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Abstract: Predicting customer churn is essential for improving
retention and supporting long-term business growth. In this study,
we compared explainable machine learning models for predicting
customer churn using the IBM Telco Customer Churn dataset in
R. Our approach included data preprocessing, exploratory
analysis, model development, performance evaluation, and further
analysis. We developed and evaluated four classification
algorithms: Logistic Regression, Decision Tree, Random Forest,
and Extreme Gradient Boosting, using an 80:20 train-test split. We
assessed each model's accuracy, precision, recall, and FI-score.
Logistic Regression achieved the best performance, with an
accuracy of 82.30% on this dataset. Feature importance analysis
indicated that contract type, customer tenure, monthly charges,
total charges, and internet service were the key factors influencing
churn. These results suggest that explainable machine learning
offers both strong predictive performance and greater
transparency. The R-based framework we present provides a
practical, reproducible approach to support customer retention
strategies and help managers make evidence-based decisions in
customer relationship management.
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I. INTRODUCTION

In today's highly competitive digital economy, retaining

customers has become a key priority for organizations. Rapid
technological advancements, low switching costs, and the
availability of numerous competing service providers have
made it easier than ever for customers to change providers.
As a result, customer churn the decision of a customer to
discontinue a service has become a major concern because it
directly affects customer lifetime value, profitability, and
long-term business sustainability [15] [17]. The rapid growth
of digital technologies has enabled organizations to collect
large amounts of customer data from transactions, billing
records, online interactions, and service usage. These data
have created new opportunities for predictive analytics,
allowing organisations to identify customers likely to churn,
inform marketing strategies, and implement proactive
retention initiatives based on data-driven insights [10].
Machine learning has become an increasingly popular
approach to customer churn prediction because it can uncover
complex patterns and relationships in customer data that
traditional analytical methods may miss [20]. Algorithms
such as Logistic Regression, Decision Tree, Random Forest,
and Extreme Gradient Boosting (XGBoost) have been widely
adopted for their ability to produce accurate predictions and
support business decision-making [20]. Despite their strong
predictive performance, many machine learning models
operate as black-box systems, making it difficult for
managers to understand how predictions are generated. This
lack of transparency often reduces trust in analytical models
and limits their practical use in organisational decision-
making [1]. Explainable Artificial Intelligence has emerged
as an effective solution to this problem by making machine
learning models more transparent and easier to interpret. By
identifying the variables that contribute most to prediction
outcomes, Artificial Intelligence helps managers better
understand model behaviour and supports more informed,
evidence-based decisions [3]. Although customer churn
prediction has been widely studied, relatively few studies
present a complete and reproducible analytical framework
implemented entirely in R. To address this gap, the present
study compares the performance of Logistic Regression,
Decision Tree, Random Forest, and XGBoost using the IBM
Telco Customer Churn dataset [12]. Model performance is
evaluated wusing Accuracy,
Precision, Recall, and F1-
score, and feature
importance analysis is used
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to identify the variables that most strongly influence customer
churn. The proposed R-based framework provides a practical,
transparent, and reproducible approach for customer analytics
and business decision support.

II. LITERATURE REVIEW

A. Customer Churn Prediction in Customer Relationship
Management

Customer churn prediction is one of the most important
applications of predictive analytics in Customer Relationship
Management (CRM). Because retaining existing customers is
generally more cost-effective than acquiring new ones,
organisations increasingly use predictive models to identify
customers likely to leave and implement targeted retention
strategies [17]. Predictive analytics also supports customer
segmentation, personalised marketing, efficient allocation of
marketing resources, and customer lifetime value
management, helping organisations strengthen customer
relationships and improve business performance [18]. Recent
studies have shown that factors such as customer tenure,
contract type, monthly charges, payment method, and internet
service play important roles in predicting customer churn.
Understanding these factors enables organisations to identify
high-risk customers and design more effective retention
strategies [20]. Although predictive performance has
improved considerably, ensuring that machine learning
models remain understandable and useful to managers
remains an important challenge. Organisations increasingly
require predictive models that not only deliver accurate
results but also provide clear explanations for their
predictions [21].

