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Abstract

The research inspects the application of machine learning approaches to fore-
casting customer attrition in telecommunication companies. Machine learn-
ing models such as extreme gradient boosting, random forest, k-nearest neigh-
bour, adaptive boosting, support vector machine, and logistic regression were
used to forecast and compared the best model and analysed churn behaviour.
Cross-validation techniques were applied to enhance model performance, re-
vealing critical predictors of churn such as contract length, customer tenure,
and service usage patterns. The results emphasised the effectiveness of ma-
chine learning in accurately identifying potential churners. Furthermore, the
study emphasises the importance of leveraging predictive analytics to proac-
tively address customer attrition, enabling telecommunication companies to
devise targeted retention strategies and enhance customer satisfaction and loy-

alty.
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Chapter 1

Introduction

1.1 Introduction

Customer attrition is the occurrence of clients discontinuing their services with
a telecommunications company; it is a pervasive and pressing challenge in the
telecommunications market (Tanui, 2008). In 2019, it was reported that the
telecommunications sector experienced an approximate 35% annual churn rate
globally (King and Rice, 2019). Furthermore, it was mentioned that recruiting
new clients costs 5 to 10 times more than retaining the existing ones (King and

Rice, 2019).

The complex and competitive nature of this sector makes retaining customers
of paramount importance. Customer churn can have profound implications
for telecommunications companies, leading to significant revenue losses and

hampering long-term sustainability (Tanui, 2008).
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Understanding the factors that influence churn, as well as developing effective
strategies to predict and mitigate it, has become a central focus of research
within the industry (Beeharry and Fokone, 2022). This research shed light
on the intricate dynamics of customer churn within telecommunication compa-
nies, examining its root causes and offering insights into predictive models and

strategies for proactively reducing churn rates.

Since technology evolves and competition intensifies, telecommunications com-
panies face a dynamic environment where customer expectations constantly
evolve. In this context, providing superior customer service and tailoring of-
ferings to individual customer needs is critical for retaining a loyal customer
base (Beeharry and Fokone, 2022). Consequently, this study seeks to explore
the multifaceted aspects of client attrition, examining the role of customer sat-
isfaction, service quality, pricing strategies, and other factors that influence
customer decisions. By gaining a deeper understanding of these variables,
telecommunication companies will be able to develop more effective strategies
for client attrition and bolster their competitive edge in the marketplace (Fujo

et al., 2022).

Furthermore, utilising advanced analytics and predictive models has emerged
as a vital tool for telecommunications companies in identifying at-risk cus-
tomers (Fujo et al., 2022). This research also delves into predictive analytics
and machine learning (ML) approaches to forecast customer churn, providing
companies with valuable insights to address issues before they lead to actual
churn. By aligning their strategies with data-driven predictions, telecommu-
nication companies can work toward reducing customer attrition and fostering
long-lasting customer relationships. In summary, this work endeavors to out-
line a holistic view of client attrition within the telecommunications sector and
equip companies with knowledge and tools to address this pervasive challenge

effectively (F'ujo et al., 2022).
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1.2 Background

According to Edwine et al. (2022), the telecommunications industry experi-
enced an average annual churn rate ranging from 15% to 22%. However, it
was further stated that in the African market, approximately 80% of the rev-
enue came from the top 20% of customers, making it crucial to reduce churn

among high-value customers.

However, advancements in ML and artificial intelligence (AI) have recently
showcased opportunities for effectively forecasting customer churn (Patil et al.,
2022). This trend is driven by several factors, including the increasing compe-
tition among telecommunications companies, technological advancements, and
changing consumer preferences (Patil et al., 2022). The ramifications of cus-
tomer churn are profound, as it leads to substantial revenue losses, threatens
market share, and disrupts the industry’s dynamics. In response to these chal-
lenges, there is a need for further research to solve the underlying causes of
customer churn and develop effective strategies for retention (Srinivasan et al.,

2023).

A critical aspect of the customer churn puzzle lies in understanding the driving
forces behind this behavior. Factors such as service quality, pricing, customer
service, and network coverage are pivotal in influencing customer decisions
to stay or switch. (Srinivasan et al., 2023). Moreover, as customer expecta-
tions evolve, telecommunications companies must adapt swiftly to meet these
changing demands. In light of this, the industry is progressively employing ML
and data analytics techniques to predict client attrition, allowing companies to
preemptively address customer dissatisfaction and take corrective actions to

mitigate churn (Srinivasan et al., 2023).

Telecommunication companies have recognised the urgency of proactively ad-

dressing customer churn by improving customer experiences, enhancing the
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quality of their services, and personalising offerings to cater to individual cus-
tomer needs (Liu et al., 2022). This background research underscores the sig-
nificance of investigating customer churn within the telecommunications sec-
tor, not only to fathom its root causes but also to unlock potential solutions by
predicting customers who are likely to churn and identifying factors that influ-
ence customers to churn. The findings revealed from this work serve as a foun-
dation for the development of strategies and predictive models that empower
telecommunication companies to minimise customer churn, foster lasting cus-
tomer relationships, and thrive in an increasingly competitive landscape (Liu

et al., 2022).

1.3 Problem statement

Customer churn, which refers to clients who are likely to voluntarily discon-
tinue their services, is very high in the telecommunications industry, with a
rate ranging from 20% to 40% per year in South Africa (Huang and Kechadi,
2013). A high customer churn rate is problematic as it results in huge associ-
ated revenue losses. Reducing high revenue losses will require companies to

understand the customer characteristics that churn and why they churn.

Reasons for churning have been investigated and are varied. They include,
among others, leaving a company due to: (1) customer service and support sys-
tem dissatisfaction (Rajamohamed and Manokaran, 2018); (2) life events such
as moving to a new place, changing their financial condition, or going through
personal changes (Huigevoort and Dijkman, 2015); and (3) high prices or unan-
ticipated price rises. (Keramati et al., 2016). The characteristics of customers
that churn are: (1) new clients who lack familiarity with the company’s goods
and services (Xiahou and Harada, 2022); (2) low-engagement customers who
seldom use the product or service (Saran Kumar and Chandrakala, 2016); (3)

young adults; and (4) low-income earners (Umayaparvathi and Iyakutti, 2016).
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Understanding the characteristics and reasons for customer churn can help in
predicting customers who are likely to churn. Such predictions are useful to
companies that want to develop strategies that retain customers and improve
customer satisfaction. This study intends to use customer churn models to

predict client attrition in the telecommunications sector.

1.4 Rationale

Customer attrition prediction is a crucial challenge for telecommunication com-
panies. By accurately identifying clients who are likely to turnover, industries
should take effective steps to retain them and prevent the loss of valuable cus-
tomers to their competitors. (Jain et al., 2020). Predictive analytics techniques

can be employed to forecast churn behavior based on historical customer data.

Researching to identify potential customers likely to churn is crucial because,
according to (Wagh et al., 2024), customer churn leads to significant revenue
loss for telecommunication companies, and acquiring new customers is often
more costly than retaining existing ones. Wagh et al. (2024) further men-
tioned that the telecommunication industry is highly competitive, and reduc-
ing churn can provide a competitive edge and improve market share. Maduna
et al. (2024) states that understanding why customers leave can help compa-
nies improve their services, leading to higher customer satisfaction and loyalty.
Additionally, (Amin et al., 2023) discovered that predictive models can help
tailor services and offers to individual customer needs, enhancing customer ex-
perience. Furthermore, predicting churn allows companies to take proactive
measures to retain customers, such as targeted marketing campaigns, loyalty

programs, and personalised customer service.

