well the model fits the data. The
authors recommend using decision trees and variable importance measures to identify high-risk
customers and their common characteristics. They suggest future research on analyzing activation
models based on different split criteria and predicting customer churn. Overall, the paper concludes
that the models presented in the paper can help telecommunication companies make informed
decisions and prevent financial losses due to credit risk. The authors suggest that future research
should focus on improving the accuracy of the models and analyzing activation models based on
different split criteria. The weaknesses in the literature identified in the paper "Credit Risk
Handling in the Telecommunication Sector” is, beyond the focus on activation models based on
classification trees, there is a need for a comparative examination of various data mining

methodologies or models for credit risk analysis in the telecommunications sector.

Bernard et al [3] explored airtime credit service (ACS) that enables consumers to readily acquire
airtime on a credit basis using an empirical examination of more than three million loans from
more than 41 thousand clients. Their study began with a meta-analysis of earlier works that looked
at how credit scoring algorithms are built and helped to choose the pertinent elements and model
structures that have worked well. Their goal was to develop a suitable quantitative model for
forecasting loan outcomes using consumer behavior on the mobile network and loan-related
financial data.

They discovered two separate mechanisms in the airtime lending sector for their investigation. In
the first, MNOs provide customers with airtime loans while taking on the risk of defaulted loans.
In this mechanism, a subscriber who runs out of airtime can borrow money with the assumption
that it will be paid back within five days, up to the amount they have added to their account in the
previous seven days. The second approach entails a collaboration between the MNO and a third-
party lender, whereby the MNO grants access to the customers and mobile network while the risk
is passed to the third party. According to their discoveries, the amount of data exchanged with the
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lenders is restricted in such an environment since MNOs have a propensity to protect the privacy
of their clients. As a result, lenders are less knowledgeable about their clients than financial
institutions are. In this system, the credit amount is paid to the MNO by the third party lender
before the consumer makes a repayment. Therefore, in the event of a default, the third party is out
the entire sum. The lender must make sure that the revenues from loans that are successfully repaid
outweigh the losses from non-performing loans in order to continue to be financially sustainable.
The research described in this publication is based on this second airtime lending mechanism. The
researchers used data analysis, feature selection, evaluation and cross-validation as a methodology.
They conduct an exploratory examination of the data and provide a summary of the variables that
will be used to create a credit scoring model. The average loan term, total number of loans, and
average use amount for both non-defaulting and defaulting customers are summarized in these
statistics. In feature engineering part, the researchers divides the features into three categories:
customer behavior, loan details, and customer details (Age, Gender). The following features are
used for their study: loan amount, recharge frequency, usage amount, activation date, loan
application date, loan due date, and total amount used each month. The study was just focused on
the loan detail and customer behavior from the list of features above.

They employed binary classifiers for the two discrete outcomes of client behavior repayment or
default. A decision tree, a logistic regression, and random forests were three different machine
learning model structures that were taken into consideration. The classification models are
evaluated using a confusion matrix, with positive (negative) results indicating repayment and
default, respectively. With an accuracy of 82.3%, Random Forest was the top classifier, showing
the superiority of nonlinearity and an ensemble technique. The authors used a single dataset
obtained from only one company and they did not include or used a demographic information for
the examination.

V. Dengov[50] presents a statistical credit risk analysis model for Russian telecommunications
companies in his article titled "Credit Risk Analysis for the Telecommunication Companies of
Russia: A Statistical Model." This model outlines the potential utilization of statistical techniques
in evaluating credit risk. The article discusses the state of the Russian telecommunications sector
today and the significance of credit risk analysis for these businesses.

In the opening section of the article, a general overview of Russia’s rapidly expanding

telecommunications sector is given. According to the author, it is crucial for telecommunications
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companies to accurately assess credit risk in order to maintain financial stability as the industry
continues to grow. The article’s statistical model is based on logistic regression analysis, a method
that is frequently employed in credit risk analysis. To determine the likelihood of default for a
specific telecommunications company, the model makes use of a number of different variables,
including financial ratios.

In-depth details on the model's variables and their calculations are provided in the article. The
significance of data quality and data preprocessing for creating precise statistical models is also
covered by the author. The author offers detailed examples of financial ratios and other elements
pertinent to this sector. This means that, compared to a more general model, the statistical model
is more applicable to Russian telecommunications companies. The focus on data quality and data
preprocessing is another aspect of this article's strength. The author admits that a careful
preprocessing procedure and high-quality data are necessary for creating an accurate statistical
model. This demonstrates the significance of effective data management in credit risk analysis.
The article does, however, have some restrictions. One drawback is that the article's statistical
model is solely based on financial ratios. Financial ratios are a crucial part of credit risk analysis,
but they might not fully reflect the creditworthiness of a telecommunications company. Other
elements that might be important to credit risk analysis, like market circumstances or the
competitive environment, are not covered in the article.

In conclusion, Dengov's study, "Credit Risk Analysis for the Telecommunication Companies of
Russia: A Statistical Model," offers an important framework for carrying out credit risk analysis
within the Russian telecom sector. The article highlights the significance of preprocessing and data
quality, and it offers specific instances of variables that are pertinent to this sector. Although the
model suggested in the article has some drawbacks, it offers a useful starting point for additional
research in this field.

According to Oliyad[5], offering clients services like airtime credit is one way to make them happy
and satisfied. But when it comes to debt repayment, this company encounters special problems.
The author undertakes this study to try to bridge this gap applying a data mining technique for
predicting airtime credit risk. The experiment was carried out using an open source data mining
tool WEKA. The author used different supervised classification algorithms to determine which
model performed the best. These algorithms included the Nave.Bayes. Multilayer Perceptron,
Logistic Regression, and J48 Decision Tree. The algorithms were tested using 86, 024 instances
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and eleven attributes from the ethio telecom prepaid subscriber's usage data. 10-fold cross
validation and percentage split test options were applied. To assess the effectiveness of the models
the author used several metrics like Confusion matrix, ROC area, accuracy, precision, recall, and
f-measure. Based on experimental result of the author, the J48 decision tree-based model
outperformed the other classifiers with an accuracy rate of 98.56%. The accuracy of the model
created using Logistic Regression is 97.17%. While the accuracy of the Multilayer Perceptron and
Naive Bayes classifiers was 96.7622% and 94.63%, respectively. Finally the author indicated that,
among all features, data usage is the main attribute that showed the potential prediction power.
According to the study's findings, factors such as topping up channel, and voice usage have great
predictive power. The publication also notes the researcher’s desire to improve the models used in

the study by including new features such as subscriber loan history.

In the study of Shashu [7] , one of the value added services (VAS) provided by MNOs is the airtime
credit service, which enables prepaid mobile users to top up their airtime credit at any time and
from any location. However, many subscribers typically do not repay their loans on time or they
fail. The author undertakes this study to try to bridge this gap by applying “Machine Learning
Based mobile airtime credit risk prediction using customer Profile and Loan Information™. The
researcher highlighted that, when prepaid mobile subscribers aré unable to recharge their service
number, they mostly use airtime credit. This service both rise subscriber happiness and income
earned by the telecom provider. Even if this service increases customer satisfaction and telecom
revenue, the authors claim that there is no assurance that the prepaid customers would repay the
credit they borrowed, hence using this service carries some risk. To solve this issue, and to evaluate
the impact of the suggested strategy, the author carried out an experiment with data from 90,000
mobile subscribers. The researcher used four machine learning algorithms for the experiment:
decision tree (DT), logistic regression (LR), random forest (RF) and multilayer perceptron (MLp).
According to the researchers experiment, the results show that the mix of existing features
employed by Oliyad [5] and new variables together increases the prediction of airtime credit risk
performance for all algorithms and J48 decision tree have scored best from all. Even though the
study shows that the combined feature set improves accuracy, it doesn't go into detail about how
the new features were identified or explore. It would have been better also, if the author had
provided more details about the study's data. The author could have, for instance, explained the

collection and preparation of the data.
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As the reviewed related literature indicates, different credit risk prediction models are built, but
these different models of credit risk estimation by themselves indicate that no one model can
provide reliable and accurate results by itself. This is due to the gaps in data size used and duration
of the study, algorithms selection, ignoring the necessary variables or attributes, and measuring
the accuracy of the model using only training data. As a result of taking into account all of the
research gaps, this study resolves the problems of airtime credit risk prediction.
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CHAPTER THREE

METHODOLOGY

3.1 Overview

In this section the study explains the machine learning objectives, data sources, and procedure
employed to create the models of machine learning. The purpose of this study, as stated at the
beginning, is to create a model that can help in predicting the airtime credit risk of borrowers
utilizing machine learning techniques. As a result, the experiment is carried out using a chosen
machine learning approach. To create machine learning models for this work, supervised learning
techniques of classification algorithms are used. This is because, supervised learning algorithms
are well suited for credit risk prediction tasks where labeled data is available and they can
efficiently learn from historical patterns and provide precise predictions for new instances based

on those learned patterns.

3.2 Research design

The design of this study is experimental research design. It is a scientific approach to conducting
research, involves manipulating one or more actions on independent variables and then observing
the impact on a dependent variable. To systematically examine how well various machine learning
models perform in predicting credit risk in ethio telecom. an experimental design for airtime credit
risk prediction using machine learning has been developed. The experimental research design was
chosen for the airtime credit risk prediction using machine learning because it offers a methodical
way to assess the performance of various machine learning models and feature selection techniques
in predicting credit risk in ethio telecom and allows the researchers to establish causal relationships
between the independent and dependent variables. To conduct an extensive experiment, this, the
research follows various machine learning process, starting with problem identification and ending
with model prediction and validation. The methodology for this research is adapted from previous
studies[14][15] and the process is broken down into the following steps, as illustrated in below

figures.
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3.3. Problem Understanding

The problem understanding in this research revolves around gaining a comprehensive
understanding of the challenges and complexities associated with airtime credit risk in the
telecommunications industry. It entails the need to identify and address key issues related to credit
risk prediction, suitable attributes, and machine learning algorithms in order to improve decision-

making processes and minimize financial losses.

Airtime credit has become a popular way for mobile network operators to provide credit to their
customers, especially in developing countries where traditional credit services are often
unavailable or inaccessible. However, airtime credit also comes with significant risks, as customers

may default on their loans or accumulate excessive debt.

Customers that fail to repay their loan within three months after receiving credit are termed as
defaulters, and the company is losing a significant amount of revenue. Mobile network operators
are increasingly offering airtime credit service to extend credit to their clients. Customers may fail
to pay back because of many reasons. The first one is they will not top up their number again
because they no longer have it. The other is customers’ financial constraints and lack of
understanding of the terms and conditions of airtime credit service. If clients do not pay their debts,
the company suffers a significant loss because there is no certainty that the loan will be collected.
As a result, the company need a solution to handle this issue while also protecting its revenue and
keeping its consumers content with the service it delivers. To mitigate these risks, mobile network
operators like ethio telecom need effective tools for predicting credit risk and managing their
exposure. In recent years, supervised machine learning algorithms have emerged as a powerful
ol for predicting credit risk, and their potential in the context of airtime credit remains largely
unexplored [51][52]. The purpose of this research paper is to apply machine learning algorithms
for predicting airtime credit risk.