B. Machine Learning Approaches for Customer Churn
Prediction

Machine learning has significantly improved customer
churn prediction by identifying complex patterns and
relationships within customer data that conventional
statistical techniques often fail to capture [20] [14]. Logistic
Regression remains widely used for its simplicity,
computational efficiency, and straightforward interpretation,
making it a reliable baseline model for binary classification
problems [11] [13]. Decision Tree models are popular
because they generate simple decision rules that are easy for
managers to understand and interpret [2]. Random Forest
improves predictive performance by combining multiple
decision trees into an ensemble model, resulting in greater
stability, robustness, and more reliable estimates of variable
importance [4]. Extreme Gradient Boosting (XGBoost) has
become one of the most effective machine learning
algorithms due to its ability to improve prediction accuracy
while controlling model complexity through gradient
boosting and regularisation [8] [22]. Since no single machine
learning algorithm consistently performs best across all
datasets, comparing multiple models remains essential for
identifying the most suitable approach for customer churn
prediction [20].

C. Explainable Artificial in Business

Decision Support

Intelligence

Although machine learning models often achieve excellent
predictive performance, many operate as black-box systems,
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making it difficult for users to understand how predictions are
produced [1]. Explainable Artificial Intelligence addresses
this issue by improving model transparency and helping users
understand the contribution of individual variables to
prediction outcomes [3]. Techniques such as feature
importance analysis, Local Interpretable Model-Agnostic
Explanations, Partial Dependence Plots (PDPs), and SHAP
provide valuable insights into model behaviour and make
predictive models easier to interpret [16] [19]. In customer
churn prediction, explainability enables organisations to
identify the key drivers of customer attrition and develop
more focused retention strategies based on actionable
business insights [6] [7] [9]. By combining comparative
machine learning with explainable analytics, the present
study provides a framework that not only delivers accurate
predictions but also supports transparent and informed
managerial decision-making [20].

III. MATERIALS AND METHODS

A. Research Framework

To assess the performance of explainable machine learning
models for customer churn prediction, this study uses a
quantitative, comparative research approach. Within a
reproducible R programming environment, the proposed
analytical approach combines data preprocessing,
exploratory data analysis, predictive modelling, model
evaluation, and explainability analysis. To enhance
managerial decision-making, the main goal is to evaluate the
predictive performance of advanced machine learning models
alongside traditional statistical models and identify the key
factors influencing customer churn.

WORKFLOW FOR IBM TELCO CUSTOMER CHURN ANALYSIS

1. IBMTELCO CUSTOMER CHURN DATASET
2. DATA PREPROCESSING

MODELING PHASE

LOGISTIC
REGRESSION

+ Data Cleaning ﬁ‘,‘ " /:;J R /\/ﬁ

+ Feature Engineering l:]”‘,x_ : A\ T ||Il| I
(e.9., Categorical Encoding, Numerical Scaling) e b oy

+ Handling Imbalanced Data ¢ 9 o /
., MOTE,undersampin {5 db YU
(eg 9 o000 || 44 //,

3. EXPLORATORY DATA ANALYSIS (EDA)

m \ﬁ Key 1n§§ms

Distributions  Correlations ‘chum by Cotrect Type’

4. TRAIN-TEST DATA SPLIT
Train Set

54 Dataset
Test Set
(70-80%) (20-30%)

0 1000

5. PERFORMANCE EVALUATION

+ Accuracy * Precision, Recall, F1-Score

6. EXPLAINABILITY ANALYSIS 7. MANAGERIAL DECISION SUPPORT

» Targeted Retention Campaigns
+ Improved Customer Service
+ Personalized Offers

[Fig.1: Research Structure of the Study]

The IBM Telco Customer Churn dataset is the first step in
the workflow. Data pretreatment and exploratory data
analysis (EDA) come next. Stratified sampling is used to
separate the processed dataset into training and testing sets.
Accuracy, Precision, Recall, F1-score, and AUC-ROC are
used to evaluate four machine learning models: Logistic
Regression (LR), Decision Tree
(DT), Random Forest (RF),
and XGBoost. The main
factors driving customer
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turnover are then identified through feature significance
analysis, thereby enhancing the model's interpretability. The
entire process is developed in R, offering a repeatable
framework for decision support and customer churn
prediction [5].