Different models can be applied for attrition prediction, including extreme gra-

dient boosting (xgboost), adaptive boosting (adaboost), support vector machines
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(SVM), logistic regression (LR), decision trees DT), neural networks, and ran-
dom forests (RF). The model selection relies on the specific requirements and
characteristics of the telecommunications company’s data. The churn predic-

tion model is studied using historical data where the churn outcome is known

The typical modeling approach splits the dataset into training and validation.
Algorithm performance is determined by metrics that include recall, precision,
accuracy, and the measure of test of accuracy in binary classification analysis
(F-score) (Saran Kumar and Chandrakala, 2016). After training and valida-
tion, the model becomes capable of forecasting churn for both new and existing
customers. By inputting relevant customer data into the model, telecommuni-
cation companies can obtain churn probability scores for each customer. These

scores help prioritise retention efforts and interventions.

However, telecommunications industries should create tailored retention strate-
gies that cater to the unique needs of clients at risk of leaving. This can include
personalised offers, discounts, improved customer service, loyalty programs, or

proactive outreach to resolve issues. (Saran Kumar and Chandrakala, 2016).

By effectively predicting customer churn, telecommunication companies can
allocate resources more efficiently, concentrate on retaining high-value clients,
and reduce customer acquisition costs (Saran Kumar and Chandrakala, 2016).
This study will utilise and deploy ML approaches to customer attrition using a

dataset in the telecommunications industry.

1.5 Aim and objectives

1.5.1 Aim

This study aims to utilise ML techniques such as xgboost, adaboost, random

forest, logistic regression, support vector machine, and k-nearest neighbour to
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evaluate customer churn in the telecommunications industry.

1.5.2 Objectives

The objectives of the study are to:
1. Apply six ML algorithms to model and forecast customer churn.

2. apply the k-fold cross-validation technique to assess the performance of

each algorithm,

3. compare the best-performing model between support vector machines,
random forests, xgboost, logistic regression, adaboost, and k-nearest neigh-

bour regarding overall prediction accuracy,

4. identification of the factors affecting customer churn.

1.6 Significance of the study

Customer churn presents a significant challenge for telecommunication compa-
nies, often leading to substantial revenue losses. This research identifies key
factors contributing to customer churn and develops and applies six predictive
models to effectively anticipate potential churners. This approach is poised to
assist telecommunications companies in proactively reducing churn rates and

preserving valuable customer relationships.

1.7 Structure of the dissertation

The dissertation is composed of five chapters. Chapter 1 delineates study’s
foundation, articulating the problem statement, rationale, goals, objectives,
and the study’s significance. Chapter 2 delves into a comprehensive explo-

ration of historical and contemporary methods utilised to address customer
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churn in the telecommunications industry, drawing insights from various stud-
ies. Chapter 3 outlines the methodology employed in this research and presents
the mathematical formulations of the methods utilised. In Chapter 4, the find-
ings are presented, and the outcomes are discussed. Finally, Chapter 5 encap-

sulates the overarching conclusions drawn from the research study’s findings.



Chapter 2

Literature review

2.1 Introduction

This section examines the implications of ML algorithms. The research utilised
supervised ML algorithm to model customer attrition prediction since the tar-
get factor to be predicted is already known. In this case, whether the customer

has turnover with an outcome of ”yes” or “no”.

When creating prediction models, supervised ML matches the input and output
pairs from the training dataset. The prediction model is then used in classi-
fication by using explanatory variables from a test dataset as input into the
prediction model (classification model) to predict the unknown values as out-
put. In this study, we reviewed a selected number of ML algorithms, namely,
SVM, K-nearest neighbour (KNN), xgboost, RF, LR, and adaboost. This section
provides a basis for selecting the algorithms to apply to the data.
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2.1.1 K-nearest neighbour

The KNN is frequently used for pattern classification (Soares et al., 2020). The
KNN algorithm works so that it has to be given an N number of training vec-
tors. Then, the method identifies the KNN points of an unknown vector and

aims at determining its class (Soares et al., 2020).

The KNN algorithm’s strength lies in its straightforward yet efficient imple-
mentation; its calculation time is less; and it has relatively high accuracy. KNN
can memorise training data and apply directly to classify new input. This ap-

proach is simple and effective (Soares et al., 2020).

A similar study conducted by Brito et al. (2022) indicated that implementing
the KNN algorithm is straightforward, since it primarily depends on comput-
ing the distance (usually Euclidean) between the variables. Furthermore, the
KNN algorithm demonstrated the capability of handling large and incremental
multi-class data. However, it was also shown that KNN is expensive in deter-
mining K if the dataset is large and that it needs more memory storage than

an effective classifier or supervised learning algorithm (Brito et al., 2022).

2.1.2 Support vector machine

SVM stands out among supervised learning algorithms, commonly applied in
tasks such as regression, classification, and pattern identification. Initially
designed as binary classes without a stochastic nature, SVMs have evolved to
address multi-class problems effectively. According to Carvalho et al. (2019),
SVM constructs an N-dimensional hyperplane to partition data into N groups

or classes optimally.

The goal of this model is to employ a surface that optimises the margin between

various classifiers in the training data, effectively separating them (Cervantes
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et al., 2020). Furthermore, the margin of the classifier is determined by the
distance between the decision surface (hyperplane) and the closest data point
(Cervantes et al., 2020).

The study findings by Tao et al. (2019) indicate that SVM excels in handling
higher-dimensional data, presenting a notable advantage. Its primary strength
lies in avoiding overlearning and excessive dimensionality, factors that con-

tribute to both computational complexity and local extremum.

Furthermore, study conducted by Ahmad et al. (2017) shows that SVM consis-
tently achieves high accuracy, making it a well-established and widely utilised
machine-learning technique for addressing both classification and regression
problems. This classifier identifies optimal boundaries for distinguishing be-

tween positive and negative training examples.

SVM necessitates an extended training period, rendering it impractical for
large datasets, and it also struggles with overlapping classes (Tao et al., 2019).
The SVM algorithm is unsuited for large datasets, mainly when dealing with
noisy data or overlapping target classes, leading to suboptimal performance
(Tao et al., 2019). Furthermore, SVM becomes less effective when there are
more characteristics per data point than training data samples (Tao et al.,

2019).

2.1.3 Random forest classifier

Ahmad et al. (2017) state that RF comprise an ensemble of tree predictors, the
value of each tree determined by a uniformly random vector and is randomly
selected among the entire forest. Nazarenko et al. (2019) adds that the RF
ML algorithm employs a dual approach. Firstly, it utilises the bootstrap ag-
gregating method, constructing multiple decision trees and aggregating their
predictions. Simultaneously, the algorithm incorporates the random subspace

approach, selecting a subset of M randomly chosen attributes from the overall
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pool of available attributes (Nazarenko et al., 2019).

In the same vein, the work by Nazarenko et al. (2019) indicates that each newly
generated tree assigns the item to a particular class to ascertain the winner,
with class receiving an inflating number of votes received from trees emerging
as the final prediction. According to Breiman (2001), the principle of large
numbers precludes the random forest to avoid overfitting, which makes the
algorithm a powerful prediction tool, and it provides a rapid, efficient, and

dependable solution for mining data with high dimensions.

Ziegler and Konig (2014) states that RF performs well even in scenarios with
numerous features and limited observations. Additionally, RF offers methods
for easy feature selection and measuring variable significance. Notably, the
initial step involves employing a RF to identify the important variables. Ulti-

mately, RF proves to be a highly effective classifier.