Telecommunications data can be used to enable credit scoring, allowing individuals without
traditional credit histories to access loan services. By analyzing telecommunications data such as

call and text logs, lenders can determine an individual's creditworthiness and ability to repay loans

[53].
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In the telecom sector, customer data includes records of calls, texts, data traffic, application
program (App) usage, borrower demographic data (age, education, gender, location etc.), loan
application details, and loan repayment history. These data are reliable since they are routinely
captured, and they are plentiful because mobile phones are used frequently and hence have a lot
of data on them. Moreover, data on customer usage has already been utilized to examine consumer
habits, economic traits, and user behavior. With all these benefits, customer usage data has a

significant potential to predict loan default[51].

Another study also supports that, mobile phone usage data can be a useful predictor of credit risk.
From those several mobile phone usage variables, including call duration, SMS count, and data

usage, were significantly associated with credit risk[54].

Recharge datasets are important for telecom companies as they provide insights into customer
behavior and usage patterns. By analyzing this data, telecom companies can identify trends in
recharge behavior, such as the most popular recharge amounts, the most common payment

methods, and the times of day when customers are most likely to recharge their phones[51].

Accordingly, this research investigates the use of customer behavior, and transaction history 10
effectively predict credit risk using machine learning algorithms. To do this, we must take into
account the factors or variables that can affect credit risk in order to fully understand the challenge
of estimating credit risk for users of airtime credit. Customer behavior, transaction history, and
income level are examples of these variables. Creating effective predictive models for anticipating
eredit risk and controlling exposure an attempt is made to better understand these factors and their

relation with credit risk.

34 Data Collection Method

The methods for data gathering or collection from the many systems used by the organization are
discussed in this part. The way in which the dataset are integrated and processed are also discussed.
The dataset for this study was gathered from subscriber data for ethio telecom's prepaid mobile
sﬁVice, from the databases of the company's business administration systems. This study focuses
on examining airtime credit risk prediction using a dataset from a specific three-month period,
spanning from October to December 2022. The reason for collecting data only within this limited

timeframe is attributed to the data retention policy of the organization. As per Ethio Telecom's data
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retention policy, information is retained for a maximum of 45 days to three months before being
archived.

Customer profile data

The first dataset collected from one of the telecom database system is customer profile data. This
dataset in ethio telecom refers to information that is collected and maintained about a telecom
customers, such as customer type, education, gender, age, religion and service number. By
analyzing this data, we can gain insights into customers' behavior and preferences o improve
customer service and develop new products and services. However, ethio telecom handles this data
with care and respect customers' privacy by adhering to data protection laws and regulations. As a
result of this, after combining the dataset using a service number as a primary key, the attribute

“service number” is not used in the analysis.
Loan information dataset

The second dataset gathered from telecom database system is Loan information dataset. The loan
Information data in ethio telecom refers to the data generated by the telecom operators regarding
the loan or credit facilities provided to their customers. This data includes information on the
amount of loan, the repayment period, the due date for repayment, the outstanding balance, and
the payment history of the borrower. This loan information data is used in this study to determine
the creditworthiness of customers and to assess their ability to repay the loans or credit facilities
provided by the operator. This information is typically used to determine whether a customer is

eligible for a loan or credit facility, as well as to set the terms and conditions of the loan.

In general Loan Information data is an important dataset to manage credit risk and to minimize the
risk of default by telecom customers. By analyzing this data, operators can identify customers who
are at a higher risk of default and take appropriate measures (o mitigate that risk, such as offering

more favorable repayment terms or reducing the amount of credit offered.

Usage detail dataset

The other dataset collected from their database system is customer’s usage detail dataset. A
customer usage dataset in ethio telecom data is a collection of data that records the way in which

customers use telecommunication services. This data includes information on customer behavior,
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such as the number of calls made, the duration of each call, the amount of data used, and the
number of text messages sent. The customer usage dataset is valuable to ethio telecom as it can be
used to identify trends and patterns in customer behavior. For example, it can help providers o
identify which services are most popular, which customers are using the most data, and which
areas have the highest call volumes. This information can be used to optimize network capacity,

develop new services, and tailor marketing efforts to better meet the needs of customers.

Call detail dataset (recharge dataset)

Finally the fourth data type gathered from the telecom is call detail dataset (recharge dataset). A
dataset for mobile phone recharge transactions is referred to as a recharge dataset in the telecom
sector. The phone number being recharged, the amount being recharged, and the date and time of

the transaction are normally included in this dataset.

3.4 Data construction (merging)

Merging a dataset is important because it allows data analysts and researchers to combine data
from different tables create a larger, more comprehensive dataset and they can identify patterns,
relationships, and trends that would not be apparent if the data were analyzed separately. A raw
data captured from various environments are heterogeneous, complex, imperfect, and of a huge

scale, which brings us many challenges 10 transform them into useful information[55].

Since the dataset collected from ethio telecom are from different database system, the researcher
in this study merged them into one data frame using pandas merge () function. The researcher in
this has also faced a challenge in merging the different datasets since the dataset has different
shapes and some of the dataset sizes are also too large to read and process using known data
analytic tools and the normal machines at hand. The way how the dataset are merged is described

as follows.

For the case of customer usage data, which has a file name of “customer_usage data.csv”, it is
difficult to read and know how many instances and attributes it has due to its size of 36GB. The
researcher also use a remote server with a RAM capacity of 90GB and try to read and process the
data, but still, the server cannot handle reading and processing the whole data. To solve the
problem, the researcher first use a Linux terminal to split the dataset into three parts. Before

splitting the data frame, the number of rows in the file/ data frame is counted by line using the
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codem in the terminal and it gives a result of 297,289,997 rows
After counting the number of rows, the data frame is split into three parts using the code
ES R VENS TNV ENCERENE. A\ (o spliting the data frame, they mdivadually
imported into Python and duplicated values in all columns of the same rows are removed. Finally,
all the split datasets are concatenated in columns into one data frame with assigning a name
customer_usage_data.csv and it has 115,421,629 rows and it is saved into working directories to

be merged with another data frame.

The other data set called loan information data is also difficult to read and process using the known
machines and tools at hand since it has 95,786,870 rows. But the server that the researcher used
before for the case of customer usage data has read it but takes a couple of minutes to import to

Python. After reading the dataset, duplicated instance in all columns were removed. Finally, the

loan information data is dropped to 30,980,644 rows.

Recharge information (call details) data has a 5,259,892 rows and 4 columns which is relatively a
small data set and merged together on service number with loan information data and a new dataset
with a name “loan_and_recharge.csv™ is created and saved to working directory. This new dataset,
which is loan_and_recharge.csv has a 131,698, 319 rows, and 14 columns. At last, customer profile
data with a shape of 9,036,696 rows and 7 columns is reduced by removing duplicate rows in all

columns commonly and the dataset shape is changed to 6,174,513 rows and 7 columns.

In the end, the service number, often known as the access number, was used as the primary key to
link all the information and put them together in one table by taking a random sample of
200,000,000 instances from each dataset. This newly derived dataset has a 2000.000 rows and 33
columns as indicated in the table below. Now the rest of all data preprocessing is done using the

newly derived dataset.
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Table 2: Attribute description of the dataset

SERVICE NUMBER Numeric identity used to uniquely identify a subscriber
CUST TYPE NAME String Individual or Enterprise
NET BUSI TYPE NAME Strin Network type (LTE,WCDMA)
2
. The status of service number(Active, Idle,

STATUS NAME String Barring, Predeactivated, Suspend)
CUST AGE Numeric The age of the customers
GENDER NAME String Gender name (Male or Female)
EDUCATION NAME String This shows academic rank of the user
OPER TYPE String It can be by transfer or recharge.
LOAN BALANCE TYPE Numeric This simple a code given to loan data
INIT LOAN AMT Numeric Initially a customer takes the loan amount

Initial specific fee or charge related to loans or
INIT LOAN POUNDAGE Numeric borrowing money

specific fee or charge related to loans or
LOAN POUNDAGE Numeric borrowing money
LATE PAY FEE Numeric Shows the fee paid late
REPAY POUNDAGE Numeric How much is repay per defend period of time
LOAN PENALTY Numeric Penalty after grace time or given loan time
LOAN PENALTY LEFT Numeric Repay penalty left
LOAN GRADE Numeric Level of the loan, (silver, gold, platinum)
DECODE String Mobile type: - Prepaid, postpaid, and hybrid.
RECHARGE AMNT Numeric Birr recharged by customers
OFF PEAK USG MINUTE Numeric Minute used in off peak hour
OFF PEAK AMT ETB Numeric Birr collected in off peak hour (3:00PM-12AM)
PEAK USG MINUTE Numeric Minute used in peak hour (7:00AM-3:00PM )
PEAK AMT ETB Numeric Money collected in peak time
INTER_USG_MINUTE Numeric Internet usage in minute
INTER AMT ETB Numeric Internet amount in birr
SMS LOCAL USAGE Numeric National SMS usage
SMS LOCAL FEE ETB Numeric SMS national collected birr
SMS_INTER_USAGE Numeric international SMS usage
SMS INTER FEE ETB Numeric SMS international collected birr
SMS LOCAL FEE ETB.I Numeric SMS national collected birr
DATA USAGE MB Numeric Amount of data used in Mb
DATA REVENUE ETB Numeric Birr collected from data
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3.5 Statistical Analysis

This step 1S generally used to get meaningful insights into the collected data set via data

visualizations and analytical findings. This stage will assist in determining whether the data set

contains any missing values, identifying categorical and numerical features, and more.

The following figure shows the result of a code for obtaining the data types of each attributes in

the data set. According to the result, seven attribute have a categorical (based on python output

categorical means object) data type and the rest are numerical by types

df .dtypes

SERVICE NUMBER
CUST TYPE NAME

NET BUSI TYPE NAME
STATUS NAME

CUST AGE

GENDER NAME
EDUCATION NAME
OPER TYPE

LOAN BALANCE TYPE
INIT LOAN AMT

INIT LOAN POUNDAGE
LATE PAY FEE

LOAN POUNDAGE
REPAY AMT

REPAY POUNDAGE
LOAN PENALTY

LOAN PENALTY LEFT
LOAN GRADE

DECODE (T.SGMT TYPE,®, ' PREPAI
RECHARGE AMNT

OFF PEAK USG MINUTE
OFF PEAK AMT ETB
PEAK USG MINUTE
PEAK AMT ETB

INTER USG_MINUTE
INTER AMT ETB

SMS LOCAL USAGE
SMS LOCAL FEE ETB
SMS INTER USAGE
SMS INTER FEE ETB
SMS LOCAL FEE ETB.1
DATA USAGE MB

DATA REVENUE ETB
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Based on the result the attribute with a name “Initial loan amount”™ and “Initial loan poundage™
strongly correlated with a correlation value of 1. This is because both attribute has identical values
in each rows of instance. The other attributes “INTER_USG_MINUTE “and
“INTER_AMT_ETB" has also strongly correlated with a value of 0.97. As indicated from the
above attributes labeled with a white colors have no correlation at all. This is because all values or
instance of each of the attributes are identical throughout the rows. These attributes include

“LOAN_BALANCE TYPE", “LOAN_PENALTY™, “LOAN _PENALTY_LEFT” and
“SMS INTER_FEE_ETB”

3.6 Data Pre-Processing
Machine learning's (ML) effectiveness on a specific task depends on a number of factors

parameter. The representation and quality of instance data are therefore of utmost importance.
Knowledge discovery during the training phase is more challenging if there is a lot of redundant,
irrelevant information available, or noisy data. It is widely accepted that processing time for ML
tasks is significantly impacted by data preparation and filtering phases. The results of a supervised
ML algorithm's generalization performance are frequently significantly impacted by the data
preprocessing. Pre-processing  data includes feature extraction and selection, feature
normalization, and data cleansing[19]. In this research, different data preprocessing tasks are

applied to make the dataset more accurate for the model and this tasks are described below.