B. Dataset Description

The IBM Telco Customer Churn dataset, a publicly
accessible benchmark dataset frequently utilised in machine
learning and customer analytics research, is used in this work.
There are 7,043 customer records and 21 variables in the
dataset, including 20 predictor variables and one target
variable (churn). The target variable indicates whether a
customer has been retained ("No") or churned ("Yes").
Customer demographics, account information, subscribed
services, and billing details are all described by the predictor
variables. Tenure, contract type, internet service, payment
method, monthly prices, and total charges are significant
variables identified as important determinants of customer
churn. As a result, the dataset is ideal for creating and
evaluating machine learning models for predicting customer
attrition.

C. Data Preprocessing

Before model building, data preprocessing was done to
enhance data quality. After importing the IBM Telco
Customer Churn dataset into R, it was checked for
mismatched data types, duplicate records, and missing
values. Because it lacked predictive value, the customer ID
variable was eliminated. Total Charges' blank values were
replaced with missing values, and the variable was then
formatted numerically. The corresponding records were
removed because missing values accounted for less than 1%
of the dataset. There were no duplicate records found.
Numerical variables were retained in their original form,
whereas categorical variables were converted to factor
variables. Descriptive statistics and visualisations were used
to examine the cleaned dataset. Lastly, stratified random
sampling was used to split the data into 80% for training and
20% for testing. To ensure a fair and repeatable comparison,
the Logistic Regression, Decision Tree, Random Forest, and
XGBoost models were developed using the identical
preprocessed dataset.

D. Exploratory Data Analysis

To understand the characteristics of the cleaned dataset and
identify patterns relevant to customer churn prediction,
exploratory data analysis was conducted. The distributions of
numerical and categorical variables were examined, and their
interactions with the objective variable were investigated,
using both statistical summaries and graphical visualisations
in the R programming environment. Of the 7,032 customer
records in the final dataset, 5,163 (73.42%) were non-churn
customers and 1,869 (26.58%) were churn customers. The
percentage of churn cases was adequate for supervised
classification despite the dataset's moderate class imbalance.
As a result, several metrics, such as accuracy, precision,
recall, and Fl-score, were used to assess the model's
performance. According to descriptive statistics, the average
monthly and total costs were 64.80 and 2,283.30,
respectively, and the customer tenure spanned from 1 to 72
months, with an average of 32.42 months. Additionally,
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graphical analysis revealed that while gender showed
minimal differences between churn and non-churn groups,
month-to-month contracts, fibre-optic internet access, and
electronic check payments were more prevalent among
churned customers. The EDA insights informed the selection
and interpretation of predictor variables for the ensuing
machine learning models, validated the data preprocessing
techniques, and provided a preliminary understanding of
customer behaviour. The important customer attributes and
churn-related trends are graphically analysed in the ensuing
subsections

i) Distribution of Customer Churn

Before model development, the distribution of the target
variable (Churn) was analysed to evaluate the dataset's class
balance. 5,163 (73.42%) non-churn customers and 1,869
(26.58%) churn customers comprised the 7,032 customer
records in the cleaned dataset, as seen in Figure 2. Although
the dataset exhibits moderate class imbalance, the proportion
of churn cases is sufficient for supervised classification. The
observed churn rate underscores the importance of
developing reliable predictive models to identify customers
at risk of departing. Model performance was assessed using a
variety of criteria, such as accuracy, precision, recall, and F1-
score, to prevent false results resulting from class imbalance.
These results confirm that the dataset is appropriate for
comparative evaluation of the four machine learning models
considered in this study.

Distribution of Customer Churn

5000
4000
3000

2000

Number of Customers

-
(=]
=]
o

No Yes
Customer Churn Status

[Fig.2: Distribution of Customer Churn in the IBM
Telco Customer Churn Data Set]

ii) Distribution of Customer Demographic Characteristics

Customer demographic characteristics were examined to
understand the customer base's composition before model
development. Figure 3 shows that the cleaned dataset
comprised 3,483 female (49.53%) and 3,549 male (50.47%)
customers, indicating a nearly equal gender distribution and
the absence of demographic bias. The Senior Citizen variable
was also explored to examine age-related differences in the
customer population. Together, these demographic variables
provide useful background information for customer
segmentation and are retained as predictor variables in the
machine learning models. However, previous studies suggest
that demographic characteristics generally have less
influence on customer churn.
than contractual, financial,
Furthermore, service-
related factors; overall, the
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demographic analysis confirms that the dataset represents a
balanced customer population, providing a suitable basis for
subsequent predictive modelling and comparative evaluation
of customer churn models.