The algorithm speed is considerably slower than other classification algorithms,
as it relies on multiple decision trees to generate predictions (Nazarenko et al.,
2019). When a random forest classifier makes a prediction, each tree in the for-
est must individually predict the outcome for the same input and collectively
vote on it. This process can be notably time-consuming (Farnaaz and Jabbar,
2016). Furthermore, due to their sluggish performance, random forest classi-

fiers may not be suitable for real-time predictions (Farnaaz and Jabbar, 2016).

2.1.4 Logistic regression

LR extends its applicability by being employed in scenarios where the depen-
dent variable, Y, is categorical (Fritz and Berger, 2015). Dalvi et al. (2016)
state that LR was applied in order to scrutinise dataset, seeking to identify
connections between several independent traits and the dependent variable.

There are three available types of LR models: multinomial LR is used when
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the dependent variable has more than two categories that are not ordered.
This type of regression models the probabilities of the different possible out-
comes, Ordinal LR is used when the dependent variable has more than two
categories with natural order, but the distances between the categories are not
assumed to be equal, lastly, Binary LR is used when the dependent variable
is binary, meaning it has only two possible outcomes. (Dalvi et al., 2016). In
this research, we used binomial LR because our target variable takes binary

outcomes which can be a customer has churned or not churned.

Initially, LR stood out as the most widely adopted method for binary outcomes.
A study by Park (2013) highlights its growing popularity, emphasising its suit-
ability for modeling a binary dependent variable alongside multiple indepen-
dent variables. The simplicity of logistic regression is underscored, as it does

not require optimisation of hyperparameters (Park, 2013).

Despite having a tiny sample size, few events, and simple variables, logistic
regression works well, as shown in the study by (Nusinovici et al., 2020). The
research shows that logistic regression surpasses ML models in predicting the
risk of major chronic illnesses. Another advantage lies in logistic regression’s
ability to swiftly identify suitable candidates from untested resources, thereby

saving computation time and costs, as noted in Liu et al. (2021).

According to Park (2013), the logistic model believes in a linear association
between output variables and input variables, which cannot always hold in
real-world scenarios. As a linear model, any non-linear relationships must be
explicitly defined by transforming the original data and introducing additional
terms to the model. Sensitivity to outliers is a concern, impacting coefficients
and predictions (Park, 2013). Overfitting may occur if the amount of indepen-
dent features is excessively large relative to the sample size. (Park, 2013).

Lastly, LR is specifically designed for analysing binary outcomes and may not
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be suitable for other types of outcomes (Park, 2013).

2.1.5 Extreme gradient boosting

This algorithm is designed for machine boosting, specifically enhancing the
effectiveness of the ML algorithms. It is crafted and optimised to be effective,

versatile, and easily portable (Wade and Glynn, 2020).

The xgboost model outpaces other gradient-boosting implementations in terms
of speed. Regarding model accuracy, it is currently recognised among the most
precise ML algorithms (Zhao et al., 2020). Xgboost excels in training algorithm
performance, demonstrating proficiency in classification and regression tasks,
attributed to its underlying gradient-based approach that enhances adaptabil-
ity to imbalanced datasets (Peng et al., 2019). Moreover, the scalability of xg-
boost is a key factor in its success, being scalable to accommodate billions of
samples in distributed or memory-constrained environments, and operating at
a speed greater than ten times quicker than conventional single-computer so-

lutions (Zhao et al., 2020). xgboost is sensitive to outliers (Peng et al., 2019).

2.1.6 Adaptive boosting

Adaboost is an ML ensemble method which is used for grouping and linear re-
gression tasks. To build a strong classifier, it combines several weak learners,
usually decision trees. This type of learner prioritises sample distribution ad-
justments made for erroneously classified samples during training and repeats
this process until the weak classifier has completed a predefined number of
training cycles, denoting the end of the learning process. (Chen and Guestrin,

2016).

Adaboost offers the advantage of reclassifying previously misclassified datasets
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of subset training runs by adjusting the error dataset’s weight (Chen et al.,
2019). Furthermore, adaboost exhibits a low intrinsic boosting overhead, with
the training times of the core algorithms predominantly influencing the dura-
tion of constructing the final model (Mohammad et al., 2019). Research by Liu
(2010) highlighted adaboost as a popular and effective boosting algorithm, es-
pecially when paired with decision trees as a strong or weak learner, showcas-
ing its efficacy in tasks such as fingerprint classification. Adaboost is sensitive

to outliers (Liu, 2010).

2.2 Review of the application of ML algorithms
to customer churn and the associated risk
factors

The study carried out in China by Edwine et al. (2022) investigated a profi-
cient approach to assess the likelihood of customer churn in the telecommu-
nications industry, employing sophisticated ML techniques that include RF,
SVM, and KNN. The models’ performance, was assessed using the following
metrics: mean absolute error, F1-score, accuracy, recall, precision, and area un-
der the curve (AUC) (Edwine et al., 2022). The results indicated that the top-
performing models based on accuracy metrics were support vector machines,

random forests, and KNN (Edwine et al., 2022).

Further investigation revealed that the range of services each customer sub-
scribed to (phone, multiple lines, internet, account information tenure, con-
tract type, payment method, preference for paperless billing, monthly charges,
and total charges), as well as online security, device protection, online backup,
streaming television and movies, and finally, tech support, were among the

independent variables examined. The research also uncovered further infor-
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mation about the customers’ demographics. (Edwine et al., 2022).

Kiguchi et al. (2022) conducted research to determine customer churn rate in
the telecommunications sector and develop an attrition prediction model by
comparing LR, DT, adaboost, and RF models. The study indicates that AUC
and, F1-score were applied to measure the best model accuracy. The findings
indicated that LR performed best, followed by RF and adaboost based on AUC
and F1-score. The research also revealed that commonly employed explanatory
factors encompassed gender, tenure, contract type, payment method, monthly

charges, and customers possessing multiple lines(Kiguchi et al., 2022).

Olufemi and Strydom (2018) researched to predict customer churn with cus-
tomer demographic data, the range of services each customer has signed up
for, and customer account information in the telecommunications industry. The
study revealed that five algorithms were compared, which were adaboost, LR,
xgboost, RF, and KNN. It was found that using F-score and mean squared er-
ror LR was the best-performing model, followed by xgboost, RF, KNN, and ad-

aboost.

A research study was carried out in Ethiopia by Seid and Woldeyohannis (2022)
to design and develop a ML model capable of accurately predicting churned
customers from the total customer base of the Commercial Bank of Ethiopia
(CBE). They applied and compared supervised algorithms for ML, such as LR,
RF, SVM, and KNN, using customer demographic data, the range of services
each customer has signed up for, and customer account information. The result
revealed that the SVM was the best-performing model, followed by RF, LR, and
KNN when accuracy and F-score were applied (Seid and Woldeyohannis, 2022).

Research was conducted by Wadikar (2020) to develop an ML model to predict
customer churn for an Insurance company, using quantitative and deductive

strategies, with methods including LR, RF, SVM, and Neural Network. The RF
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model emerged as the best classifier with an accuracy of nearly 97%, precision

of 91%, and recall of 98%.

Comparing the study conducted by Seid and Woldeyohannis (2022) we discov-
ered that they applied LR, RF, SVM, and, KNN models to predict customer
churn on the banking dataset. Their results revealed that RF was the best-
performing model with an accuracy score of 93%, and an F-score of 88% while
Wadikar (2020) have applied LR, RF, SVM, and Neural network models on the
Insurance dataset. Their result indicates that RF was the highest performing

model with an accuracy of nearly 97%, precision of 91%, and recall of 98%.