First, an instance is filtered from selected attributes of the dataset. Then some of the attributes are
dropped from the dataset. "The missing values of the numerical and categorical attributes are
encoded with fill-forward method. The Categorical Features of the dataset are encoded to
transform these features into numerical values. After data type conversion, by deducting the
'INIT_ LOAN_AMT' from 'REPAY AMT attributes, a new class feature or attributed with a name
“Loan_balance” is created and this new attribute was used as a class label to identify the defaulters
from non-defaulters . Then the matrices of features and the predictor variable are created followed
by dividing the dataset into training and test sets. In the following step, Feature Scaling is applied
o the input features. Finally, the dataset is balanced using the over and under sampling techniques
of class balance. The following Subsections describe these sub-steps involved in the Pre-

processing stage for the dataset used in this research.
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3.7 Data Reduction

At the start, during the data collection time, the ethio telecom data has included both the instance
‘Individual’ and *Enterprise’ customers in the "CUST_TYPE_NAME" attribute. But at processing
stage only the instance “individual is filtered by assuming the probability of ‘Enterprise’ to take
a loan is too less. Similarly, in this research only customers whose service numbers are active is
considered. The attribute with a name “STATUS NAME" has four different instance (labels),
namely 'Active’, 'Idle’, 'Barring', 'Predeactivated'. ‘Suspend'. From this labels of instance, for this
research, only *Active’ instance are filtered. Similarly the studies mainly concerns only customer
that pays for services upfront, before they are using any of telecom service this is we call it is
prepaid. This is because, ethio telecom gives a service of airtime credit for only activated prepaid
subscribers. To filter both “Individual”, “Active”  and “prepaid” instance from
“CUST_TYPE_NAME” | “STATUS NAME” and “DECODE" attributes respectively, the
following python code is used.

df= df.loc[(df["CUST_TYPE_NAME"]=="Individual') & (df["STATUS_NAME"]Js='Active )& \
(df["DECODE(T.SGMT_TYPE,®, 'PREPAID', 1, 'POSTPAID" ,2, "HYBRID' )" J=="prepaid")]

After filtering instances, the features “CUST _TYPE NAME" and “STATUS NAME had unique
value in the feature columns, so they are dropped from the dataset. Similarly the features
"LOAN_BALANCE_TYPE"."LOAN_PENALTY"."LOAN_PENALTY_LEFT".’SMS_INTER_FEE_ET
B'and “SMS_INTER_USAGE" had a unique values in the features columns and as a result they are
dropped from the dataset. Dropping those feature which have a unique values will be beneficial
for the implemented Machine Learning models as it only contains only one value, so the

Algorithms will not learn anything from this feature.

To collect and integrate data, the attribute "service number" is used as a primary key. However,
due to privacy concerns and its insignificance in this study, it was eventually deleted. There is a
duplicated feature with a name "SMS LOCAL FEE ETB.1", and this is also removed.

41|Page



3.8 Handling missing values

Incomplete data is an unavoidable problem in dealing with most of the real world data sources. To
solve this incomplete data, there are a number of methods for handling missing values. Method of
Ignoring Instances with Unknown Feature Values. Most Common Feature Value, Concept Most
Common Feature Value, Mean substitution, Regression or classification methods[19]. To fill the
missing values in the dataset, this study used a fill-forward method, in which each missing data
point was replaced with the most recent observed value. To do this, first. the total number of

missing values in each columns are checked and the following result are gained.

df .isnull().sum()# [ 'CUST AGE', 'GENDER NAME ', 'EDUCATION NAME"',

NET BUSI TYPE NAME (c]
STATUS NAME o
CUST_AGE 3877
GENDER NAME 3727
EDUCATION NAME 126276
OPER_TYPE

INIT LOAN AMT
INIT LOAN POUNDAGE
LATE PAY FEE

LOAN POUNDAGE
REPAY AMT

REPAY POUNDAGE
RECHARGE AMNT

OFF PEAK USG MINUTE
OFF PEAK AMT ETB
PEAK USG MINUTE
PEAK AMT ETB
INTER USG MINUTE
INTER AMT ETB

SMS LOCAL USAGE
SMS LOCAL FEE ETB
DATA USAGE MB

DATA REVENUE ETB

[o}oRofoRofofofofofofoflofofofofofofo]

As it is indicated with above output of python code, a feature CUST AGE has 3877 missing
values, GENDER_NAME has 3727 and education has 126276 missing values. From these feature,
CUST_AGE is integer in data types and “GENDER_NAME" and “EDUCATION NAME" are a
string in data type. To fill these missing values of the attributes a, forward fill method is applied
for both type of data types. Forward filling involved imputing the data using the last time point
with available data[56). To fill the missing data using the forward fill method the following python

code is used.

# Forward-Fill
df= df.fillna(method="ffill")
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According to the statement of the expertise in ethio telecom, the telecom data collection system is

set up to register Ethiopian Birr values in multiples of 10,000. As a result, the attribute that

indicates customers’ loan information,

Iikc"lNlT_LOAN_AMT"."INl'l'_L()AN_P()UNDAGE"."I.ATE_PAY_FEE"."LOAN_POUND

AGE","REPAY_AMT","REPAY POUNDAGE" "OFF _PEAK_AMT _ETB""PEAK_AMT ET
B"."INTER_AMT_ETB","SMS_LOCAL_FEF._ETB"."DATA_USAGE_MB" and
"DATA_REVENUE ETB"has a value in multiple of 10,000 as shown the sample below.

INIT_LOAN_AMT LOAN_AMT LOAN_POUNDAGE REPAY_AMT

50000 0 0 50000
100000 40000 10000 60000
250000 100000 25000 150000
150000 0 15000 150000
250000 0 25000 100000
500000 500000 50000 0
100000 100000 10000 0

To get the real value of loan information data, these attribute values are divided by 10,000 and the

returned value is changed to integer types to get the real values using the python code given below

of [["INIT_LOAN_AMT",“INIT_LOAN_POUNDAGE","LATE_PAY_FEE","LOAN_POUNDAGE" , "REPAY_AMT", "REPAY_POUNDAGE",\
"OFF_PEAK_AMT_ETB", "PEAK_AMT_ETB","INTER_AMT_ETB","SMS_LOCAL_FEE_ETB","DATA_USAGE_MB", "DATA_REVENUE_ETB"]]\
=df[["INIT_LOAN_AMT", "INIT_LOAN_POUNDAGE","LATE_PAY_FEE",“LOAN_POUNDAGE" , "REPAY_AMT", "REPAY_POUNDAGE",\
“OFF_PEAK_AMT_ETB" , "PEAK_AMT_ETB","INTER_AMT_ETB","SMS_LOCAL_FEE_ETB", “DATA_USAGE_MB","DATA_REVENUE_ETB" N
.div(10000).astype("int")

3.9 Encoding Categorical Features
The feature engineering process is a crucial component of machine learning. It is crucial to convert

the categorical features into numerical values this is because the algorithms that will be used can

only read numerical values[57].

At this stage of this research, The raw dataset is processed by get dummies() function of sklearn
to change all the categorical variables into dummy variables. The categorical attributes of the
dataset in this study are NET_BUSI_TYPE NAME, STATUS NAME, GENDER NAME,
EDUCATION NAME and OPER_TYPE. To change these categorical features in to numerical,

the following python code and package are used.
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¢f-pd.get_dummies(df,df.columns[df -dtypes == ‘object’))

After converting all category attributes to numeric values. a target variable named "Loan_Balance”
is created by calculating the difference between the initial loan amount (INIT_LOAN AMT) and
the repayment amount (REPAY_AMT). Rows with a difference value (the value of Loan_balance)
equal to zero are classified as non-defaulters, whereas those with a difference value different from
zero are classified as defaulters. This labeling technique can be justified, since the difference in
loan and repayment amounts directly reflects a customer's financial accountability and adherence
to loan repayment obligations. Customers who have completely repaid their loans (zero difference)
demonstrate responsible financial behavior and fulfill their obligations, making them suitable for
the non-defaulter category. Another justification can be as assessing default status based on the
difference between loan and repayment amounts aligns with industry practices and commonly used
indicators of loan repayment behavior. It allows for consistency and comparability with existing

credit risk assessment methodologies used by financial institutions and lending organizations.

As discussed before, the value of the target class attribute have a values 0 indicating customers
who repay the loan they taken and values different from zeros indicating customers who did not
repay the loan amount in a given period of time. In this research a two class label values are created
to indicate defaulters and non-defaulters. Therefore, all values different from zeros are changed to
category of label 1 and the rest of the values are considered as a non-defaulters with a category of

0. To label the class attribute of “Loan_balance™, the following python code is used

df2["Loan_Balance'] = df2['Loan_Balance'].apply(lambda x: 1 if x != @ else x)

After labeling the class label the following count of both the defaulters (with a class label of 1)

and non-defaulters (with a class label of 0) are obtained.

df["Loan_Balance"].value_counts()

1 848326

@ 321581

In the below image, It is shown that the distribution of the target variable “Loan balance™ and with
this distribution the majority of the class 73% with a label of 1 is those defaulter and minority of

the distribution 23% with a label value 0 is a non-defaulters.
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Percentage of customersihat have_/hqve_not paid back the loan they have taken

Precentage

Loan Balance

Figure 8: Defaulters and non-defaulters in percentage

3.10 Forming Features and Target Matrices

Following class labeling process the matrix of features to be used as input variables as well as the
target variable will be taken into account for model building is formed. There for the input variable

features and the target matrices is taken into x and y variables as follows.

x=df .drop( ' Loan_Balance’ ,axis=1)
y=df['Loan_Balance']

Definition of training and testing sets
A training set is a portion of a data set used to fit (train) a model for prediction or classification of

values that are known in the training set, but unknown in other (future) data. The training set is

used in conjunction with validation and/or test sets that are used to evaluate different models[18].
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Dataset

Testing

Data

Figure 9: Training and testing data preparation

In this study, the preprocessed data are divided into two pieces, a training set and a testing set. The
study uses percentage split for splitting the dataset into train and test set. The researcher in this
study use about 80 percent of the data and putting them into training set and the remaining 20
percent is put into test set. Based on this the following actions were conducted to divide the data

set

For separating dependent independent data

X
y

df.drop(“Loan_Balance"”,axis=1)
df["Loan_Balance"]

For dividing data to train and test data

from sklearn.model selection import train_test split

# Splitting the data into train and test using train_test split function
X_train, X _test, y_train, y_test = train_test_split(X, y, train_sizes0.8, random_state=422 stratify=y)
X_train.shape, X_test.shape

3.11 Feature selection Process
Correlation is needed to drop one of the highly correlated independent attributes because keeping

both attributes could result in multi collinearity, which could lead to unstable and unreliable model
estimates and make it challenging to understand the impact of each independent variable on the

dependent variable.

