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Abstract: In the contemporary, fiercely competitive business environment, the retention of 
customers holds utmost significance for the continued growth and profitability of 
companies. Customer churn, which entails the defection of customers to rival services, 
stands out as a critical and prevalent challenge in a variety of sectors, spanning from 
telecommunications to e-commerce. This study delves into the realm of customer churn 
prediction, presenting an innovative approach that leverages machine learning and 
advanced feature selection techniques.The research utilizes a comprehensive dataset 
encompassing customer attributes, historical behavior, and churn labels. Employing state-
of-the-art machine learning algorithms, including decision trees, random forests, and 
support vector machines, a predictive model is developed to identify potential churners 
accurately. The distinctive aspect of this study lies in its feature selection methodology, 
which integrates recursive feature elimination (RFE) with feature importance ranking. This 
hybrid approach refines the feature set, eliminating irrelevant or redundant variables, 
thereby enhancing model efficiency and interpretability.Empirical results showcase the 
effectiveness of the enhanced feature selection approach in improving predictive accuracy 
and model performance. By identifying customers at risk of churning, businesses can tailor 
retention strategies, ultimately reducing customer attrition rates and fostering long-term 
relationships.This research contributes significantly to the field of customer churn 
prediction by introducing an innovative feature selection framework that can be applied 
across diverse industries, empowering businesses to proactively address customer churn 
and drive sustainable growth. 

Keywords:MachineLearning,Customer churn prediction, Churn in telecom, Featureselection, 
Classification. 
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1. INTRODUCTION

n the contemporary and intensely competitive 
business landscape, customer churn presents a 
substantial hurdle for organizations spanning 

diverse sectors. Often known as customer attrition 
or customer turnover, this phenomenon transpires 
when customers terminate their engagement with a 
company, opting to switch to a rival or discontinue 
their use of the company's offerings.The cost of 
acquiring new customers is often high, making 
customer retention a key focus for businesses 
aiming to enhance profitability and sustainable 
growth. Analyzing and predicting customer churn 
have, therefore, become critical endeavors for 
businesses seeking to maintain a loyal and satisfied 
customer base. 
 
In the era of big data and advanced analytics, the 
use of machine learning techniques has become 
increasingly prominent in the field of customer 
churn analysis. These sophisticated methods 
empower businesses to harness extensive datasets, 
allowing them to pinpoint patterns, trends, and 
influential factors that play a role in customer 
churn. By predicting churn behavior, companies 
can proactively engage with at-risk customers, 
implement targeted retention strategies, and 
maximize customer lifetime value. 
 
This paper's primary goal is to offer an extensive 
examination of the diverse machine learning 
methodologies employed in the analysis of 
customer churn. The examination will encompass a 
broad spectrum of research papers, academic 
literature, and industry reports published in recent 
years. Its aim is to furnish a comprehensive 
overview of the cutting-edge techniques used in 
predicting customer churn while providing valuable 
insights into their real-world application and 
effectiveness. 
 
The review will immerse itself in the fundamental 
stages of the customer churn analysis process, 
commencing with data preprocessing. Data 
preparation stands as a pivotal stride in any 
machine learning endeavor, given that data quality 
and relevance wield a profound influence on the 
accuracy of predictive models. The paper will 
explore various data preprocessing techniques, 
including strategies for handling missing data, 
feature scaling, and outlier identification, within the 
context of customer churn analysis. 
 
Following this, the paper will delve into the realm 
of selecting and evaluating machine learning 
algorithms for predicting churn. An array of 
algorithms, ranging from decision trees and random 
forests to logistic regression, support vector 
machines, neural networks, and ensemble methods, 
have found application in churn analysis. The 

review will scrutinize the strengths and limitations 
of these algorithms across different scenarios, 
shedding light on their suitability for various data 
types and business contexts. 
contexts. 
 
Feature engineering, another crucial aspect of 
machine learning-based churn analysis, will also be 
discussed in detail. This process involves selecting 
and transforming relevant features from the dataset 
to enhance the model's predictive performance. The 
review will explore different feature engineering 
techniques that have proven effective in customer 
churn analysis. 
 