Distribution of Customers by Gender

2000
1000
0

Female Male

w
[=]
[=1
(=]

Number of Customers

Gender

[Fig.3: Customer Distribution by Gender]

Distribution of Senior Citizen Status
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[Fig.4: Distribution of Customers by Senior Citizen Status]

iii) Distribution of Service-Related Characteristics

Service-related variables were explored because they are
widely recognised as important predictors of customer churn.
Figures 5 and 6 present the distributions of Internet Service
and Payment Method. The analysis shows that month-to-
month contracts represent the largest customer segment,
followed by one-year and two-year contracts. Customers with
short-term contracts generally have greater flexibility to
switch service providers and are therefore more likely to
churn. The majority of customers subscribed to either fibre
optic or DSL internet services, while a smaller proportion did
not use internet services. In addition, electronic check was the
most frequently used payment method, followed by
automatic bank transfer, credit card, and mailed check. These
service-related characteristics provide valuable insights into
customer behaviour and are expected to play an important
role in churn prediction. Their predictive contribution is
evaluated in subsequent machine learning models and further
examined through feature-importance analysis.
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[Fig.5: Distribution of Customers by Internet Service]

Distribution of Payment Methods

2000

1500
: I
0

a6 410

Number of Customers

en
=
=

et nek
A 0 ¢

. a (@ o o ot Wal®

\

e o
gl

a0®
W
e’

Payment Method

[Fig.6: Distribution of Customers by Payment Method]

iv) Distribution of Numerical Variables

The numerical variables, namely tenure, Monthly Charges,
and Total Charges, were analysed using descriptive statistics
and graphical visualisations to gain insights into customer
subscription duration and expenditure patterns. The
distributions of these variables are shown in Figures 7 and 8.
The client base included both new and long-term members,
as evidenced by an average customer tenure of 32.42 months
(range: 1 to 72 months). Due to variations in subscription
services and price plans, monthly charges ranged from 18.25
to 118.75. The distribution of Total Charges, which ranged
from 18.80 to 8,684.80, was slightly right-skewed, indicating
that long-term clients incurred significantly higher service
costs. The observed differences in billing features and
subscription duration suggest that these factors provide useful
information for differentiating between customers who have
churned and those who have not. Accordingly, all numerical
variables retained  for
subsequent machine
learning modelling and
comparative evaluation.

Wwere
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Distribution of Customer Tenure
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[Fig.7: Distribution of Customer Tenure]

Distribution of Monthly Charges
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[Fig.8: Distribution of Monthly Charges]

v) Correlation Analysis

Before developing the model, a correlation analysis was
conducted to examine relationships among the numerical
variables (tenure, monthly charges, and total charges). A
correlation heat map was used to display the results of
Pearson correlation coefficient calculations. Customers with
longer subscription durations incurred higher service
expenses, according to the data, which showed a clear
positive association between tenure and total charges. Tenure
and Monthly Charges had a somewhat weak link, while
Monthly Charges and Total Charges showed a moderately
positive correlation. These results imply that different facets
of consumer behaviour are captured by subscription length
and billing features. Overall, there is no evidence of
significant multicollinearity among the numerical variables;
the correlation analysis indicates that all variables were
retained for subsequent model development, providing
complementary information for the comparative evaluation
of the machine learning models.

tenure

MonthlyCharges

TotalCharges

[Fig.9: Correlation Heatmap of Numerical Variables]

Retrieval Number: 100.1/ijmh.L189312120826
DOI: 10.35940/ijmh.L1893.12120826

Journal Website: https://www.ijmh.org 9

International Journal of Management and Humanities (IJMH)
; ISSN: 2394-0913 (Online), Volume-12 Issue-12, August 2026