The research study in South Africa, conducted by Olufemi and Strydom (2018)
employed a questionnaire-based approach to gather the dataset from customers
of various South African telecommunications services. Their study showcased
using Bayesian models for predicting customer churn, revealing favorable per-
formance results. Additionally, the study indicated three factors that had a
greater impact on client attrition in South Africa, as identified by the predic-
tions derived from the model: Offers Promotions (OP), Customer Care Service
(CCS), and Friends and Family Deals on Networks (FFD) (Olufemi and Stry-
dom, 2018).

Studies have consistently shown that customer churn is a significant concern
for South African telecommunications operators, with churn rates ranging from
10% to 30% (Glendah et al., 2019). A study by Abu Ghazaleh and Zabadi (2020)
found that the main factors influencing customer churn in South Africa include
poor network quality, high tariffs, and inadequate customer service. Similarly,
a study by Fernandez Montoya et al. (2023) identified billing issues, lack of

transparency, and limited value-added services as key drivers of churn.

Another study by Soltani-Nejad et al. (2021) compared churn rates across dif-

ferent mobile network operators in South Africa and found that smaller op-
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erators experience higher churn rates due to their limited network coverage
and infrastructure. The study also highlighted the importance of customer re-
tention strategies, such as loyalty programs and personalised marketing, in
reducing churn. Furthermore, research by Mashau (2020) explored the impact
of social media on customer churn and found that social media engagement can

significantly influence customer loyalty and retention.

”Customer Churn Prediction in the South African Telecom Industry: A Case
Study of Vodacom and MTN” by Mashau (2020), the study used ML algorithms
to predict customer churn for Vodacom and MTN customers, identifying key
factors such as billing issues and network quality. Another study conducted
by Molapo and Mukwada (2014) compared customer retention strategies be-
tween Cell C and Telkom, the results indicated the importance of personalised

marketing and loyalty programs.

A review of the literature by Poudel et al. (2024) emphasised the need for South
African telecommunications operators to adopt data-driven approaches to un-
derstand customer behavior and preferences. The study highlighted the im-
portance of predictive analytics and ML algorithms in identifying high-risk
customers and developing targeted retention strategies. Overall, the literature
suggests that customer churn in the South African telecommunications indus-
try is a complex issue influenced by a range of factors, and operators must
adopt a multifaceted approach to reduce churn and improve customer reten-

tion.

Chong et al. (2023) conducted a study aimed to compare several supervised ML
algorithms, including RF, adaboost, LR, xgboost, KNN, and SVM. They deter-
mined which model was the best by using criteria like precision, accuracy, and
F1 score and, recall. It was found that the xgboost algorithm emerged as the

most successful model for predicting customer churn, followed by LR, KNN,
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RF, adaboost, and SVM, respectively (Chong et al., 2023). The results also in-
dicated that gender, tenure, contract type, payment method, monthly charges,

and customers with multiple lines were the most important explanatory vari-

ables (Chong et al., 2023).

The literature reviewed in this research applied similar ML models, includ-
ing LR, RF, SVM, adaboost, xgboost, KNN, and neural network, to datasets
from various sectors such as banking, insurance, and telecommunications. It
was found that RF and xgboost consistently outperformed other models using
metrics like F-score, accuracy, precision, and recall. Although the datasets dif-
fered, the results were comparable. In this study, we wanted to apply the same
models LR, RF, SVM, KNN, xgboost, and adaboost to a telecommunications
dataset to determine if the outcomes would be similar to those in the banking

and insurance sectors.

Based on leading South African studies on customer churn in telecommunica-
tions, it was shown that the billing method, internet service type, and network
quality had the most significant influence on customer churn, which aligned
with the findings of this study. Additionally, personalised marketing and loy-
alty programs were identified as the most effective strategies for telecommuni-

cation companies to implement to reduce the customer churn rate.

2.3 Summary of the chapter

In this section, we have examined selected supervised ML models tailored for
binary classification problems. The discussion encompasses the functionality,
advantages, and disadvantages of each algorithm. Additionally, it explores the
relevant work conducted by researchers to predict client attrition within the

telecommunications industry and other industries. The top-performing models
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for customer churn studies differ across various research endeavors. Nonethe-
less, some consistently studied models include LR, KNN, SVM, xgboost, ad-
aboost, and RF. Based on the findings of the review study, we opted to employ
these models in our dataset analysis. Furthermore, we identified the signifi-
cant variables elucidating customer churn as the services each customer has
subscribed to, customer account details, and demographic information. These

were considered our independent variables in this study.



Chapter 3

Methodology

3.1 Introduction

This part primarily delves into a detailed explanation of the methodology and
mathematical models, specifically descriptive statistics, that are applied to

forecast customer churn.

3.2 Data source and study area

Datasets were extracted with 7043 rows from the Kaggle website (International
Business Machines Corporation) from 2020 to 2022 (Kaggle, 2020). The Kaggle
website is an open source for data scientists who want to participate in free
data science projects. The dataset contains customer information that includes
an independent variable named churn and explanatory variables that include,
among others, demographic information such as customer gender and how long

a customer has been in the company, call records, billing information, service
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usage, complaints, and customer interactions.

3.3 Overall research approach and design

In this study, secondary data from Kaggle was used to perform descriptive data
analysis, which was useful to discover the insights of the data and build six
machine learning models to predict customer churn by comparing SVM, KNN,
RF,xgboost, adaboost, and LR classifiers, respectively. The confusion matrix,
roots mean squared, recall, precision, and ROC (Receiver Operating Charac-
teristic) curve were utilised to identify the best effective algorithm since this is

a classification problem.

The data used in this research was suitable for a machine learning approach
since it included historical records of customer behavior, usage patterns, billing
information, interaction history, internet usage, customer service interactions,
payment history, and demographic information, all of which are relevant for
understanding and predicting churn. The quality of the data was assessed, as

machine learning requires a good dataset.

The accuracy of the data was validated to ensure it was free from errors and in-
consistencies, including correct billing information, service usage records, and
customer interaction logs. The completeness of the data was ensured by ad-
dressing any missing values. Consistency was also maintained by ensuring
correct data types for all attributes, and the data was finally encoded into nu-
meric values to enable machine learning models to interact with it effectively

when making predictions.
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3.4 Machine learning data analysis approach

In this study, quantitative data collected from Kaggle was coded and cate-
gorised using Python in Jupyter Notebook software. All the categorical ex-
planatory variables were encoded to numerical values, as this is one of the
requirements in machine learning analysis. Relationships were investigated
to check which explanatory variables contribute to high customer churn; then,
the RF, SVM, KNN, adaboost, xgboost, and LR models were fitted to predict

customer churn using Python libraries.

3.4.1 Logistic regression classifier

LR falls under the umbrella of machine learning techniques tailored for binary
classification tasks, such as forecasting the probability of an outcome, event,
or observation. This study applied an LR algorithm to predict if a customer
churns, with 1 or 0 as an outcome, respectively. To map predictions and their
probability, logistic regression employs the sigmoid and logistic functions. This
function converts any real value into a specific range spanning from 0 to 1, as

seen by its S-shaped curve.