Pearson's correlation method is selected because it is a well-known filter method that may
determine the direction and degree of a linear relationship between two variables. The linear

relationship between two or more variables is measured via correlation. We can predict one
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variable from the other using correlation. The reasoning for utilizing correlation for feature
sclection is that useful variables have a strong correlation with the target. Furthermore, variables
should be relevant to the aim yet unrelated to one another, We can anticipate one variable from the
other if they are associated. As a result, if two traits are associated, the model only requires one,
as the second adds no more information[20]. Based on the concept of this Pearson’s correlation
rule, this research identifies an independent attributes that have 0.7 and higher correlation values
between them and ignore the first of all attributes for model building process. To do this first
dependent and independent variables were separated and this variables were divided to train and
test data with a ratio of 80:20 as indicated above and then the correlation of the training data is
calculated. Based on this method a list of independent attributes with a name
'INIT_LOAN _POUNDAGE', INTER_AMT ETB', 'INTER_USG_MINUTE', and
'LOAN_POUNDAGE" are dropped from the dataset. This ignoring of the highly correlated
attribute data is also applied to the test data similarly.

The following python code were used to do all the above process

For finding the correlation between attribute of the training data
X_train.corr()

For selecting highly correlated features and to remove the first feature that is correlated with the

other feature the following function is used

def correlation(dataset, threshold):
col_corr = set() # Set of all the names of correlated columns
corr_matrix = dataset.corr()
for i in range(len(corr_matrix.columns)):
for j in range(i):
if (corr_matrix.iloc[i, j]) > threshold:
colname = corr_matrix.columns[i] # getting the nome of column
col_corr.add(colname)
return col_corr

corr_features = correlation(X_train, ©.7)
len(set(corr_features))

A list of the correlated features with a threshold value of 0.7 and above are displayed as follows
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corr_features
{ "INIT_LOAN_POUNDAGE ", * INTER_AMT _ETB", ° INTER_USG_MINUTE ', *LOAN_POUNDAGE ‘}

Finally correlated data are dropped from both the training and test data of columns and to drop

those correlated attributes from both training and test data, the following code is used.

X_train.drop(corr_features,axis=1)
X_test.drop(corr_features,axis=1)

Therefore after dropping the correlated data attributes from the training dataset, the sample of the
preprocessed data is shown in the below table.

CUST_AGE INIT_LOAN AMT LOAN_AMT REPAY AMT REPAY POUNDAGE RECHARGE AMNT OFF PEAK USG_MINUTE OFF PEAK AMT ETB P

42 2% 0 10 2 % n 6128
20 5 4 1 0 5 0 0
8 5 5 0 0 $ [£] 0
34 15 4 10 0 60 0 0
60 10 0 0 1 20 0 0

3.12 Model selection
The type of algorithm that will work well is determined by different data sets with varying types

of variables and the amount of instances. According to the no theorem of [21], there is no single
learning method that will outperform other algorithms across all data sets. At this step, the best
performing learning algorithm is studied, which depends on the type of problem to be solved and
the type of data at hand. In this work, classification algorithms are taken into account. Random
Forest, Logistic Regression, Nave Bayes, K-nearest neighbor, and SVM are the classification
techniques used. These algorithms were selected based on their strengths in handling the specific

characteristics of credit risk prediction in the telecom industry based on previous studies.
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3.13 Training

Here using supervised classification algorithm described before, the model has been trained using
the data to enhance its capability. The dataset is separated into two parts: training and testing. For
this study, the training/testing split is about 80/20. The training dataset is used for training purpose
and the testing dataset is used for the testing purpose. Training dataset is fed to the learning

algorithm. And this learning algorithm finds a mapping between the input and the output and
generates the model.

Training Data Sel e—p Il\-leg:rr’i‘:::\ —  Model

Figure 10: Training a machine learning model using training data
3.13.1 Tool used
For this study Python is used to carry out experimentation to present the work. Python offers a
number of machine learning algorithms that make the implementation process simpler. One can
create and integrate their own Java code with it, and it offers several libraries and frameworks that
provide GUI capabilities and can be used in conjunction with machine learning. It is free software

that may be downloaded using The Python Software Foundation License (PSF License)

agreement|[21].

The methods used for this airtime credit investigation can be summed up as follows. The dataset
from ethio telecom is collected in the first phase. The most relevant attributes/fields/features are
determined by asking the experts in the subject. Also different study are gathered to identify and
determine the relevant features of a customer based data in telecommunication industries. Brute-
force method which is the simplest one that separates the most relevant/informative qualities by
measuring everything accessible is also used. Additionally, a feature selection process is used to
find and remove as many redundant, irrelevant, and unnecessary attributes as possible. In this
study, some data preprocessing is also done. Since the dataset contains a missing feature values,
and some categories that need to be transformed into dummy variables, preprocessing is used. To

conduct the experimentation and show the work, a Python is employed.
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3.14 Evaluation

Model evaluation is the process of analyzing the performance and strengths and weaknesses of a
machine learning model using a variety of evaluation metrics. The preserved testing dataset is used
to assess the model's performance at this stage. Through this evaluation, the model can be tested
against data that has never been used for training[22]. For this study, the Performance is evaluated

using metrics including recall, precision and accuracy and F-measure. To calculate such metrics

confusion matrices is required.
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Figure 11: Model evaluation using test data
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CHAPTER FOUR
EXPERIMENT

4.1 Overview

Using historical data and machine learning algorithms, it is possible to predict the risk of airtime
credit default by looking for patterns in historical data. In order to accomplish this, supervised
classification algorithms can be used to create models that can precisely categorize customers into

those who are likely to default and those who are not.

There are several steps involved in the experimentation process with supervised classification
algorithms. To clean, transform, and balance the dataset, data preparation is done first as described
before. Following that, the prepared dataset will be used to train a number of supervised
classification algorithms, including Naive Bayes, Random Forest, Logistic Regression, and KNN
algorithms. After the models have been trained, performance of each model is evaluated using
metrics like accuracy, precision, recall, and fl-score. The true positive, false positive, true
negative, and false negative rates for each model are also displayed using the confusion matrix.
At the conclusion of the experiment, the final model for estimating airtime credit risk is chosen

based on its performance.

4.2 Experimental setup
In this study, a comprehensive experimental setup was conducted to evaluate the performance of

four supervised classification algorithms (Logistic Regression, Random Forest, KNN. and Naive

Bayes) in predicting the risk of airtime credit.

In the first phase, four experiments were conducted using the initial unbalanced dataset. This
allowed for a thorough assessment of the algorithms' predictive capabilities without any data

balancing techniques.

Moving to the second phase, eight experiments were carried out on balanced datasets using two

data balancing techniques: under-sampling and over-sampling. Each of the four classification
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algorithms was applied to these balanced datasets to assess how well the data balancing techniques
enhanced their performance. This phase aimed to determine the effectiveness of the balancing

techniques in improving the algorithms' ability to predict credit risk accurately.

In addition to the detailed experimentation in the first and second phases, the study also included
additional experiments for comparison purposes. This experiment (experiment 13) focused on
evaluating the performance of the machine learning algorithms using a different dataset attributes
previously used by other researchers. This provided an opportunity to compare the results obtained
from the previous attributes with the outcomes achieved on the new dataset, providing valuable

insights into the generalizability and robustness of the algorithms.

Furthermore, a separate experiment (experiment 14) was conducted on the new dataset after
removing certain attributes that were utilized in creating the class labels without any balancing
techniques and compared the result with the experiment before removing the attributes. This
allowed for an investigation into the impact of excluding specific attributes on the performance of

the classification algorithms, shedding light on the significance of these attributes in predicting

credit risk accurately.

By employing this comprehensive experimental setup, the study aimed to identify the most
effective algorithm for constructing a credit risk prediction model and to assess the impact of
different data balancing techniques and attribute selection on the algorithms' performance. Overall,
the experimental setup comprised detailed investigations in the first and second phases, while the

additional experiments were conducted for the purpose of comparison and analysis.
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Figure 12: Experimental design of the research
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4.3 The dataset used for the experiment
Four different datasets obtained from ethio telecom were used in the experimental process, which
nvolved the application of supervised classification algorithms such as the "Loan information
data,” "Customers usage data,” "Customer profile data,” and “Recharge data”. Information on loan
payments and customer defaults is included in the "Loan information data”. Information on
customer usage patterns, such as calls, text messages, and internet data usage, is included in the
"Customers usage data". Information about customers' ages and genders is included in the
“Customer profile data". The "Recharge data”" also includes data on the quantity of airtime that
customers have recharged. Using supervised classification algorithms, these datasets were used to

predict the risk of airtime credit default.

4.4 Experimental result

lhis section aims to compare the performance of several supervised algorithms for the
classification of a given dataset. The newly collected and processed dataset consists of 1,168,000
instances with 25 features including a binary class label defaulter or not. But for the purpose of
experiment 13 only 11 features or attributes were considered, this is because only 11 attribute were
used by the previous studies. In experiment 14, a total of 24 attributes were utilized for the

evaluation

For the purpose of this research study, four supervised algorithms are selected, namely Random
Forest, K-Nearest Neighbor, Naive Bayes, and Logistic Regression. Each algorithm is trained on

80% of the dataset and tested their performance on the remaining 20%.

['able 3: Summary of Dataset Division for Training and Testing

1,168,000 | (934400, 25) (233600, 25)
L L

['0 evaluate the performance of each algorithm, this research uses various metrics such as accuracy,

precision, recall, and F1-score.
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4.4.1 Random Forest:
Three experiments are conducted using random forest such as modeling using the original

imbalanced data, under-sampled data, and over sampled data. The result obtained in each are
presented as follows.

Experiment 1: Random Forest model before applying the class balance technique
Random Forest is implemented using the imbalanced data that was partitioned as train and test

data in the previous and the output is indicated below. Based on that data, the random forest
model's output shows that it had an accuracy of 0.99, correctly classifying 99.99 of the instances
in the dataset. The model correctly identified almost all instances of each class with producing a
small false positives and no false negatives, and this is also evidenced by the precision, recall, and
Fl-score for both classes (0 and 1) being the highest. The model's strong performance is also

supported by the fact that the macro-averaged and weighted-average F1-scores are both 0.99.

The accuracy is 0.99954

Classification Result:

precision recall f1-score support
0 0.99 1.00 0.99 64205
1 1.00 0.99 0.99 169395
accuracy 099 233600
macro avg 0.99 0.99 0.99 233600
weighted avg 0.99 0.99 0.99 233600

According to the confusion matrix analysis, the model correctly classified every single one of the
64,205 instances of class 0 (True Positive). The model classified 14 of the instances of class 1 as

class 0 (False Positive), while correctly classifying 169,381 of them (True Negative).
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technique

Experiment 2: Random Forest model with a balanced target (using Under-
sampling)

Ihe accuracy of the random forest output using balanced data by applying under-sampling
technique is slightly less than the accuracy of the random forest model with unlabeled data. This
suggests that even though accuracy is not as accurate as the first model, it still performs well in
predicting the class labels. The classification report shown in the table reveals that, although
slightly lower than the first model, the precision, recall, and f1-score for the minority class are still

very high as shown below.