Moreover, the paper will investigate the evaluation 
metrics used to assess the performance of churn 
prediction models. Accuracy, precision, recall, F1-
score, and ROC-AUC are some of the commonly 
used metrics to evaluate model effectiveness. The 
review will provide insights into the appropriate 
selection and interpretation of these metrics in the 
context of customer churn analysis.Finally, the 
review will examine the application of machine 
learning-based customer churn analysis across 
various industries, such as telecommunications, 
banking, e-commerce, and subscription services. It 
will highlight success stories and challenges faced 
in real-world implementations, shedding light on 
the practical implications of churn prediction in 
diverse business settings. 
 
This paper seeks to contribute to the understanding 
and advancement of customer churn analysis using 
machine learning techniques. By synthesizing 
existing research and literature, it aims to provide a 
comprehensive resource for researchers, 
practitioners, and decision-makers seeking to 
leverage machine learning for effective customer 
churn management and customer retention 
strategies. 
 

2. BACKGROUND AND RELATED WORK 

This section offers a concise overview of previous 
research related to customer churn prediction 
across various industries. It discusses the 
advantages and disadvantages of these studies, the 
algorithms they employed, and their corresponding 
accuracy. 
 
In the first study [1], the primary aim is to 
determine the optimal machine-learning approach 
for early client churn prediction. The data used in 
this investigation spans approximately nine months 
before churn occurs and includes information on all 
customers. The objective is to forecast the 
responses of existing customers to retain them. 

I 
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Several algorithms were tested, including stochastic 
gradient booster, random forest, logistic regression, 
and k-nearest neighbours. The accuracy rates for 
these algorithms were found to be 83.9%, 82.6%, 
82.9%, and 78.1%, respectively. By examining 
these algorithms from various perspectives, the 
study sought to identify the most effective 
approach among the four. 
 
In the study by another author [2], an analysis was 
conducted on customer churn within an enterprise 
resource planning (ERP) company operating with a 
software-as-a-service (SaaS) business model. This 
analysis involved the utilization of various machine 
learning algorithms to assess ten specific features 
selected through a combination of methods and 
expert insights. The results of the analysis 
highlighted the superior predictive performance of 
the random forest algorithm in the context of 
customer churn. Additionally, the study revealed 
that the number of products and customer-specific 
attributes played a significant role in influencing 
churn predictions. 
 
Another investigation [3] delved into the challenge 
of customer churn, evaluating a spectrum of 
machine learning techniques, including XGBoost, 
Gradient Boost, AdaBoost, ANN (Artificial Neural 
Networks), Logistic Regression, and Random 
Forest. Furthermore, the research explored deep 
learning methods such as Convolutional Neural 
Networks and stacked autoencoders to predict 
customer churn. The primary goal of this study was 
to compare these models based on their accuracy, 
with the aim of identifying the most effective 
approach for addressing the issue of customer 
churn. 
. 

 

3. DATASET DESCRIPTION: 

The customer churn dataset was obtained from 
Kaggle and includes customer information related 
to a fictitious telecommunications company 
offering home telephone and internet services to a 
total of 7,044 clients. This dataset indicates which 
customers have either terminated their service, 
retained it, or initiated the termination process. By 
examining the data associated with customers who 
have previously discontinued their service (referred 
to as the response) and assessing their 
characteristics and behavior (referred to as 
predictors) leading up to the churn event, 
comprehensive information was recorded and 
analyzed. 
 

4. MODELLING APPROACH 

The modeling methodology is depicted in Figure 

1. It commences with exploratory data analysis 
aimed at visually summarizing the dataset, 
identifying patterns, and detecting data 
irregularities. Subsequently, data preprocessing is 
applied to rectify incomplete, inconsistent, or 
missing data. Afterward, Recursive Elimination 
Features (REF) feature engineering is employed to 
identify the features that are most likely to impact 
the target class attribute. Once all these stages 
have been executed, the process advances to 
constructing various classification models. 
Ultimately, these models are assessed and 
compared using the evaluation metrics mentioned 
earlier. 

Fig. 1 Modelling Approach 
 

5. EXPLORATORY DATA ANALYSIS  

Exploratory Data Analysis (EDA) was employed 
through univariate frequency analysis to portray the 
fundamental characteristics of each attribute. This 
analysis encompassed parameters such as the 
minimum and maximum values, mean, standard 
deviation, and other statistical measures. 
Additionally, it was utilized to generate value 
distributions and detect any instances of missing 
data or outliers. 