E. Machine Learning Model Development

To predict customer churn, this study used four supervised
machine learning algorithms: Extreme Gradient Boosting,
Random Forest, Decision Tree (DT), and Logistic
Regression. These models were chosen because they
represent widely used classification methods with varying
levels of complexity and interpretability. Logistic Regression
served as the statistical baseline, and the increasingly
complex tree-based machine learning models were Decision
Tree, Random Forest, and XGBoost. All models were created
with an 80:20 stratified train—test split and the same
preprocessed dataset to guarantee a fair comparison. While
the testing data was set aside for performance assessment, the
training data were used to train the models. The models were
implemented using a standard machine learning package in
the R programming environment. The predictive performance
of each model was evaluated using multiple classification
metrics, including accuracy, precision, recall, and F1 Score.
The following subsections briefly describe the theoretical
foundations and implementation of each machine learning
algorithm used in this study.

i) Logistic Regression

Logistic Regression is a supervised binary classification
algorithm that estimates the probability of customer churn
using the logistic (sigmoid) function. The model is expressed

as
p(Y =1]X) = 1

1+ eXp(ﬁo + B Xy + B X+ + ﬁpo)))

where (P(Y=1|X)) is the probability of customer churn, £, is
the intercept, B are the regression coefficients, and (Xi)
represent the predictor variables. Logistic Regression was
implemented in R using the glm () function with the
binomial family.

ii) Decision Tree

Decision Tree is a supervised learning algorithm that
classifies observations by recursively partitioning the dataset
into homogeneous groups [23]. The CART algorithm was
used with the Gini Impurity Index as the splitting criterion,
defined as: Gini=1 — Y;(p;)? where p, denotes the proportion
of observations belonging to the i-th class, the model was
implemented in R using the rpart package and evaluated on
the test dataset.

iii) Random Forest

Random Forest (RF) is an ensemble learning algorithm that
combines multiple decision trees built from bootstrap
samples and random subsets of predictor variables. The final
prediction is obtained by majority voting: ¥, =
Mode{T, (x), T,(x),T3(x) .....Tg(x)} where ¥ is the
predicted class, T;(x) are the predictions of individual trees,
and B is the number of trees. The model was implemented
using the Random Forest package in R.

iv) Extreme Gradient Boosting (XG Boost)

Extreme Gradient Boosting is
a gradient boosting
algorithm that sequentially
builds decision trees to
minimise prediction errors
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while controlling model complexity through regularisation.
Its objective function is: obj = L + Q where L is the loss
function and on and Q is a regularisation term. The model
was implemented using the xgboost package in R and
evaluated on the test set.

F. Model Evaluation Metrics

The predictive performance of the four machine learning
models was evaluated using the confusion matrix and the
Receiver Operating Characteristic (ROC) curve. The same
evaluation framework was applied to all models to ensure a
fair comparison. The confusion matrix classifies predictions
into True Positives (TP), True Negatives (TN), False
Positives (FP), and False Negatives (FN). Based on these
outcomes, the following metrics were calculated: Accuracy,

TP
and Recall.
TP+FN

Characteristic (ROC) curve and the Area Under the Curve

Precision, The Receiver Operating

(AUC), with higher AUC values indicating better
classification performance, were used to evaluate the model’s
discriminative performance further. Together, these metrics
provide a comprehensive basis for comparing the predictive
performance of the four machine learning models.

IV. RESULTS AND DISCUSSION

A. Descriptive Statistics

The cleaned dataset contained 7,032 customer records after
removing missing values. Table-Il summarises the
descriptive statistics of the numerical variables. The average
customer tenure was 32.42 months, while the mean monthly
and total charges were 64.80 and 2,283.30, respectively. The
variability in these variables indicates differences in customer
subscription duration and service usage, making them
important predictors of customer churn.

Table-I: Descriptive Statistics of Numerical Variables

Variable N Mean Standard Deviation Minimum Maximum Median Skewness Kurtosis
Tenure (months) 7,032 32.42 24.55 1 72 29 0.24 -1.39
Monthly Charges 7,032 64.8 30.09 18.25 118.75 70.35 -0.22 -1.26

Total Charges 7,032 2,283.30 2,266.77 18.8 8,684.80 1,397.47 0.96 -0.23

Source: Computed by the Authors Using the IBM Telco Customer Churn Data Set

Table-I: Summarizes the descriptive statistics of the
numerical variables. The average customer tenure was 32.42
months, while the mean monthly and total charges were 64.80
and 2,283.30, respectively. The variation in total charges
reflects differences in customer tenure and service utilization.
Table-III presents the distribution of the categorical variables.
Male and female customers were almost equally represented,
while month-to-month contracts, fibre optic internet service,
and electronic check were the most common categories. The
target variable comprised 5,163 (73.4%) non-churn
customers and 1,869 (26.6%) churn customers, indicating a
moderate class imbalance that remained suitable for
supervised machine learning.