The accuracy is ©.9910488013698631
classification result

precision recall fl-score support

0 0.97 .00 .98 64205

1 1.00 9.99 0.99 169395

accuracy 0.99 233600
macro avg 0.98 0.99 0.99 233600
weighted avg 0.99 0.99 0.99 233600

confussin matrix result
[[ 64205 9]
[ 2091 167304]]
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I'he confusion matrix also indicate that the model correctly identified all instances of the minority
class and incorrectly identified some instances of the majority which is the defaulters. Overall, the
model, which was trained using the under-sampling technique, is accurate and performs well when
predicting the minority and majority class.

Experiment 3: Random Forest model with a balanced target data (using
oversampling)

The third model is a random forest classifier is also experimented after applying model over-
sampling method to handle the unbalanced data. The model result shown below table correctly
predicted 99.99 percent of the instances in the test set, giving it an accuracy of 0.9999 which is

similar to the first experiment of the random forest model using imbalanced data.

The accuracy is 0.99993

Classification Result:

precision recall fl-score support
0 0.99 1.00 0.99 64205
1 1.00 1.00 1.00 169395
accuracy 0.99 233600
macro avg 0.99 1.00 0.99 233600
weightedavg  0.99 0.99 0.99 233600
Confusion Matrix Result:
[[64205 0]
[ 15169380]]

The classification outcomes demonstrate that precision and recall for both classes (0 and 1) are
high, demonstrating that the model correctly identified every instance of both classes. The model's
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precision and recall are perfect for both classes, as shown by the fact that the f1-score for class 0
is 0.99 and class 1 is 1.00.

lo conclude based on the result of the three experiments, using unbalanced data, the first
experiment produced a highly accurate model that correctly identified almost every instance of
both classes. The accuracy was slightly lower in the second experiment, which balanced the target
class using under-sampled data, but it still performed well in predicting class labels. A highly
accurate model similar to the first experiment, with perfect precision and recall for both classes
was produced in the third experiment by using over-sampling to balance the target class. Overall,
these experiment show both before applying class balance technique and after applying over-
sampled technique has a similar and slightly higher accuracy than the under-sampled model
experiment.

4.4.2 Logistic Regression:
A logistic regression model is also implemented using the same dataset used in the random forest

algorithm. Modeling with the original unbalanced data, under-sampled data, and over-sampled

data were all tested using logistic regression also. Following is a presentation of the findings from

each experiment.

Experiment 4: Logistic Regression model before applying class balance technique
The results of the logistic regression model indicate that the model performed fine, though slightly

less accurate than the previous random forest model. The model correctly classified about 93.9%
of instances, according to the reported accuracy of 0.939. The classification report offers details

on each class's precision, recall, and F1-score (0 and 1).

The precision for Class 0 (non-defaulters) is 0.88, meaning that 88 percent of instances that were
predicted to be in Class 0 were correctly identified. The recall is 0.91, indicating that 91% of all
instances were correctly classified as Class 0 by the model. The harmonic mean of recall and

precision, or the F1-score, is 0.89 for Class 0.
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THe accuracy is ©.939486301369863
classification result

precision recall fl-score support

e 0.88 9.91 .89 64205

1 9.96 9.95 0.96 169395

accuracy 0.94 233600
macro avg 0.92 0.93 .92 233600
weighted avg 9.94 0.94 0.94 233600

A precision of 0.96 for Class 1 indicates that 96 percent of instances predicted as Class |
(defaulters) were correctly classified by the model. The recall is 0.95, indicating that the model
correctly classified Class 1 for 95% of all instances.

The model's performance for each class is thoroughly broken down in the confusion matrix. A
total of 58,290 instances for Class 0 (Non-defaulters) were correctly predicted by the model, but
5.915 instances were incorrectly assigned to Class 1 (false negatives). While the model correctly

identified 161,174 instances of Class 1 as true Negatives, it incorrectly labeled 8,221 instances as
Class 0 (false positives).

In conclusion, the logistic regression model has a good accuracy as the random forest model did
but with a marginally lower level of accuracy of random forest. For both classes, it displays a
respectably high F1-score, recall, and precision, indicating efficient classification abilities. The
number of incorrect classifications is higher than with the random forest model, with false

negatives for Class 0 and false positives for Class | being the most common.

The plot of the confusion matrix below displays how many of the model's predictions were right
and wrong when compared to the test set's actual results. The result of this confusion matrix can
be used to calculate metrics such as accuracy, precision, recall, and F1 score, which are described

above that are used to evaluate the performance of a classification model.
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Experiment 5: Logistic Regression model with a balanced target (using under-
sampling)

I'he outcome of the logistic regression model after using under-sampling strategies to balance the

classes suggests that the model performs significantly better than the prior logistic regression

model. According to the model's increased accuracy, instances were correctly classified in 98.28

percent of cases as shown below.

The accuracy is ©.9827953767123287
classification result

precision recall fl-score support

5} 0.94 1.00 0.97 64205

1 1.00 9.98 0.99 169395

accuracy 0.9¢ 233600
macro avg .97 0.99 0.98 233600
weighted avg 0.98 0.98 0.98 233600

confussin matrix result
[[ 64201 ]

r
|

[ 4015 165380]]

I'he classification report provides that, the precision for non-defaulters (Class 0) 1s 0.94, meaning

that Q49 1

4% of instances that were predicted to be in Class 0 were correctly identified. The model



correctly identified all instances that truly belong to Class 0 with a recall of 1.00. The harmonic
mean of recall and precision is known as the Fl-score, and it is 0.97 for Class 0. These metrics

show exceptional performance in correctly classifying instances as Class 0,

The precision for Class 1 is 1.00, meaning that the model correctly identified Class 1 for 100% of
instances that were predicted to fall under this category. The recall is 0.98, indicating that the
model correctly identified 98 percent of all instances as Class | instances. A high degree of
accuracy in classifying instances with the F1-score of 0.99 for Class | indicates that it is a Class 1

classification.

Based on the result of the confusion matrix, only 4 instances of non-defaulters or Class 0 (false
negatives) were incorrectly classified as defaulters (Class 1) by the model, which correctly
predicted 64,201 instances of the class. The model correctly identified 165,380 instances of

defaulters (Class 1) and misclassified 4,015 instances as Class 0 (false positives) in Class 1.

In conclusion, the logistic regression model performs noticeably better than the prior logistic
regression model after balancing the classes using under-sampling techniques. It performs well in
terms of accuracy, recall, precision, and F1-score for both classes. The majority of instances in
both classes are correctly identified by the model, leading to a few misclassifications. These
findings indicate that under-sampling strategies can effectively address class imbalances and

improve the model's ability to classify data.

Experiment 6: Logistic Regression model with a balanced target data (Over-
sampling)
After balancing the classes using over-sampling techniques, the logistic regression model result

shows a significant improvement in performance over the prior logistic regression model without
applying any class balance techniques. The model's accuracy has increased indicating that roughly

97.97 percent of instances were correctly classified.
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The accuracy is ©.9796618150684931
classification result

precision recall fl-score support

2 0.93 1.00 0.96 64205

1 1.00 0.97 0.99 169395

accuracy .98 233600
macro avg 0.97 9.99 0.98 233600
weighted avg 0.98 .98 0.98 233600

confussin matrix result
[[ 64020 185]
[ 4566 164829]]

The Python output provides a classification report for each class (non-defaulters and defaulters),
in terms of precision, recall, and F1-score metrics in-depth. Accordingly, a precision of 0.93 for
Class 0 indicates that 93% of instances predicted to be in Class 0 were correctly identified. The
recall is 1.00, indicating that all instances that actually belong to Class 0 were recognized by the
model. For Class 0, the F1-score, which represents the harmonic mean of precision and recall, is
0.96. According to these metrics, instances that belong to Class 0 can be identified with a high
degree of accuracy. On the other hand, the precision for Class 1 is 1.00, meaning that the model
correctly identified Class 1 for 100% of instances that were predicted to fall under this category.
The recall is 0.97, indicating that the model correctly classified Class 1 in 97 percent of all

instances. The Fl-score for Class 1 is 0.99, which indicates excellent accuracy in classifying

instances.

The model's effectiveness for each class is thoroughly broken down in the confusion matrix. The
model classified 185 instances as Class | (false positives) while correctly predicting 64,020
instances for Class 0. The model correctly identified 164,829 instances for Class | and

misclassified 4,566 instances as Class 0 (false negatives).

In conclusion, the logistic regression model performs significantly better than the unbalanced
logistic regression model and slightly less than under-sampled method model after balancing the
classes using over-sampling techniques. For both classes, it achieves high accuracy and displays
excellent precision, recall, and F1 score. The majority of instances in both classes are correctly
identified by the model, leading to a few misclassifications. These findings show that class
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imbalances can be addressed and the model's ability to classify data is improved by over-sampling
techniques.

4.4.3 Naive Bayes classifiers

The original imbalanced data, the under-sampled data, and the over-sampled data were also used
in an experiment to create a model using Naive Bayes. The implemented naive bays classifier
model before applying any class balance technique using the training and test data has the

following result and each metrics are described below

Experiment 7: Naive Bayes classifiers model before applying class balance technique
The outcome of the Naive Bayes classifier model without the use of class balance techniques points

to amoderate level of success in classifying the data. According to the reported result of the model

output, 82.67% of instances were correctly classified.

THe accuracy is ©0.8266823630136987
classification result

precision recall fl-score support

0 .77 0.53 0.63 64205

1 0.84 0.94 0.89 169395

accuracy 0.83 233600
macro avg 0.80 0.73 0.76 233600
weighted avg 0.82 9.83 0.82 233600

When we describe the detail of the classification result for each class, the precision for non-
defaulter (Class 0) is 0.77, indicating that 77 percent of instances that were predicted to be in Class
0 were correctly identified. The recall is 0.53, showing that the model correctly classified Class 0
in 53% of all instances. The harmonic mean of recall and precision, known as the F1-score, is 0.63
for Class 0. According to these metrics, Class 0 instances are correctly identified with a relatively

lower rate of accuracy.

When we come to the second class which is the defaulters, the precision is 0.84, meaning that 84%
of instances that were predicted to be in Class 1 (defaulters) were correctly classified by the model.
The recall is 0.94, indicating that the model correctly identified 94% of all instances as being in
Class 1.
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¢ can see from the confus ) (

s¢ negatives) for Class 0, w 2 ¢ eC } C {
Class 1, the model correctly predicted 159.04 ce 18 instances a
Class 0 (false positives)

conclusion, the Naive Bayes classifie ¢l achieves a lerate level of pert Ce
classifying the data without the use of class balance tecl ¢ truggles 1o accurate lentif
nstances as Class 0 because of its relatively lower Class 0 precis ecall, and F1 score. Witl
high precision, recall, and F1-score, the model performs well in predicting instances that belong
to Class 1. Overall performance appears to be acceptable, but there is a chance for mprovement,
especially in correctly classifying instances that belong to Class 0. The confusion matrix plot is

given below in figure 15.
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Figure 15 : confusion matrix analysis of Naive Bayes classifier before applying class balance

chnique

Experiment 8: Naive Baves classifiers model with a balanced target (Under-
sampling)
['he Naive Bayes classifier experiment result bs ’

he under-sampling technique of class

tlance consists of PC”\‘HHJH\C metrics from a Naive Baves classifier model used on a dataset
After using under-sampling techniques to balance the classes, the Nave Baves classifier model
result suggests relatively lower performance in classifying the data. 68.23 I instances were
classified correctly, according to the reported accuracy of V.65
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The accuracy is 0.6822902397260274
classification result

precision recall fl-score support

0 0.39 0.27 .31 64205

1 .75 0.84 0.79 169395

accuracy 0.68 233600
macro avg 0.57 0.55 0.55 233600
weighted avg 0.65 0.68 0.66 233600

confussin matrix result
[[ 17018 47187]
[ 27030 142365]]

Based on the result, the precision for Class 0 is 0.39, meaning that only 39% of instances that were
predicted to be in Class 0 were correctly identified. The recall is 0.27, indicating that only 27% of
all instances were correctly classified as Class 0 by the model. The Fl-score for Class 0 is 0.31,
which is the harmonic mean of precision and recall. According to these metrics, Class 0 instances

are correctly identified with a relatively lower rate of accuracy.