 

 
Fig. 2 Churn Distribution 

As depicted in Figure 2, the data exhibits a 
notable imbalance with 73.5% (5174) instances of 
customers (illustrated in blue) who remained 
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without churn, while only 23.6% (1869) of 
instances represent customers (depicted in red) 
who experienced churn. This imbalance results in 
a skewed dataset, with a ratio of 73:27 in favor of 
the non-churned class.To address this imbalance, 
the study will explore an oversampling technique 
discussed in the following section. Furthermore, 
an analysis of the data, considering various 
features, will be conducted separately for each 
target value, aiming to gain valuable insights.

 
Table 1: Summary of Categorical Features 

 

I. DATA WRANGLING 

Data wranglinginvolves several subtasks aimed at 
transforming raw and often messy data into a 
structured and clean format suitable for analysis. 
One critical subtask is dealing with missing values.  
Incomplete data can compromise the reliability of 
analyses, which is why approaches such as 
imputation, involving the substitution of missing 
values with estimations derived from the data that 
is present, are utilized. 
Binning, another subtask, involves grouping 
continuous numerical data into discrete bins or 
categories. This simplifies analysis and reveals 
trends or patterns that may not be apparent when 

dealing with a large number of unique values. 
Binning is particularly useful for creating 
histograms and identifying data distributions. 
Data wrangling encompasses numerous other 
subtasks, including handling outliers, encoding 
categorical variables, scaling, and feature 
engineering. These tasks require careful 
consideration and domain knowledge to ensure data 
is appropriately transformed without introducing 
bias or distortion. Effective data wrangling ensures 
that subsequent analyses and modeling efforts are 
based on clean, reliable data, leading to more 
accurate and valuable insights. 

II. UNIVARIATE ANALYSIS 

Univariate Analysis focuses on a single variable at 
a time. It involves examining the distribution, 
central tendency, and dispersion of a single variable 
to understand its characteristics. Common tools for 
univariate analysis include histograms, box plots, 
and summary statistics like mean, median, and 
mode. Univariate analysis provides a foundational 
understanding of individual variables, aiding in 
identifying outliers, trends, and potential data 
issues. 
Figure 3 illustrates the distribution of values in the 
continuous numerical attributes Tenure, 
MonthlyCharges, and TotalCharges. It's evident 
that the distributions of these three attributes 
exhibit skewness due to the wide range of values 
they encompass. 
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Fig. 3 Univariate Analysis, Distribution Of 
(A) Tenure, (B) Monthly Charges, And (C) 

Total Charges Attributes 

III. BIVARIATE ANALYSIS 

Bivariate analysis is an analytical approach that 
concurrently investigates the interconnection 
between two variables. This method aids in 
comprehending how alterations in one variable may 
correspond to variations in the other. Techniques 
such as scatter plots, correlation coefficients, and 
contingency tables are employed. Bivariate analysis 
can reveal associations, dependencies, or 
correlations between variables, providing insights 
into cause-and-effect relationships.As depicted in 
Figure 4, both Tenure and Monthly Charges exhibit 
non-normal distributions with noticeable skewness. 
Tenure, in particular, displays a bimodal 
distribution, indicating that the majority of users 
had relatively short periods of less than 20 months 
of stay. Furthermore, Monthly Charges cluster 
around approximately 20 units for a significant 
portion of the population. 

 
 

 

 

 

 

 
Fig. 4 BivariateAnalysis 
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Fig. 5A. Contract And Churn 

 

 

 
FIG 5B. CONTRACT AND CHURN 

 

 
Fig. 6 Tenure And Monthly Charges 

Distribution. 

IV. Multivariate Analysis 

Multivariate analysis broadens the scope of 
analysis to encompass three or more variables, 
taking into account how they interact with and 
depend on each other. Techniques like multiple 
regression, principal component analysis, and 
factor analysis are used to unravel complex 
relationships within datasets. Multivariate analysis 
is invaluable for comprehensive modeling, 
dimensionality reduction, and pattern recognition. 

Findings: The majority of churned users were those 
with a Month-to-month contract and an active 
internet service subscription. 