Table-II: Distribution of Customer Characteristics

Variable Category Frequency | Percentage (%)
Gender Female 3,483 49.53
Male 3,549 50.47
Month-to-
Contract Type month 3,875 55.11
One year 1,472 20.93
Two years 1,685 23.96
Internet Service DSL 2,416 34.36
Fiber optic 3,096 44.03
No Internet 1,520 21.62
Service
Payment Method Bank tran;fer 1,542 21.93
(automatic)
Credit card 1,521 21.63
(automatic)
Electronic
check 2,365 33.63
Mailed check 1,604 22.81
Customer Churn No 5,163 73.42
Yes 1,869 26.58
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Source: Computed by the authors using the IBM Telco
Customer Churn data set

The distribution of the main categorical variables is shown
in Table-II. The dataset included nearly equal numbers of
male and female customers. The most prevalent categories
were electronic check payments (33.63%), fibre optic internet
service (44.03%), and month-to-month contracts (55.11%). A
moderate level of customer churn was also indicated by the
26.58% of users who had stopped using the service. Overall,
the descriptive statistics indicate that the data set provides
sufficient variation in contractual, financial, service, and
demographic attributes to support the development and
comparative assessment of the machine learning models.
Additionally, the observed distribution shows that rather than
a single dominant feature, a variety of demographic,
subscription, and payment-related characteristics drive
customer churn. Predictive modelling is more reliable when
categories are balanced and well represented, as this reduces
the likelihood of bias during model training. Additionally, the
variety of contract kinds, online services, and payment
options provides useful data for identifying consumer
behaviour trends linked to churn. These descriptive insights
establish a solid basis for feature selection, model
development, and performance assessment. As a result, the
dataset is well-suited for developing reliable and broadly
applicable machine learning models to predict customer
churn.

B. Comparative Performance of Machine Learning
Models
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Table-III: Comparative Performance of Machine

Learning Models
Accuracy Precision Recall F1-Score
Model (%) (%) (%) (%)
Logistic 82.3 70.27 57.14 63.03
Regression
Decision 81.75 69.48 47.53 56.45
Tree
Random 81.89 68.36 48.05 56.44
Forest
XGBoost 81.47 69.03 51.1 58.73

Source: Computed by the authors using the IBM Telco
Customer Churn data set

With an accuracy of 82.30%, precision of 70.27%, recall of
57.14%, and an Fl-score of 63.03%, logistic regression
performed best overall. The Decision Tree, Random Forest,
and XGBoost models achieved similar results, but their recall
and Fl-scores were lower, suggesting reduced ability to
identify customers who churned or to detect customer churn.
Overall, the findings indicate that the best model for the IBM
Telco Customer Churn dataset was Logistic Regression. The
characteristics of this dataset favoured the more
straightforward Logistic Regression model, despite the
general expectation that ensemble approaches would achieve
higher predictive accuracy. Instead of assuming that more
sophisticated models will always perform better, these results
highlight the importance of objectively evaluating multiple
techniques.

C. Explainable Machine Learning Analysis

For practical decision-making in customer relationship
management, model interpretability is crucial, even while
predictive accuracy is important. The most significant factors
influencing customer churn, according to the feature
importance analysis, are contract type, customer tenure,
monthly charges, total charges, and internet service.
Customers with month-to-month contracts, shorter tenure,
and higher monthly charges are more likely to churn,
according to the findings. Customers with longer tenure and
long-term contracts, on the other hand, have a lower
probability of churn, indicating greater customer loyalty.
Churn prediction is also influenced by the type of internet
service, indicating that service characteristics influence
customer retention. By identifying consumer segments at
increased risk of turnover, these studies give managers useful
insights. Instead of using uniform marketing techniques,
organisations can use this information to create specialised
retention strategies, such as pricing plans, contract renewal
incentives, and personalised offers. In general, implementing
explainable machine learning into predictive modelling
enhances model transparency and facilitates evidence-based
decision-making for efficient customer churn management.