For Class 1, the precision is 0.75, meaning that 75% of instances that were predicted to be in Class
I were correctly classified by the model. The recall is 0.84, indicating that the model correctly
identified 84% of all instances as Class 1 instances. A reasonable degree of accuracy in classifying

instances according to the F1-score for Class 1 is 0.79.

According to the confusion matrix result of the model output, for Class 0 (non-defaulters), the
model correctly predicted 17,018 instances while incorrectly classifying 47,187 instances as Class
I (false negative). The model correctly identified 142,365 instances for Class | and incorrectly

labeled 27,030 instances as Class 0 (false positives) in Class 1.

In conclusion, the Nave Bayes classifier model performs relatively worse at classifying the data
than the original model after using under-sampling techniques to balance the classes. It did not
correctly identify instances that belong to Class 0, as evidenced by its lower Class 0 precision,
recall, and F1 score. But the model predicts instances that belong to Class 1 with higher precision,
recall, and F1-score. The overall accuracy indicates limited success in accurately classifying the

data, especially in correctly classifying instances belonging to Class 0.
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Experiment 8: Naive Bayes classifiers model with a balanced target data (Over-
sampling)

I'his output is the result of a Naive Bayes classifier model that was trained on a dataset that had
the class distribution balanced using oversampling methods. After balancing the classes with
oversampling techniques, the Naive Bayes classifier model result accuracy is 68.1%.

The accuracy is ©0.6808818493150685
classification result

precision recall fl-score support

0 0.46 1.00 0.63 64205

1 1.00 9.56 0.72 169395

accuracy 0.68 233600
macro avg 0.73 0.78 0.68 233600
weighted avg 0.85 0.68 0.69 233600

confussin matrix result
[[64205 2]
[74546 94849]]

The classification report based on performance measure metrics like precision, recall, and F1-score
of each class (non-defaulter and defaulters) is described in detail as follows. For Class 0 (non-
defaulters), the precision is 0.46, meaning that out of all instances predicted to be in Class 0, 46%
were correctly classified. The recall of Class 0 is 1.00, indicating that all instances that actually
belong to Class 0 were recognized by the model. The harmonic mean of recall and precision, or
the F1-score, is 0.63 for Class 0. When classifying instances as Class 0, these metrics demonstrate

a good level of accuracy.

For Class 1, the precision is 1.00, meaning that 100% of instances predicted as Class 1 were
correctly classified by the model. The model correctly identified 56 percent of all instances as
being in Class 1 (recall), according to this estimate. The Class 1 Fl-score is 0.72, which indicates

a fair degree of accuracy in classifying instances.

The confusion matrix result shows that there were no false negatives in the model's predictions for
Class 0, which included all 64,205 instances. The model correctly identified 94,849 instances for
Class 1 and misclassified 74,546 instances as Class 0 (false positives) in that category.
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As a result of using over-sampling techniques to balance the classes. the Naive Bayes classifier
model performs inconsistently when classifying the data. It successfully identifies instances that
belong to Class 0 with a high degree of precision and recall. Lower recall and Fl-score. on the
other hand, show that the model is less successful at predicting instances that belong to Class 1.
The overall accuracy indicates a modest level of success in accurately classifying the data, but
there is still room for improvement, especially in correctly identifying instances that belong to
Class 1. To improve the model's performance, additional research and examination of alternative

class balance methods or model adjustments may be required.

In summary, the Naive Bayes classifier model was tested with different class balance techniques.
Without any techniques, the model achieved moderate performance but struggled to identify
instances in Class 0 due to lower precision, recall, and F1 score. Both Under-sampling techniques

and over-sampling techniques resulted in worse overall performance.

4.4.4 K-Nearest Neighbors
An experiment using K-Nearest Neighbors were conducted with, imbalanced data, under-sampled

balanced data and over-sampled balanced data. The results of all the tree experiment are discussed

as follows.

Experiment 10: K-Nearest Neighbors model before applying class balance
The KNN (K-Nearest Neighbors) model was applied first to an unbalanced dataset without the use

of any class-balancing techniques. The model's accuracy is 0.903, which shows that the model is

performing well in predicting the outcomes without balancing the dataset as shown below.

The accuracy is ©.9034417808219178
classification result

precision recall fl-score support

0 0.82 0.82 0.82 64205

1 9.93 0.93 0.93 169395

accuracy 0.90 233600
macro avg 0.88 0.88 .88 233600
weighted avg 0.90 0.990 0.99 233600

confussin matrix result
[[ 52908 11297]
[ 11259 158136]]
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We can see from the classification report that class 0 has a precision of 0.82, which indicates that
82 percent of the predicted instances of class 0 are accurate. The model can recognize 82 percent
of the instances of class 0 in the dataset, as indicated by the fact that the recall for class 0 is also

0.82. The harmonic mean of recall and precision yields 0.82 as the f1-score for class 0.

For the case of class 1, the precision for class 1, which is 0.93, indicates that 93 percent of the
predicted instances of class 1 are accurate. The model can recognize 93 percent of the instances of

class 1 in the dataset, as indicated by the recall for class 1 is 0.93. The model is doing very well at

predicting class 1 based on the f1-score of 0.93 for class 1.

The confusion matrix demonstrates that the model predicts both classes quite well. It accurately
predicts 158136 instances of class 1 and 52908 instances of class 0, respectively. On the other

hand, it predicts 11259 instances of class 0 as class 1 and 11297 instances of class 1 as class 0,

both incorrectly.

In conclusion, the KNN model works remarkably well at predicting the results when used on an
unbalanced dataset. It is capable of correctly classifying instances into each of the two classes
because it has high precision and recalls for each class. The model predicts correctly on the
provided dataset without using any class balancing techniques, as shown by its overall accuracy

0f 0.903, which shows its effectiveness.

Experiment 11: K-Nearest Neighbors model applying class balance (Under-
sampling)
An under-sampled dataset that has been balanced using the KNN (K-Nearest Neighbors) model

has been also used. After balancing the dataset using under-sampling, the model's accuracy is
0.732, indicating that it performs moderately well but drastically decreased when compared to the
previous model KNN.
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The accuracy is ©.7316909246575343
classification result

precision recall fl-score support

%} .51 .95 0.66 64205

1 0.97 0.65 0.78 169395

accuracy 0.73 233600
macro avg 0.74 0.80 0.72 233600
weighted avg 9.84 0.73 0.75 233600

confussin matrix result
[[ 60775 3430]
[ 59247 110148]]

According to the classification report, class 0 has a precision of 0.51, meaning that 51 percent of
the predicted instances of this class are in fact true. Since the model can recognize 95% of the
instances of class 0 in the dataset, class 0 has a recall of 0.95. The precision for class 1 is 0.97,
which indicates that 97 percent of the instances of class 1 that are predicted are actually true. The
model can recognize 65 percent of the instances of class 1 in the dataset, as indicated by the recall
for class 1 which is 0.65. Since the model is successful in predicting class 1 with an fl1-score of

0.78, this class is predicted well by the model.

The confusion matrix demonstrates that the model is somewhat predicting both classes. It
correctly predicts 60775 instances of class 0 and 110148 instances of class 1 data. However, it
predicts 3430 instances of class 1 as class 0 and 59247 instances of class 0 as class 1 incorrectly.
In conclusion, the KNN model is doing a fair job of predicting the results when applied to a dataset

that has been balanced using the under-sampling technique.

Experiment 12: K-Nearest Neighbors model applying class balance (Over-
sampling)
The KNN (K-Nearest Neighbors) model has been applied to a dataset that has been balanced using

the over-sampling technique. The model's accuracy is 0.899, which shows that it is successfully

forecasting the results after using over-sampling to balance the dataset.

69|Page



The accuracy is ©.8988356164383562
classification result

precision recall fl-score support

0 0.77 9.91 0.83 64205

1 0.96 0.90 0.93 169395

accuracy 0.90 233600
macro avg 0.86 0.90 0.88 233600
weighted avg 9.91 0.90 0.90 233600

confussin matrix result
[[ 58267 5938]
[ 17694 151701]]

We can see from the classification report that the precision for non-defaulters (class 0) is 0.77,
which indicates that 77 percent of the predicted instances of class 0 are actually true. The recall
for class 0 is 0.91, which indicates that 91 percent of the instances of class 0 in the dataset can be
recognized by the model. As the harmonic mean of recall and precision, the f1-score for class 0 is
0.83. In the case of class 1, the precision is 0.96, which indicates that 96% of the instances of class
| that are predicted are in fact true. The recall for defaulters (class 1) is 0.90, indicating that 90%
of the instances of class 1 in the dataset can be recognized by the model. The model is doing very

well at predicting class 1 as evidenced by the f1-score of 0.93 for class 1.

The model's overall performance for both classes is represented by the 0.86 macro average of
precision, recall, and f1-score. The overall performance is strong, as evidenced by the weighted
average, which accounts for the class imbalance, of 0.91. The confusion matrix also demonstrates
that the model does a good job of predicting both classes. It correctly predicts 151701 instances of
class 1 and 58267 instances of class 0, respectively. It predicts 5938 instances of class | as class 0

and 17694 instances of class 0 as class | incorrectly.

The over-sampled model has the highest accuracy when compared to the results of the unbalanced
and under-sampled models. In conclusion, the KNN model applied to a dataset balanced using the
over-sampling technique is doing well in terms of outcome prediction. It can accurately classify
instances into their respective classes because it has high precision and recall for both classes. The
model successfully balances the dataset using over-sampling, as evidenced by its accuracy of
0.899, which demonstrates its efficacy.
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In summary, a KNN model was used in three experiments to evaluate how well it performed with
various class balance strategies. A high accuracy of 90% among all was displayed by the
unbalanced dataset. However, after under-sampling, the accuracy dropped to 0.732. An accuracy
of 0.899 after oversampling which is nearly similar to the first model of KNN, demonstrated that
forecasting with a balanced dataset was successful. The following table lists the results of the

supervised classification algorithms on various datasets (existing and newly added attributes) and

balancing methods applied.