 

Fig. 7A Frequency Distribution, Month-To-
Month Contract & Churn 

 
 
Findings: A significant majority of the customers 
who discontinued their service were subscribers to 
phone service.

 
Fig. 7B Frequency Distribution, Phone Service 

& Churn 
 

Each type of analysis plays a crucial role in data 
exploration and hypothesis testing, allowing 
analysts to derive meaningful insights from data, 
make informed decisions, and build predictive 
models. These techniques are fundamental in 
various fields, from business and finance to 
healthcare and social sciences. 

 

6. DATA PREPROCESSING 

Data preprocessing plays a pivotal role in 
enhancing data quality and the overall efficiency of 
predictive modeling. Raw datasets are often 
plagued by various issues, including noise, missing 
values, and inconsistencies, which can significantly 
impact the accuracy of mining outcomes. Using 
unprocessed data directly to build predictive 
models is generally discouraged as it can lead to 
suboptimal results. 
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Moreover, some machine learning algorithms may 
struggle to extract valuable insights from unrefined 
data. To address these challenges, this study 
employs a range of data preprocessing techniques. 
These techniques encompass data cleaning, 
integration, discretization, and reduction. By 
systematically addressing issues like noisy data, 
missing values, and inconsistencies, data 
preprocessing sets the stage for more robust and 
accurate data mining processes, ultimately leading 
to more meaningful and reliable results. 
 
7. PROPOSED FEATURE ENGINEERING 
 
When dealing with a customer churn prediction 
dataset, it is imperative to implement feature 
selection techniques to identify and retain the most 
pertinent attributes that influence churn prediction. 
Effective feature selection not only enhances model 
accuracy but also aids in reducing dimensionality 
and computation time.Here are some commonly 
used techniques for feature selection in customer 
churn prediction datasets: 
 
Correlation Analysis: Evaluate the correlation 
between each feature and the target variable, i.e., 
churn. Features exhibiting the highest absolute 
correlation coefficients are typically the most 
influential in predicting churn. 
 
Tree-Based Feature Importance: Utilize tree-based 
models like Random Forest or Gradient Boosting to 
assess feature importance. Features contributing the 
most to impurity reduction or error minimization 
are considered important. 
 
Recursive Feature Elimination (RFE): Implement 
RFE in conjunction with a machine learning 
algorithm (e.g., Logistic Regression or SVM). RFE 
iteratively removes less significant features until 
reaching the desired feature count. 
 
L1 Regularization (Lasso): Apply L1 regularization 
during model training, such as Lasso regression. 
This regularization technique enforces certain 
coefficients to become zero, identifying the 
selected features. 
 
Mutual Information: Compute mutual information 
scores between features and the target variable. 
Features with higher mutual information scores 
tend to be more informative for churn prediction. 
 
SelectKBest: Leverage the SelectKBest method 
from scikit-learn, employing statistical tests (e.g., 
chi-squared, ANOVA) to measure the association 
between features and churn. This method selects 
the top k features. 
 
Wrapper Methods: Employ wrapper techniques like 

Forward Selection or Backward Elimination, where 
features are incrementally added or removed based 
on their impact on model performance, such as 
accuracy or F1 score. 
Embedded Methods: Certain machine learning 
algorithms, including Lasso and Elastic Net, 
conduct feature selection as an integral part of their 
training process. You can opt for these algorithms 
to simultaneously perform modeling and feature 
selection. 
 
Principal Component Analysis (PCA): Apply PCA 
to reduce dataset dimensionality while preserving 
the most significant variance. PCA generates linear 
combinations of features that can capture 
underlying patterns. 
 
Information Gain: Employ information gain or 
entropy-based methodologies to gauge the decrease 
in uncertainty regarding the target variable when 
considering specific features. 
 
Domain Knowledge: Utilize industry expertise to 
recognize and select features recognized as 
pertinent in predicting customer churn. Domain 
knowledge serves as invaluable guidance in feature 
selection. 
 
It is vital to emphasize that the choice of a feature 
selection technique may rely on dataset 
characteristics and the machine learning algorithms 
under consideration. Employing multiple 
techniques and comparing their effects on model 
performance can assist in identifying the optimal 
subset of features for your customer churn 
prediction task. Furthermore, incorporating domain 
knowledge can offer valuable insights into the 
feature selection process and their interpretation in 
the context of your business challenge. In this work 
Recursive Feature Elimination (RFE) has been 
applied with Random Forest Regressor Fig 8 shows 
Model Performance, features and their RFE 
Ranking.  
 