Moreover, once the sigmoid function’s output (estimated probability) meets a
pre-established cutoff on the graph, the model determines that the case belongs
to that category. Conversely, if the estimated probability falls below the pre-
defined cutoff, the model infers that the case does not pertain to the category.
The sigmoid function represents the activation function for logistic regression

and can be described as:

1

= — Nl
14+e @’ (3.1)

(=)

where e represents the base of natural logarithms, and = denotes the trans-
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formation of the numerical value. The subsequent equation illustrates logistic

regression:

e(bo-l-bw)

Yy (3.2)

The above is a LR sigmoid function where: x is the input value, the explanatory
variables that influence customer churn, y is the predicted output, the depen-
dent variable that represents if a customer has churned or not, b, signifies the
bias or intercept term, while b; indicates the coefficient linked to the input ().
This formula resembles linear regression’s linear combination of input values
with weights or coefficients to measure an output value. However, unlike lin-
ear regression, the predicted output value in this case is binary (0 or 1) rather

than a continuous variable.

3.4.2 Random forest classifier

The RF algorithm for binary classification can be expressed using an ensemble
of decision trees. Let’s denote the output (churn or not churn) of the RF algo-
rithm as 37, and the set of decision trees in the forest as {7}, 75,75, ..., T, }. The
final prediction of the random forest ensemble is typically decided by a major-
ity vote or by averaging the outcomes generated by its component trees. For

binary classification, this can be represented as:
polisy (3.3)
- n — 29 '

where n is the sample size.
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3.4.3 Support vector machine

In binary classification, SVM aims to determine a hyperplane that effectively
divides data into two types while maximising the margin between them. (Per-
rotta et al., 2017). The decision function of a linear SVM for binary classifica-

tion is represented by the following formula:

N

f@) = sign(()_ awiK (z,3;)) +b), (3.4)

=1
where f(x) denotes the decision function for predicting customer churn classes
of the input (independent variable) z, sign(.) function returns —1 for negative
values, 0 for zero, and 1 for positive values. Here, N represents the count of
support vectors, «; represents the Lagrange multiplier linked with each sup-
port vector, y; represents the class label of the i-th support vector, K (z, z;) rep-
resents the kernel function, which measures the similarity between the input
2 and the support vectors x;, while b indicates a bias term. Throughout the
SVM training process, the aim is to identify the optimal values of «; and b that

maximise the margin while satisfying the constraint:

N
v K (z,2;)) +b> 1, fori=12,.., N, (8.5)
=1

where 1; represents explanatory variables, y; is the class label of the i-th sup-
port vector., and b denotes a bias term This constraint guarantees that data
points are accurately classified and positioned on the correct side of the deci-

sion boundary, maintaining a margin of at least 1.

3.4.4 K-nearest neighbour

The KNN algorithm determines the K clusters that are a nearest neighbour
of a given dataset point by employing a metric of distance that includes the

distance in Euclidean space. The value or class of the dataset point is subse-
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quently obtained by utilising the majority decision or the average of its K clus-
ter neighbours. This method enables the algorithm to adapt to changing pat-
terns and generate predictions according to the structure of the local dataset.
K denote the set of nearest neighbours of dataset X as subset S,. In this case,
the subset is the set of independent variables that influence customer churn.

Mathematically, S, is denoted by S, C D such that |S,| = k for all

(z',y") € D s,, (3.6)

dist(z,2') C MAX @ ,y ) € Sydist(z,x), 3.7

for all the points in D that do not belong to S,. The distance from X to any
point in S, is at least as great as the distance to the farthest point in S,. We

define the classifier i(.) as a function that yields the most frequent label in S,:

h(x) = mode(y : (z ,y ) € S,), (3.8)

where mode(.) means to select the label of the highest occurrence, in case either

customer has churned or did not churn, denoted by 1 and 0, respectively.

3.4.5 Extreme gradient boosting classifier

The xgboost is among one of the most widely used and effective implemen-
tations of the gradient-boosted trees model (Chen and Guestrin, 2016). This
supervised learning method emphasises function approximation by optimising
particular loss functions, and incorporating various regularisation methods to
enhance performance (Chen and Guestrin, 2016). At iteration ¢, we aim to
minimise the following objective function, comprising both the loss function

and regularisation components:
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n

£0 =31y 3"V) + fulxs) + Q). (3.9)

i=1
y; is a real value (label) known from the training data set that can be seen as
f(z + Az) where z ="V, £® represents the objective function at iteration ¢.
It’s the function we seek to minimise during the model’s training process. [
stands for the loss function, quantifying the disparity between the true label

y; and the predicted value yfz(t_l) from the previous iteration (¢t — 1), y; denotes
(t-1)

the true label or actual value for the i-th training instance, g, represents
the predicted value for the i-th training instance at iteration (¢ — 1) from the
previous iteration (¢ — 1), f; is the function (often a decision tree in the context
of gradient boosting) being added at iteration ¢, x; represents the feature vector

of the i-th training instance.

This term represents the prediction for the i-th instance made by the new func-
tion added in the current iteration, €(f;) this represents the regularisation
term for the function. Regularisation is used to penalise model complexity to
prevent overfitting. This term can include various factors such as the number
of leaves in a tree, the depth of the tree, and other complexity measures. The
objective function in xgboost is a composite function, where [/ depends on the
output of the current and preceding classification and regression trees (CART)
learners, essentially forming a cumulative sum of these additive trees. We use

Taylor’s theorem and gradient-boosted trees to minimise this function.

f(x) = f(a) + f'(a)(z — a) (3.10)
Az = fi(x;)

f(z) denotes the value of the function f at a given point z. f(a) denotes the
value of the function f at a specific point a, his denotes the derivative of the
f'(a) function f evaluated at point a. The derivative gives the rate at which

f changes at a. Az is defined as the output of the function f; when applied
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to the feature vector z; of the i-th training instance. In the context of gradi-
ent boosting, f;(x;) represents the prediction refinement performed by the t-th
model (typically a decision tree) for the i-th instance. In our context,f(z) rep-
resents the loss function [, where a corresponds to the predicted value from
the previous step (¢t — 1), and Az indicates the new learner to be included at
step t, with the aforementioned elements, in every iteration ¢, we can repre-
sent the objective (loss) function as a simple function of the newly introduced
learner. This enables us to employ optimisation methods within the Euclidean
space. As previously stated, a denotes the prediction at step (¢ — 1), and (z — a)
signifies the new learner that must be incorporated at step ¢ to minimise the
objective function greedily. Hence, opting for the second-order Taylor approxi-

mation yields:

f() % () + F(@)x = a) + 5 (@) — ) (3.1

LY ~ Z [Z(yz‘, i) + gifi(x) + %hiff(xi) +Q(f), (3.12)

=1

where g; = 95~ (I(yi, 5" ") and h; = 95D Uy, 5 ).

)

The above is the first and second order gradient statistics of the loss function,
Finally, after removing the constant components, the objective to minimise at

step ¢ simplifies to the following:

n

£~ Z lgift(xi) + %hiff(xi) + Q(f2) (3.13)

=1
In binary classification utilising log loss optimisation, let’s examine the sce-

nario involving a log loss objective function:

1
1l+e =z

(y)In(p) + (1 — p) In(1 — p), where,p = : (3.14)
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where y signifies the true label, which belongs to 0,1, and p indicates the prob-
ability score. It’s crucial to emphasise that p (score or pseudo-probability) is
calculated after applying the widely recognised sigmoid function to the output
of the gradient boosting trees (GBT) model x. The model’s output = is the sum
of the predictions from the CART tree learners.

3.4.6 Adaptive boosting classifier

Adaboost, which stands for adaptive boosting. It stands out as one of the pi-
oneering algorithms in the Boosting domain of machine learning, primarily
tailored for binary classification tasks (Hastie et al., 2009). For a dataset con-
taining N samples, we set the weight of each data point as w; = % during

initialisation, For m ranging from 1 to M:

(a) Draw training samples z; from the dataset using the weights wgm).