Table 4: A summarized result of the experimental setup and Accuracy obtained

1 | Random Forest Before Applying class Balancing 0.999
2 | Random Forest Balanced Target Data (Under-sampling) 0.991
3 | Random Forest Balanced Target Data (Over-sampling) 0.999
4 | Logistic Regression Before Applying class Balancing 0.939
5 | Logistic Regression Balanced Target Data (Under-sampling) 0.982
6 | Logistic Regression Balanced Target Data (Over-sampling) 0.979
7 | Naive Bayes Before Applying class Balancing 0.826
8 | Naive Bayes Balanced Target Data (Under-sampling 0.682
9 | Naive Bayes Balanced Target Data (Over-sampling) 0.680
10 | KNN Before Applying class Balancing 0.903
11 | KNN Balanced Target Data (Under-sampling 0.731
L 12 [ KNN Balanced Target Data (Over-sampling) 0.898

Experiment 13: Performance Evaluation of Machine Learning Algorithms: Novel/New
Attributes versus Existing Attributes
The purpose of experimenting with the performance evaluation of machine learning algorithms in

terms of novel/new attributes versus existing attributes is to assess the impact and effectiveness of
incorporating new or additional features in the machine learning models. By comparing the
performance of algorithms using novel/new attributes (features that were not previously
considered or included) against algorithms using only existing attributes, researchers aim to
determine the potential improvements or insights that can be gained from these new attributes.
This experimentation helps in understanding whether the inclusion of novel attributes leads to
better predictive performance, higher accuracy, improved precision, recall, or Fl-score, among

other metrics. It also allows us to identify the strengths and weaknesses of different algorithms
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when trained on these different attribute sets.in consideration with this the result of the experiment

is summarized in the Table 5 below.

Table 5: Performance Comparison of Algorithms Using Novel/New Attributes versus Existing
Attributes

98.40% class 0 0.95 0.99 0.97

Dataset with new Random Forest class 1 1.00 0.98 0.99
attributes distinct from - . o4.70% |(cem@ 1O Lo L
| Logistic Regression class | 0.96 0.96 0.96
| previous study caan |claN0 0.47 100 | 0.64
Naive Bayes 7 [ class 1 1.00 0.57 0.72

97.3% | class 0 0.93 0.97 0.95

KNN class 1 0.99 0.97 0.98

class 0 0.41 0.27 0.32

' Dataset consisting only of | Random Forest 69.2% | class | 0.75 0.85 0.80
[l : class 0 0.25 0.00 0.00
} cxlsl.mg ol i Logistic Regression 72.5% | class | 0.73 1.00 0.84
' previous study 72% | class 0 0.29 0.01 0.03
Naive Bayes class | 0.73 0.99 0.84

70.3% | class 0 0.45 0.35 0.40

KNN class | 0.77 0.84 0.80

Experiment 14: Performance Evaluation of Machine Learning Algorithms before and after
removing attributes that were utilized in creating the class labels.
The purpose of experimenting with the performance evaluation of machine learning algorithms

before and after removing attributes used in creating the class labels is to assess the impact of
attribute removal on the predictive power and performance of the models. By removing attributes
that were utilized in creating the class labels, researchers can determine whether these attributes
are redundant or unnecessary for the predictive task at hand. This experimentation helps in
understanding the importance and contribution of specific attributes in the classification process.
The primary goal is to evaluate how the removal of these attributes affects the performance metrics
of the machine learning algorithms. By comparing the performance before and after attribute
removal. researchers can determine if the removal improves the accuracy, precision, recall, F1-

score, or other evaluation measures
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Table 6: Performance Evaluation of Machine Learning Algorithms Before and After Attribute

Removal

99.9% class 0 0.99 1.00 0.99
Random Forest class 1 1.00 0.99 0.99
class 0 0.88 0.91 0.89
- . i . ! 93.9%
Before Removing the Logistic Regression class | 0.96 0.95 0.96
attributes g v, |class0 | 077 0.53 | 063
Naive Bayes =P [ class 1 0.84 094 | 089
90.3.3% | class 0 0.82 0.82 0.82
KNN class | 0.93 0.93 0.93
‘ 80.4% |class0 0.65 0.63 0.64
i Random Forest class 1 0.86 0.87 0.87
E class 0 0.65 0.32 0.43
' After Removing the Logistic Regression 76.4% | class | 0.78 0.93 0.85
attributes 68.7% |classO  [047 0.91 0.62
| Naive Bayes class | 0.95 0.60 0.74
. 75.3% | class 0 0.55 0.52 0.54
\ KNN class 1 0.82 0.84 |0.83

4.5 Discussion of the result
The discussion section aims to provide a comprehensive analysis of the findings presented in the

study regarding airtime credit risk prediction. The research questions of attribute suitability,

suitable machine learning algorithms, and model performance are addressed. Furthermore, this

discussion section critically evaluates the study's contributions and provides insights into the

advancements made in comparison to previous works.

This study aimed to build a machine learning model that can predict airtime credit risk in ethio

telecom by evaluating the performance of various machine learning algorithms. Specifically, the

study assessed the accuracy, precision, recall, F1-score, and other metrics of Naive Bayes, Random

Forest, Logistic Regression, and KNN, four supervised classification algorithms. To conduct the

analysis, the study utilized an ethio telecom dataset comprising loan information, customer usage

data, customer profile data, and recharge data.
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The initial unbalanced dataset served as the basis for analysis in the first stage of the experiment,
allowing to establish a baseline and identify any potential bias. Subsequently, the algorithms were

re-evaluated in the second phase by employing under- and over-sampling techniques to produce
balanced datasets.

The findings revealed significant variations in the performance of different algorithms and data
balancing strategies. Based on their performance using both balanced and unbalanced datasets, the

Random Forest algorithm stood out as the top performer among logistic regression, Naive Bayes,
and KNN.

The Random Forest model exhibited exceptional accuracy, precision, recall, and Fl scores. With
an accuracy of 99.9%, it showcased robust performance for both classes, misclassifying only 15
instances of the positive class according to the confusion matrix. Even after applying under-
sampling to balance the target data, the Random Forest model maintained an accuracy of 0.99,
demonstrating high precision, recall, and F1 scores for both classes. However, there was a higher
number of misclassifications for the negative class, totaling 2,091 instances. Over-sampling was

also effective, resulting in an accuracy of 0.99 with only 15 instances of misclassification for the

negative class.

Logistic Regression also yielded promising results, with an accuracy of 94% before applying any
class balance techniques. Both classes demonstrated relatively high precision, recall, and F1
scores. However. 5.915 instances of the positive class and 8,221 instances of the negative class
were misclassified according to the confusion matrix. The accuracy improved to 0.9828 after
applying under-sampling to balance the target data, leading to a significant reduction in
misclassifications. Similarly, oversampling enhanced the accuracy o 0.9797, with high precision,
recall, and F1 scores for both classes. However, the confusion matrix indicated 4,566 instances of

the negative class and 185 instances of the positive class that were misclassified.

The Naive Bayes classifier exhibited an accuracy of 0.8267 before employing any class balance
methods. Although the precision, recall, and F1 scores were relatively high for the positive class,
they were lower for the negative class. The confusion matrix revealed a considerable number of
misclassifications for both classes. Applying under-sampling led to a drop in accuracy to 68.2%,
accompanied by lower precision, recall, and F1 scores for both classes. Similarly, oversampling

resulted in an accuracy of 68%., with higher precision, recall, and F1 scores for the negative class

74|Page



but not for the positive class. These results indicate that Naive Bayes may not be the optimal

solution for airtime credit risk prediction, as both under-sampling and oversampling techniques
led to decreased performance.

K-Nearest Neighbors (KNN) achieved an accuracy of 90.3% without applying any class balance
techniques. The F1 score, recall, and precision were relatively high for both classes. However, a
significant number of misclassifications for both classes were evident in the confusion matrix.
Under-sampling resulted in a decline in accuracy to 73%, accompanied by lower precision, recall,
and F1 scores for both classes. Conversely, over-sampling improved the accuracy to 89.8%, with

high F1 scores, recall, and precision for both classes. Compared to the original model, the

confusion matrix revealed fewer misclassifications.

In comparison to other models, Naive Bayes demonstrated lower performance. The findings
suggest that Naive Bayes may not be the best solution for airtime credit risk prediction due to the
decreased performance observed with both under-sampling and oversampling techniques. On the
other hand, K-Nearest Neighbors showed moderate to high performance depending on the class
balance technique employed. Oversampling improved model accuracy and reduced

misclassifications, while under-sampling led to decreased performance.

In addition to evaluating different attributes, the study experiment also aimed to assess the
performance of machine learning algorithms using various dataset attributes. Specifically, the
study compared the performance of novel/new attributes with existing attributes previously
utilized by other researchers. Table 7 presents the evaluation metrics for four algorithms applied

to both the new and existing attribute sets.

For the new attributes. Random Forest achieved the highest accuracy of 98.40%. It exhibited
excellent precision and recall for both class 0 and class 1. Logistic Regression also performed well,
achieving an accuracy of 94.70% with balanced precision, recall, and F1 scores. On the other hand,
Naive Bayes yielded a lower accuracy of 68.4% and demonstrated higher precision for class 1 but
comparatively poorer performance in other metrics. KNN achieved an accuracy of 97.3% and

demonstrated good precision and recall for both classes.

In contrast. when considering the existing attributes, the algorithms experienced a decline in

performance compared to the new attributes. Logistic Regression achieved an accuracy of 712.5%
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but exhibited low precision and recall values for class 0. Similarly, Naive Bayes and KNN
demonstrated reduced accuracy and inadequate precision and recall scores for class 0.

In Table 7, the experiment present the comparison results of the four algorithms with a combination
of novel and previous attributes before and after the removal of certain attributes
(INIT LOAN_AMT and 'REPAY_AMT") used in creating class labels.

Before attribute removal, Random Forest achieved an impressive accuracy of 99.9% for
classifying both classes, displaying high precision and recall values. Logistic Regression
maintained an accuracy of 94.70%, with slightly lower precision and recall for class 0 compared
1o the initial results. Naive Bayes exhibited consistent accuracy of 68.4% but displayed improved
precision for class 0 after attribute removal. KNN maintained a similar accuracy of 97.3% and
consistent precision and recall values for both classes. After attribute removal, Random Forest
retained a high accuracy of 80.4%. However, Logistic Regression and Naive Bayes showed a slight

decline in accuracy. KNN maintained its accuracy at 70.3% and displayed consistent precision and

recall values for both classes.

These results highlight the importance of attribute selection in machine learning algorithms. The
performance evaluation on new attributes demonstrated superior results compared to the existing
attributes. Attribute removal had varying effects on the algorithms, with Random Forest showing
robust performance regardless of attribute changes. In contrast, Logistic Regression and Naive

Bayes experienced minor fluctuations in accuracy after attribute removal, while KNN maintained

consistency.

In general in the conducted experiment, it was observed that the utilization of new attributes led to
improved airtime credit prediction compared to the previously used attributes. Additionally, the
combination of both new and previously used attributes further enhanced the performance of the
prediction model. These findings suggest that incorporating new attributes and leveraging the
existing ones together can significantly boost the accuracy and reliability of airtime credit

prediction models.
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It has been found through deep examination and testing that the random forest algorithm performs
remarkably well in this study. Once random forest algorithm is selected based on its performance,
the rescarcher attempts to learn more about the algorithm's inner workings by ranking the
significance of the features it makes use of. Feature importance refers to a measure of the

individual contribution of the corresponding feature for a particular classifier(58).