Monthly Charges by Customer Churn
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[Fig.10: Box Plot of Monthly Charges by Customer Churn]
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The figure above shows that customers on month-to-month
contracts have a much higher churn rate than those on one-
year or two-year contracts. These findings highlight the

importance of contractual commitment in retaining
customers.
Feature Importance for Customer Churn Prediction
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[Fig.11: Customer Churn Across Contract Type]

The relative importance of the predictor variables, as
determined by the Random Forest model, is shown in Figure
11. The most significant factors that contributed to customer
churn prediction were contract type, customer tenure,
monthly charges, and total charges.

D. Managerial Implications

The findings show that by identifying customers at high
risk of churn, predictive analytics can support proactive
customer retention efforts. Logistic Regression achieved the
highest overall performance, suggesting that accurate and
interpretable churn prediction can be made without the need
for extremely complex models. The primary causes of
customer attrition were identified through feature importance
analysis as contract type, tenure, monthly charges, total
charges, and internet service. These results enable managers
to implement targeted retention strategies, such as
encouraging long-term contracts, offering personalised
pricing or loyalty rewards, and enhancing service quality for
high-risk ~ customer segments. In  addition to
telecommunications, the proposed R-based framework
provides a practical, reproducible decision-support tool for
other customer-centric industries, including banking,
insurance, healthcare, and e-commerce.

V. CONCLUSION

This study used the IBM Telco Customer Churn dataset in
R to evaluate four machine learning models for customer
churn prediction: Logistic Regression, Decision Tree,
Random Forest, and XGBoost. Data preprocessing,
exploratory data  analysis,

model development,
performance evaluation,
and feature importance
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analysis were all part of a systematic approach. All four
models performed satisfactorily; the results showed that
Logistic Regression achieved the highest overall accuracy.
Additionally, the analysis identified the most significant
factors influencing customer churn as contract type, customer
tenure, monthly price, total charges, and internet service.
These results provide useful information for developing
targeted customer retention plans. The proposed R-based
framework supports data-driven decision-making and
provides a practical, transparent, and reproducible method for
predicting client attrition. However, the research is restricted
to four supervised machine learning techniques and a single
telecoms dataset. Future studies might compare other
machine learning and deep learning approaches, validate the
framework on larger, more varied datasets, and employ
sophisticated explainability techniques such as SHAP and
LIME. Overall, the results show that managerial decision-
making can be enhanced and effective customer attrition
prediction can be supported by combining explainable
machine learning with predictive analytics.
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APPENDIX

A.Variables and Their Measurement Scales

Table-I: Study Variables and Their Measurement Scales

Variable Description Type
Customer ID Unlque C!.lstomer Identifier
identifier
gender Customer gender Categorical
Senior Citizen Senior citizen status Binary
(0/1)
Customer has a .
Partner partner Binary
Customer has .
Dependents dependents Binary
Number of months .
Tenure . Numerical
with the company
Phone Service Subscrlptlor} to phone Binary
service
Multiple Lines Multiple phone lines Categorical
Internet Service Type ofl'ntemet Categorical
service
Online Security Online security Categorical
service
. li k .
Online Backup Online b.ac up Categorical
service
Device Protection Device protection Categorical
plan
TechSupport Techmcal‘support Categorical
service
Streaming TV Streamlp g TV Categorical
subscription
Streaming Movies Streammg movie Categorical
subscription
Contract Contract type Categorical
o Paperless billing .
Paperless Billing status Binary
Customer payment .
Payment Method method Categorical
Monthly Charges Monthly service Numerical
charges
Total Charges To_tal charges Numerical
incurred
Customer churn
Churn status (Target Binary
Variable)

Source: IBM Telco Customer Churn Dataset collected from Kaggle

B.Data Source:

The dataset used in this study was obtained from the Kaggle repository:
Dataset: Telco Customer Churn Dataset

Source: Kaggle

URL: BlastChar. Telco Customer Churn. Kaggle. Available at:

https://www.kaggle.com/datasets/blastchar/telco-customer-churn.
The machine learning models described in this paper were developed and

evaluated using this dataset, which includes customer demographics, service
subscriptions, account, and churn-related factors.
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