(b) Train a classifier K,, using all the training samples z;.

st Km () O

(c) Calculate £ using the formula £ = = SRR

true value of the target variable, and w]* denotes the weight of sample i

, where y; represents the

at iteration m.

(d) Calculate o, using the formula a,, = § In 2%,

(e) Adjust all the weights according to the formula w!™ ™ = ™ e-@mviKn(@),

The new predictions are determined by K (z) = sign (Z%zl ame(x)>.

3.4.7 Chi-square test for feature selection

Within a dataset, categorical features are subjected to the chi-square test. We
determine the optimal features with the highest chi-square scores by comput-
ing each feature’s chi-square and target variable. Features demonstrating sub-

stantial interdependence with the target variable are crucial for prediction and
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may warrant further scrutiny. Selecting the most pertinent attributes from
the dataset and applying machine learning techniques to improve model per-
formance is known as feature selection or attribute selection. An excess of su-
perfluous characteristics increases training time and increases the overfitting

probability.

Statistically, we initially established the two hypothesis statements to conduct
a chi-square test. The null hypothesis (HO) posits that the two categorical
variables exhibit no significant correlation. The alternative hypothesis (H1)
contends that the two categorical variables display a significant correlation.
We construct a contingency table illustrating the frequency distribution of the
two categorical variables. Next, we determine the contingency table’s predicted

values by:

(3.15)

where R, denotes the sum of row i, C; denotes the sum of column j, and N
represents the total number of observations.

We calculate chi-square statistic using

= > (OZ;?Z._. Li ')2, (3.16)
where O,; represents the observed values and E;; denotes expected values.
Compare the computed chi-square statistic (y?) with the critical value derived
from the chi-square distribution table corresponding to the selected signifi-
cance level (e.g., 0.05). If the value of y? exceeds the critical value, we reject the
null hypothesis, suggesting a noteworthy association between the variables. If
x? is less than or equal to the critical value, we do not reject the null hypoth-

esis, implying no significant association. Alternatively, when using o = 0.05

(selected significance level) and the p (p-value), if p < 0.05 we reject the null



Methodology 31

hypothesis; otherwise, we do not reject the null hypothesis.

3.5 Evaluation techniques

3.5.1 k-fold cross-validation

Although cross-validation ensures that there is no overlap in the test, its mech-
anism resembles that of repeated random subsampling. In k-fold cross-validation,
the initial learning set is divided into & distinct subsets; each subset is roughly
the same size. Every fold denotes a resultant subgroup. The cases in the learn-
ing set are randomly sampled for this division without replacement. The train-
ing set comprises all the & — 1 subsets used for model training. Afterward, the
model proceeds to work with the remaining subset, referred to as the validation
set, to evaluate its performance. This process repeats until each of the & sub-
sets has been utilised as the validation set. The cross-validated performance
represents the average performance obtained from the evaluations conducted

across the k validation sets.

In a broader context, fk signifies the model trained on all subsets except the
k-th subset of the training set. The value y;, = fk(azl) denotes the predicted or
estimated value for the actual class label, y;, of case x;, which is part of the k-th
subset. The prediction error estimate from cross-validation, denoted as ¢, is

then defined as:

n

cow = =3 el Fule) (3.17

=1

Cross-validation frequently employs a technique called stratified random sam-
pling. This method ensures that the sampling reflects the class proportions

present in the learning set within the individual subsets.
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3.5.2 Root mean squared error

RMSE (root mean squared error) offers insight into the dispersion of outcome
errors, which is especially valuable for assessing model performance relative
to the scale of the target variable. Lower RMSE values signify superior model

performance, indicating reduced prediction errors.

RMSE (root mean squared error), represented as E; for a singular model, is

computed using the subsequent formula:

n

Ei= | > (i~ T (3.18)

j=1
where p;; denotes the value predicted by the singular model ; for entry j (among
n entries), while 7 represents the target value for entry j. In an ideal predic-
tion scenario, p;; = T}, resulting in £; = 0. As a result, the index E; ranges from

0 to infinity, with 0 indicating perfect prediction.

3.5.3 Confusion matrix for the binary classification

A confusion matrix provides a structured representation commonly utilised for
assessing the efficacy of a binary classification algorithm. It presents a detailed
breakdown of the model’s predictions vis-a-vis the actual class labels. The key
components of a confusion matrix in binary classification encompass: True Pos-
itive (TP): Occurs when the model accurately predicts the positive class, False
Positive (FP): Occurs when the model erroneously predicts the positive class
while the true class is negative (Type I error), True Negative (TN): Occurs
when the model accurately predicts the negative class, False Negative (FN):
Occurs when the model erroneously predicts the negative class while the true

class is positive (Type II error).

From these values, various performance metrics can be calculated, including:
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Actual Positive | Actual Negative

Predicted Positive TP
Predicted Negative FN

FP
TN

Table 3.1: Confusion matrix

Accuracy = Th+TN
WY = P T FP+ FN+ TN
Precision (Positive predictive value) e
isi iti icti =
vep vevale) = rp L Fp
Recall (Sensitivity, true positive rate) e
itivi iti C e —
Y, true p TP+ FN
precision X Recall
F1S =2
core 8 Precision + Recall
TN
el ; __I'N
Specificity (true negative rate) TN EP

These metrics offer insights into various facets of the model’s performance.

Precision evaluates its capability to identify positive instances correctly; recall

measures its ability to capture all positive instances; Accuracy provides an

overall performance assessment; the F-score gauges the test’s accuracy; and

specificity indicates the test’s ability to classify subjects who genuinely lack

the outcome of interest.

3.5.4 Receiver operating characteristic area

The AUC-ROC curve functions as a performance measure for classification

tasks across various threshold values. It illustrates a probability curve, with

the AUC quantifying the degree of separability, which reflects the model’s ca-

pacity to differentiate between classes. A high AUC suggests that the model is

more effective at distinguishing between churning and non-churning clients.
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3.6 Summary of the chapter

In this section, we have explored the mathematical formulations of our models

and the evaluation methods used to assess their performance.



Chapter 4

Results and discussion

4.1 Introduction

This section discusses machine learning models and data analysis for predict-

ing customer attrition in the telecommunications industry.

4.2 Exploratory data analysis

In this chapter, we analyzed our dataset and applied six machine learning mod-
els to predict customer churn. We also compared the performance of these

models.

4.2.1 Descriptive statistics

We begin our analysis by looking at three numerical variables which represents
the period the customer has been with the company in months; "monthly total

charges,” which display the current sum of the customer’s monthly charges
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for all company services; and ”total charges,” which indicate the cumulative

charges accrued by the customer until the end of the quarter.

Table 4.1: Descriptive statistics

Count | Mean Std Min 25 perc | 50 perc | 75 perc | Max
Total 7043 2279.73 | 2266.80 | 0.00 389.55 | 1394.55 | 3786.60 | 8684.80
charges
Tenure | 7043 32.37 24.56 0.00 9.00 29.00 55.00 72.00
Monthly| 7043 64.76 30.09 18.25 35.50 60.35 89.85 118.75
charges

Table 4.1 shows that the company’s longest-serving customers have remained

loyal for 72 months, while the newest customers recently joined just last month,

marking 0 months of tenure. On average, customers have been with the com-

pany for approximately 33 months. The highest monthly payment recorded was

118.75, whereas the lowest was 18.25. On average, customers have paid 64.45

per month. The highest total charges amount to 8684.80, with an average of
2279.73, while the lowest total charge is 0.