 
 

Fig. 8A Model Performance and ROC 
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Fig. 8B Features and Their RFE ranking.  

8. PROPOSED ANALYSIS 

This section provides an in-depth exploration of the 
study's particulars, the methodologies it utilized, 
and the modules that played a crucial role. At the 
heart of this pursuit for improvement is the quest to 
discover the most potent solutions to tackle 
forthcoming challenges, drawing insights from 
present exemplars in the domain of machine 
learning. 
The primary objective of this study revolves around 
the prediction of customer churn, employing a wide 
array of methods, techniques, data preprocessing 
steps, and machine learning approaches. While 
many prior investigations have heavily relied on 
decision trees as a recognized method for 
identifying customer churn, it's essential to 
acknowledge that this conventional approach might 
not effectively address intricate issues. 
Interestingly, the study uncovers that streamlining 
the information can actually lead to an 
enhancement in the accuracy of decision trees. In 
specific scenarios, machine learning algorithms 
have found application in customer prediction and 
historical analysis. 

The proposed review methodology comprises 
several phases, as illustrated in Fig. 9. The study 
utilizes a dataset sourced from Kaggle, consisting 
of 7,044 instances and 21 attributes. In the initial 
two phases, data preprocessing and analysis are 
carried out. Subsequently, the data is split into two 
sets: a training set and a test set, with an 80% to 
20% ratio, respectively. The most widely 
recognized predictive models, includingDecision 
Tree, and Random Forest techniques, K-Nearest 
Neighbors (KNN), are employed to assess their 
impact on model accuracy. Ultimately, the goal is 
to develop a robust churn prediction system within 
a large-scale data platform. 
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FIG. 9 MODELLING LAYOUT 
 

 

 

 
9. MODELS PERFORMANCE  

KNeighbors 

KNeighborsClassifier Model Score before Up-
sampling. (0.7611940298507462) 

 
 
As you can see that the accuracy is quite low, and 
as it's an imbalanced dataset, we shouldn't consider 
Accuracy as our metrics to measure the model, as 
Accuracy is cursed in imbalanced 
datasets.Therefore, it is essential to assess the 
recall, precision, and F1 score for the minority 
class. It is evident that the precision, recall, and F1 
score for Class 1 are considerably low,i.e. churned 
customers.Hence, moving ahead to call 
SMOTEENN (UpSampling + ENN). 
KNeighborsClassifier Model Score after Up-

sampling. 
 
 
 

 
 
 
 
We can now observe significantly improved 
outcomes, with an accuracy of 97%. Furthermore, 
the metrics like recall, precision, and F1 score for 
the minority class exhibit very favorable 
performance. 
roc_auc_score for KNeighbours:  
0.9942219936634038 

       

          

          
          
          
          

https://irjeas.org/


 

35 
International Research Journal of Engineering & Applied Sciences | irjeas.org                               Vol.11 Issue 4 |October-December 2023 | pp 26-36 
 

 
Fig. 10 ROC KNeighbour Classifier. 

 
 

 
10. CONCLUSION 

In this research study, we applied Exploratory Data 
Analysis (EDA) and Recursive Feature Elimination 
(RFE) as feature engineering techniques to a 
telecom dataset. Our aim was to improve the 
performance of three distinct classifiers for churn 
prediction. We also examined the predictive results 
produced by these classifiers. It's worth noting that 
all three classifiers achieved an accuracy rate 
surpassing 79%. Furthermore, our investigation 
delved into the effectiveness of oversampling the 
minority class in the dataset.The experimental  

outcomes showcased that, in most evaluation 
metrics, the K-Nearest Neighbors (KNeighbour) 
classifier outperformed the other models. 
Furthermore, the application of the oversampling 
technique led to a substantial improvement in the 
performance of all classifiers.In conclusion, based 
on the findings, it is recommended that the K-
Nearest Neighbors (KNeighbour) algorithm be 
considered as the preferred choice for modeling 
churn prediction. 
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