We were able to determine the relative importance of each feature in terms of how it affected the
algorithm's ability to predict outcomes through this procedure. We were also able to determine the
main factors and develop a deeper knowledge of the underlying patterns and relationships in the
dataset by giving importance scores to the features. This research helps with feature selection by
guiding us toward the most important variables and offers insightful information about how the
random forest method operates. In this study, features are ranked using the “feature_importances”
function from the Python sklearn package to identify the components that contributed to model

performance. Figure 16 shows feature importance ranking of the attributes.

Feature Importance
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Figure 17: Feature importance of the selected algorithm

The uniqueness of the variables used in this research compared to previous studies lies in their
ability to effectively predict airtime credit risk. The identified top features, namely REPAY_AMT,
LATE_PAY_FEE, INIT LOAN_AMT, REPAY_POUNDAGE, OPER _TYPE L,
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OPER_TYPE_R, and OPER_TYPE_T, demonstrate their significance in accurately assessing the
credit risk of airtime users. These attributes were specifically selected and assessed in this study,
distinguishing the research from previous works. In general, the study introduces a set of unique
attributes that have not been extensively studied in previous works on airtime credit risk prediction.
The study advances the existing knowledge by confirming the significance of these attributes and
achieving superior predictive performance. The inclusion of these unique variables enhances the
understanding and applicability of airtime credit risk prediction models, contributing to the field

and providing valuable insights for telecom service providers, including ethio telecom.

While ethio telecom solely relies on the "REPAY_AMT" attribute for its credit risk prediction, the
research highlights the importance of considering additional factors as described above. These
supplementary indicators provide valuable insights into the likelihood of default. By incorporating
these variables into the credit risk prediction model, ethio telecom can enhance the accuracy and
effectiveness of its assessments. The research findings emphasize the need to broaden the scope
of attributes considered in credit risk prediction, as relying solely on a single attribute may
overlook crucial information that could significantly impact the prediction outcomes. Therefore,
incorporating multiple indicators, including "REPAY AMT" and other identified attributes, would

lead to more comprehensive and robust credit risk prediction models for ethio telecom.

In conclusion. this study experiment not only evaluated different machine learning algorithms but
also the suitable attributes for airtime credit risk prediction. The experiment also compared the
performance of machine learning algorithms using novel and existing attribute sets. The results
underscore the significance of attribute selection in achieving accurate predictions. The Random
Forest algorithm emerged as the top performer in terms of accuracy and precision, demonstrating
its effectiveness in identifying clients at risk of defaulting on their airtime credit. Furthermore, the
findings suggest that the proposed model outperforms existing models, highlighting its

contribution to the field of airtime credit risk prediction.
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CHAPTER FIVE

5. CONCLUSION AND FUTURE RECOMMENDATION
5.1 CONCLUSION

In conclusion, this research focused on the development of a machine learning model for airtime
credit risk prediction in ethio telecom. The study aimed to assess the suitability of different

algorithms, identify key attributes for prediction, and evaluate the performance of the models.

The findings of this research highlight the efficacy of machine leaming models in accurately
predicting airtime credit risk. In the study, machine learning algorithms, namely Random Forest,
Logistic Regression, Naive Bayes, and K-Nearest Neighbors, show varying degrees of
effectiveness in predicting airtime credit risk. Among these algorithms, Random Forest emerged
as the most robust and accurate model, exhibiting high precision, recall, and F1 scores for both
classes. The performance of Logistic Regression and K-Nearest Neighbors was also noteworthy,
although they exhibited some limitations in terms of precision and recall for specific classes. Naive

Bayes. on the other hand, demonstrated lower overall accuracy and decreased performance when

using class balance techniques.

One of the significant contributions of this research is the identification of key attributes for airtime
credit risk prediction. By incorporating many variables or attributes from customer profiles data,
customer’s usage patterns data, customers loan histories data, and customers recharge behavior,
the models developed in this study demonstrated a high degree of predictive accuracy. The
distinctive aspect of the variables employed in this research, in contrast to previous studies, is their

remarkable predictive capability in assessing airtime credit risk.

The research also compared the performance of novel attributes with existing ones. The evaluation
metrics showed that the models built using new attributes achieved higher accuracy rates compared
to those using existing attributes. This highlights the importance of carefully selecting and
incorporating relevant attributes in machine learning algorithms to enhance prediction

performance.
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However, it is essential to acknowledge certain limitations of this research. One limitation is the
reliance on a limited dataset provided by ethio telecom, covering only three months of data. This

timeframe may not capture the complete range of credit risk factors and could potentially limit the
generalizability of the models.

In conclusion, the findings of this research contribute to the field of airtime credit risk prediction
by demonstrating the efficacy of machine learning algorithms and identifying key attributes for
accurate prediction. The models developed in this study offer valuable insights for ethio telecom

and other telecom service providers in effectively managing credit risks associated with airtime
usage.

5.2 Recommendations
This research results provide domain experts in the telecom industry with valuable insights and

tools to improve their airtime credit risk management. The predictive models, attribute
significance, and performance metrics obtained from our study enable domain experts 10 assess
risks. make informed decisions, develop early warning systems, segment customers, and optimize
collection strategies effectively. By leveraging this research findings, domain experts can enhance

their credit risk management practices, minimize defaults, and improve financial performance

The following suggestions are proposed based on the airtime credit risk prediction using machine

learning conducted in this study.

¢ Implement machine learning models: This method performed remarkably well in
predicting the risk of airtime credit. Therefore, it is advised to add a machine learning
model as a credit risk management system to be used by ethio telecom. Ethio telecom can
improve its risk assessment capabilities and make better decisions about credit extension
by utilizing the strengths of machine learning models, such as its capacity to handle
complex data and provide accurate predictions.

e Update and improve the predictive model frequently: As consumer behavior and market
dynamics change over time, it is crucial to routinely update and improve the predictive
model. This can be accomplished by adding fresh data sources, identifying new patterns,
and optimizing the machine learning algorithms. ethio telecom can guarantee the
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effectiveness and relevance of its airtime credit risk prediction system by staying up to date
with the most recent information and continuously improving the model.

Monitor model performance and carry out periodic evaluations: It's crucial to regularly
evaluate the predictive model's performance. This involves evaluating the model's
accuracy, precision, recall, and F1 scores as well as contrasting the predictions with actual
instances of credit default. In order to maintain the model's effectiveness and reliability in

predicting airtime credit risk, regular evaluations help identify any potential flaws or areas
for improvement.

5.3 Future works

Even though this study's use of machine learning to predict airtime credit risk, there are still many

ways to explore and advance this areas. Future work can be thought about in the following areas:

+ Exploration of advanced machine learning methods: Although this study used well-known
machine learning algorithms like Random Forest, Logistic Regression, Naive Bayes, and
K-Nearest Neighbors, there are many advanced algorithms available that can uncover new
insight that were not captured by the algorithm used. Future studies might examine how
well other algorithms, like gradient boosting, support vector machines, or deep learning
models like neural networks, perform. Comparing how well these algorithms predict
airtime credit risk can reveal new information and possibly result in models that are more

reliable and accurate.
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APPENDICES

Appendix 1 Random Forest Algorithm Implementation Sample
Code"

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import accuracy_score, confusion matrix, classification report
rc=RandomForestClassifier()

rcsrc. fit(X_train,y_train)

p=rc.predict(X_test)

print(“The accuracy is “, accuracy_score(y_test,p))
print(“classification result™)
print(classification_report(y_test, p))
print(“confussin matrix result™)
print(confusion_matrix(y_test, p))

Appendix 2 Screenshot of Logistic Regression Algorithm
Implementation Sample Code"

from sklearn.linear_model import LogisticRegression

from sklearn.metrics import accuracy score, confusion_matrix, classification_report
logr = LogisticRegression()

logr= logr.fit(X_train,y_train)

pl=logr.predict(X_test)

print(“THe accuracy is ", accuracy_score(y_test,pl))

print(“classification result™)

print(classification_report(y_test, pl))

print(“confussin matrix result™)

print(confusion_matrix(y_test, pl))
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Appendix 3 Screenshot of Naive Bayes Classifier algorithm
Implementation Sample code

2 troin o Goussion Noive Boyes clossifier on the troining set
from sklearn.naive_bayes import GaussianNg

from sklearn.metrics import accuracy_score, confusion matrix, classification report
# instontiaote the model

gnb = GaussianhB()

2 fit the model

gnb. fit(X_train, y_train)

p22=gnb.predict(X_test)

print("THe accuracy is ", accuracy_score(y_test,p22))
print(“classification result™)
print(classification_report(y_test, p22))
print(“confussin matrix result™)
print(confusion_matrix(y_test, p22))

Appendix 4 Screenshot of K nearest Neighbor Algorithm
Implementation Sample code

from sklearn.neighbors import KNeighborsClassifier
classifier = KNeighborsClassifier(n_neighbors = 3)
classifier. fit(X_train, y_train)

y_pred = classifier.predict(X_test)

print("The accuracy is “, accuracy_score(y_test,y pred ))
print(“classification result™)
print(classification_report(y_test, y_pred ))
print(“confussin matrix result™)
print(confusion_matrix(y_test,y_pred ))
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Appendix 5 Screenshot of a code for implementation of Feature
Selection with highly correlated feature removal function

def correlation(dataset, threshold):
col_corr = set() # Set of oll the names of correlated columns
corr_matrix = dataset.corr()
for i in range(len(corr_matrix.columns)):
for j in range(i):
if (corr_matrix.iloc[i, j]) > threshold:

colname = corr_matrix.columns(i] # getting the name of column
col_corr.add(colname)
return col_corr

corr_features = correlation(X_train, 2.7)

Appendix 6
Screenshot of a code for Feature Importance Analysis of the
selected Model.

import matplotlib.pyplot as plt

# Get feature importonces from the troined rondam forest model
importances = rc.feature_importances_

2 Get the indices of feotures sorted by importonce in descending order
sorted_indices = np.argsort(importances)[::-1]

2 Get the names of the sorted features
sorted_feature_names = [feature_names[i] for i in sorted_indices]

2 Plot the feature importaonces

plt. figure(figsize=(12, 6))

plt.bar(range(len(importances)), importances([sorted_indices])
plt.xticks(range(len(importances)), sorted_feature_names, rotation='vertical’)
plt.xlabel( ‘Feature')

plt.ylabel( ‘Importance’)

plt.title( ‘Feature Importance’)

plt.tight_layout()

plt.show()
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Appendix 7 Sample Data Used in the analysis
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Appendix 8 Sample description of the Attributes/features
SERVICE NUMBER Numeric identity used to uniquely identify a subscriber
CUST_TYPE_NAME String _ Individusl or Enteeprise
NET BUSI_TYPE_NAME String Network type (LTE,WCDMA)
The status of service number(Active, Idle,
STATUS NAME String Barring, Predeactivated, Suspend)
CUST AGE Numeric The age of the customers
GENDER NAME String Gender name (Male or Female)
EDUCATION NAME String This shows academic rank of the user
OPER TYPE String It can be by transfer or recharge.
LOAN BALANCE TYPE Numeric This simple a code given (o losn data
INIT LOAN AMT Numeric Initially a customer takes the loan amount
Initial specific fee or charge related to loans or
INIT LOAN POUNDAGE Numeric borrowing money
specific fee or charge related to loans or
LOAN POUNDAGE Numeric borrowing money
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