4.2.2 Bivariate and multivariate analysis

Customers who churn are influenced by different factors; we will investigate

which factors are likely to drive customer churn.
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Churn Distribution

EE Yes

Figure 4.1: Customer churn distribution

Figure 4.1 shows that 26.5% of customers have churned and 73.5% of customers

have not churned.

Table 4.2: Categorical feature distribution

Churn (%) Chi Square Test
YES NO Alpha P value

Gender 0.05 0.490
Male 13.20  37.27
Female 13.33  36.19

Internet Service 0.05 0.009
Digital subscriber line (DSL) 6.52 7.86
Fibre optic 18.42  25.54
No 1.60 20.06

Contract 0.05 0.005
Month-to-month 23.50  31.52

Continue on the next page
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Table 4.2 — Continued from previous page

Churn (%) Chi Square Test
YES NO Alpha P value

One year 2.36 18.56
Two year 0.68  23.384

Payment Method 0.05 0.003
Bank transfer (automatic) 3.66 18.26
Credit card (automatic) 3.29 18.32
Electronic check 18.37  15.21
Mailed check 18.51 4.37

Partner 0.05 0.002
No 17.04 34.66
Yes 9.50 38.80

Dependents 0.05 0.004
No 21.13 48.13
Yes 4.63 25.33

Phone Service 0.05 0.34
No 7.27 2.41
Yes 24.12 66.19

Multiple Lines 0.05 0.003
No 20.74 28.92
No phone service 1.60 20.06
Yes 4.19 24.47

Online Security 0.05 0.002
No 12.05 36.08
No phone service 2.41 7.27
Yes 12.07 30.12

Online Backup 0.05 0.002
No 17.51 26.34
No phone service 1.60 20.06
Yes 7.43 27.06

Device Protection 0.05 0.002
No 17.19 26.75
No phone service 1.60 20.06
Yes 7.74 26.65

Tech Support 0.05 0.001
No 20.53 28.78
No phone service 1.60 20.06
Yes 4.40 24.62

Streaming television 0.05 0.005

Continue on the next page
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Table 4.2 — Continued from previous page

Churn (%) Chi Square Test
YES NO Alpha P value

No 13.37 26.52
No phone service 1.60 20.06
Yes 11.56 26.88
Streaming Movies 0.05 0.002
No 13.32 26.22
No phone service 1.60 20.06
Yes 11.61 27.18
Paperless Billing 0.05 0.004
No 6.66 34.12
Yes 19.88 39.34

Table 4.2 shows Chi-square test for association between each categorical vari-
able and customer churn demonstrating that only gender and phone service
are not associated with customer churn based on their p > a = 0.05 (chosen sig-
nificant level). Consequently, these variables will be excluded from the model-
building process. We discovered that the difference between customer churning
based on gender is almost equal, with approximately 13.20% male churn rate
and 13.33% female churn rate. Most clients who churn use fiber optics as their
internet service, followed by DSL users with 18.42% and 6.52%, respectively.
When it comes to contracts, we observed that those who opt for monthly con-
tracts are likely to churn more than those who opt for yearly contracts, with

23.50%, 2.36%, and 0.68%, respectively.

Mailed and electronic checks are the leading payment methods to influence
high customer churn rates with 18.51% and 18.37%, while bank transfer (auto-
matic) and credit card (automatic) have approximately a 4% churn rate. Cus-
tomers without partners and with no people depending on them seem to have
a high churn rate, with 17.04% of customers without a partner and 21.13% of

customers without people depending on them. This rationale is logical because
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there are no individuals compelling them to maintain their subscription to the
telecommunication service for an extended period. For instance, they lack de-
pendents like children requiring internet access for school or siblings seeking

employment opportunities and using smart televisions.

Additionally, customers without phone services exhibit elevated churn rates,
influenced by factors such as streaming movies and movies, multiple lines, on-
line security, online backup, device protection, and tech support. Moreover,
individuals opting for paper billing are more prone to churn, with a rate of

19.88%, compared to those who prefer digital billing, with a churn rate of 6.66%.

4.2.3 Model performance comparison

Table 4.3: Model performance comparison
Metric Xgboost Adaboost Logistic Regression KNN SVM Random Forest

Accuracy 0.78 0.80 0.80 0.75 0.80 0.79
F-Score 0.56 0.59 0.59 0.52 0.55 0.55
Precision 0.61 0.66 0.65 0.53 0.66 0.64
Recall 0.52 0.54 0.55 0.50 048 0.50
ROC-AUC 0.84 0.86 0.86 0.79 0.82 0.84
RMSE 0.46 0.44 0.45 0.50 0.45 0.46

Table 4.3 shows that accuracy: adaboost, LR, and SVM have the highest accu-
racy (0.80), followed closely by RF (0.79). F-Score: adaboost and LR both have
the highest F-Score (0.59). Precision: adaboost and SVM have the highest pre-
cision (0.66). Recall: LR has the highest recall (0.55). ROC-AUC: adaboost and
LR have the highest ROC-AUC (0.86). RMSE: adaboost has the lowest RMSE
(0.44), indicating the best performance in terms of error.

Based on the metrics, adaboost seems to be the best overall performer. It has
the highest accuracy (0.80). It ties for the highest F-Score (0.59) and precision
(0.66). It has a very competitive recall (0.54). It shares the highest ROC-AUC
score (0.86). It has the lowest RMSE (0.44), indicating the least error.
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4.2.4 Xgboost model performance
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Figure 4.2: Confusion matrix and ROC curve for xgboost

The confusion matrix and ROC curve analysis of the xgboost model in figure
4.2 reveal the following:

The model accurately classified 302 instances as True Positives (TP) and 1373
instances as True Negatives (TN). Additionally, it misclassified 166 instances
as False Positives (FP) and 272 instances as False Negatives (FN). The ROC
AUC for this model is 0.84, signifying its robust capability to differentiate be-
tween the positive and negative classes.

The xgboost model demonstrates a commendable balance between sensitivity
and specificity, as evidenced by its strong ROC AUC score, underscoring its

overall effectiveness in class discrimination.
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4.2.5 Adaboost model performance

AdaBoost - Confusion Matrix AdaBoost - ROC Curve
1.0 A

1200

1000

0.6 1
- 800

Actual

- 600 0.4 A

True Positive Rate

- 400 0.2 A

—— ROC curve (area = 0.86)

- 200
0.0

0 1 0.0 0.2 0.4 0.6 0.8 1.0
Predicted False Positive Rate

Figure 4.3: Confusion matrix and ROC curve for adaboost

The analysis of the confusion matrix and ROC curve for the adaboost model
in figure 4.3 yields the following insights: The model accurately classified 301
instances as TP and 1388 instances as TN. It also misclassified 151 instances
as FP and 273 instances as FN. With an ROC AUC score of 0.86, the model
demonstrates a robust ability to distinguish between the positive and negative
classes.

The adaboost model showcases high accuracy and a strong ROC AUC score,
rendering it a dependable performer for this classification task. Its relatively
low rates of false positives and false negatives underscore its proficiency in
correctly identifying both the presence and absence of the target class. In sum-
mary, adaboost delivers reliable and efficient classification outcomes, striking

a commendable balance between sensitivity and specificity.
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4.2.6 Logistic regression model performance
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Figure 4.4: Confusion matrix and ROC curve for logistic regression

The analysis of the confusion matrix and ROC curve for the LR model in fig-
ure 4.4 reveals the following findings: The model accurately classified 330 in-
stances as TP and 1386 instances as TN. Additionally, it misclassified 153 in-
stances as FP and 244 instances as FN. With an ROC AUC score of 0.86, the
model demonstrates a robust capability to differentiate between the positive
and negative classes.

The LR model demonstrates high accuracy and a strong ROC AUC score, mak-
ing it a robust performer for this classification task. The relatively low number
of false positives and false negatives highlights the model’s capability in cor-
rectly identifying both the presence and absence of the target class. Overall,
Logistic Regression provides a reliable and efficient classification with a good

balance between sensitivity and specificity.
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4.2.7 Random forest model performance
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Figure 4.5: Confusion matrix and ROC curve for random forest

The evaluation of the confusion matrix and ROC curve for the RF model in
figure 4.5 yields the following observations: The model accurately classified
267 instances as TP and 1406 instances as TN. Furthermore, it misclassified
133 instances as FP and 307 instances as FN. With a ROC AUC score of 0.84,
the model exhibits a robust capability to differentiate between the positive and
negative classes.

The RF model demonstrates high accuracy and a strong ROC AUC score, mak-
ing it a robust performer for this classification task. The relatively low number
of false positives and false negatives highlights the model’s capability in cor-
rectly identifying both the presence and absence of the target class. Overall,
random forest provides a reliable and efficient classification with a good bal-

ance between sensitivity and specificity.
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4.2.8 KNN model performance
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Figure 4.6: Confusion matrix and ROC curve for k-nearest neighbour

The analysis of the confusion matrix and ROC curve for the KNN model in
figure 4.6 reveals the following results: The model accurately classified 304
instances as TP and 1298 instances as TN. Additionally, it misclassified 270
instances as FP and 241 instances as FN. With an ROC AUC score of 0.79, the
model demonstrates a robust ability to distinguish between the positive and
negative classes.

The KNN model exhibits a commendable balance between sensitivity and speci-
ficity, as indicated by its strong ROC AUC score, underscoring its overall effec-

tiveness in-class differentiation.
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4.2.9 SVM model performance
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Figure 4.7: Confusion matrix and ROC curve for support vector machine

The examination of the confusion matrix and ROC curve for the SVM model in
figure 4.7 reveals the following findings: The model accurately classified 290
instances as TP and 1409 instances as TN. Furthermore, it misclassified 284
instances as FP and 130 instances as FN. With an ROC AUC score of 0.82,
the model demonstrates a robust capability to distinguish between the positive
and negative classes.

The SVM model demonstrates a commendable balance between sensitivity and
specificity, as evidenced by its strong ROC AUC score, indicating its overall

effectiveness in class discrimination.
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4.3 Summary of the chapter

This section explores the association between customer churn ("Churn”) and
various independent variables, utilising metrics such as the matrix, accuracy

score, and receiver operating characteristic (ROC) curve to evaluate four ma-

chine learning models: LR, RF, SVM,adaboost, xgboost, and KINN.

The primary findings reveal that the adaboost model displayed superior perfor-
mance compared to other models. It achieved an AUC-ROC of 0.86, accuracy of
0.80, and macro-F1 score of 0.59. Following closely behind is logistic regression,
which attained an AUC-ROC of 0.86 and an accuracy of 0.80. The random for-
est classifier exhibited an AUC-ROC of 0.84 and an accuracy of 0.79, while the
support vector machine classifier yielded an AUC-ROC of 0.82 and an accuracy
of 0.80. Xgboost classifier similarly presented an AUC-ROC of 0.84 and an ac-
curacy of 0.78. Lastly, the k-nearest neighbors classifier recorded an AUC-ROC

of 0.79 and an accuracy of 0.75.

Furthermore, insights gleaned from the literature review indicate that logistic
regression, adaboost, and random forest models are frequently acknowledged
as the top-performing models for predicting customer churn, as evidenced by
their AUC-ROC and macro-F1 scores. Additionally, the results of the chi-
square test suggest that gender and phone services do not exert a significant

influence on customer churn.



Chapter 5

Conclusion

5.1 Conclusion

Within this study, six models that include LR, RF, SVM, KNN, adaboost, and
xgboost were employed to anticipate and compare customer churn, supple-
mented by descriptive and multivariate analysis to explore factors influencing
churn. The research concludes that payment method, senior citizen status,
paperless billing status, internet service type, tenure, contract type, monthly
charges, and dependents status significantly influence customer churn in the
telecommunication sector. Adaboost surpassed support vector machine, logistic
regression, random forest and k-nearest neighbors,xgboost models, achieving
an AUC-ROC score of 0.86, accuracy of 0.80, and macro-F1 score of 0.59. Find-
ings indicated that customers with month-to-month contracts exhibit higher
churn rates, while those with internet service, especially fiber optic, are more
prone to churn. Additionally, customers with longer tenures or higher total

payments are less likely to churn.
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This study made significant contributions to the telecommunication sector and
the field of machine learning by employing six machine learning models to pre-
dict and compare customer churn, complemented by descriptive and multivari-
ate analyses to identify key factors influencing churn. The research identified
critical factors such as payment method, senior citizen status, paperless billing
status, internet service type, tenure, contract type, monthly charges, and de-

pendents status as significant influencers of customer churn.

In the context of machine learning, the study demonstrated the superior per-
formance of the Adaboost model over other models, including SVM, LR, RF,
KNN, and xgboost, with an AUC-ROC score 0f0.86%, accuracy of 0.80%, and a
macro-F1 score of 0.59%. The findings highlighted that customers with month-
to-month contracts and fiber optic internet service exhibit higher churn rates,
while those with longer tenures or higher total payments are less likely to
churn. These insights provide valuable guidance for telecommunication com-
panies to develop targeted retention strategies and improve customer satisfac-

tion.

5.2 Recommendations

The researcher makes the following insights:

Target younger, individuals because they are more loyal compared to senior
citizens. Promote cost-effective services such as streaming Movies (like Netflix
specials) and Music, offering longer contract duration, possibly spanning a year

or two, since young people enjoy binge-watching series and listening to music.

Provide additional discounts for customers opting for one or two-year contracts
to incentives more customers to commit to longer terms. Implement a loyalty
rewards program where loyal customers receive complimentary services on se-

lect products for a month each year. Emphasise DSL over Fiber optic services
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as DSL tends to be more affordable, and customers are less likely to churn than
Fiber optic. Consider creating bundle family packages, encouraging younger
customers to sign up with their older family members or friends, as younger

customers without dependents or partners are more prone to churn.

5.3 Limitations of the study

The research constraint lies in the dataset’s size, as machine learning tech-

niques often benefit from extensive training data to enhance performance.

5.4 Future studies

Subsequent studies should focus on employing model hyperparameter tun-
ing to enhance performance and should also explore the utilisation of larger
datasets. Logistic regression and random forest are straightforward to im-
plement and can enhance prediction performance. They are also capable of
addressing overfitting issues through regularisation techniques. Therefore, I

recommend using these methods in future studies.
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Appendix

SOME SELECTED PYTHON CODES
churndata = pd.readcsv("WApn — UseC_Telco — Customer — Churn.csv”™)
churndata.info()

churndata.head()

Python codes for fitting logistic regression

Ir = LogisticRegression()
Ir.fit(Xtrain,ytrain)

pred = Ir.predict(Xtest)

Python codes for fitting Random Forest model

rf = RandomForest()
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rf.fit(Xtrain,ytrain)

pred = rf.predict(Xtest)



