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Abstract In the world of telecommunications businesses, customer turnover poses
a significant hurdle that can impact profits and weaken customer loyalty over time. Our
solution to this challenge involves a method using Machine Learning (ML) tools to pre-
dict churn, with precision. We work with a set of 7In our research study we examined
how well three different machine learning models performed. Random Forest (RF) Cat
Boost (CB) and K nearest neighbors (KNN). Out of these models tested the Random Forest
model stood out for its performance achieving 99 percent accuracy and precision along
with an 88 percent recall rate and a 99 percent F1 score; additionally, it achieved an AUC
of 0.99. These results clearly demonstrate the Random Forest model's ability, in identi-
fying customers who are likely to churn. The findings of this study hold importance for
telecommunications companies as they are equipped with a valuable resource to proac-
tively tackle customer turnover issues and customize solutions to retain key clients while
boosting overall customer happiness levels in an increasingly competitive market land-
scape where keeping customers is crucial for business success our research provides a
data supported roadmap for continual expansion and staying ahead in the telecom in-
dustry spotlighted in this abstract is the critical relevance of churn prediction for telecom
firms underscored by the tangible advantages of leveraging the Random Forest model
for predicting customer churn. By utilizing this advanced technology, telecom companies
can proactively identify at-risk customers and take targeted measures to prevent them
from leaving. This not only helps to retain key clients but also improves overall customer
satisfaction. In a constantly evolving market, having access to predictive analytics can
give companies a significant edge and ensure long-term success in the industry.
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1 Introduction

In the highly competitive telecommunications industry, customer churn has become a major challenge to contin-
ued success, and with rapid technological advancements, losing customers not only results in a major financial
setback but also damages a telecommunications company's brand reputation. With so many choices available
to consumers and the ability to switch providers with just a few clicks, telecommunications companies face an
uphill battle to gain customer loyalty.The consequences of losing this battle are grave: revenue decline, brand
degradation, and a reduction in market share. In response to the critical need for advanced solutions to miti-
gate churn, this paper presents a pioneering approach to churn prediction, leveraging the power of data-driven
methodologies and cutting-edge machine learning (ML) algorithms [1], The telecommunications industry is an ac-
tive ecosystem characterized by swift 239 technological developments and developing customer likings. In such
a fast-paced environment, companies must stay ahead of the curve to keep market significance and profitability
[2].However, amidst fierce struggle and ever-changing consumer behaviors, diminishing customer erosion left-
overs an intimidating contest for telecom providers. In the past, telecommunications companies have relied on
reactive measures to address customer concerns, often using generic protection strategies and/or relying on data
analysis of before [3].

Although these methods can help in the short term, they are not effective in providing a good solution to
customer turnover. In addition, the volume and complexity of data generated in communication activities make
it increasingly difficult to extract actionable insights using traditional analytical methods [3]. In this context, the
introduction of advanced machine learning (ML) technologies has revolutionized customer forecasting and man-
agement in the telecommunications industry. By using a large amount of customer data, communication compa-
nies can gain valuable insight into customer behavior, preferences, and early warning signs [4]. The goal of this
article is to explore the transformative potential of machine-learning-based churn prediction models to enable
mobile operators to identify and mitigate churn risks before they escalate. Our research aims to uncover the com-
plexities of customer conversion. Using a data set of 7,043 consumer histories, we investigate the complexity of
consumer behavior. These notes provide insight beyond the transaction; These notes reveal underlying patterns
of consumer thinking, preferences, and behaviors. Our goal is to develop a predictive model that not only identi-
fies potential fraudsters but also provides service providers with the tools to implement operational measures [5],
Our data set has 21 comprehensive attributes, each contributing to the overall analysis. These features include a
wide range of data, from basic demographics (age, gender, years of service) to service-specific metrics (monthly
price, contract type, and use television). The focus goes beyond individual attributes to their interactions. We use
the same analysis code to transform raw variables into a format that can improve the performance of machine
learning algorithms [6].

This framework builds on our model for data analysis: Demographics: Age, Gender, and Ethnicity - key at-
tributes that provide the primary context. Usage Examples: Monthly costs, total costs, and streaming TV us-
age—behavioral metrics that provide deep insights. Contract Details: Monthly contracts, one-year commitments
and two-year agreements - features that reflect customer loyalty and commitment. There are various tachnics
one is meta-learning techniques to improve overall system performance. The study provides practical insights
into how these hybrid systems can be implemented and highlights their benefits, offering valuable contributions
to the field of machine learning[23].

An important factor in the success of any machine learning model is pre-processing the data to meet the re-
quirements of the algorithm. In this context, one-hot analysis becomes an important pre-processing technique
for converting segmented data into a format suitable for ML analysis [7]. By representing the variables as binary
vectors, one-dimensional analysis enables machine learning algorithms to accurately identify patterns and rela-
tionships in the data, thereby improving the predictive performance of the example [8],This process is not only
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a technical part, but also a preparation stage that lays the foundation of the model. After converting the raw
variables into number vectors, the model can analyze and interpret the data.

Our model is more than a technical tool; This model is a strategic asset. Think of a tree that guides service
providers to prevent damage. With accurate forecasting, companies can take action before the end of the cus-
tomer relationship. This allows for the development of targeted retention strategies such as personalized offers,
loyalty programs and communications. Decision makers do not rely on intuition but on data-driven insights to
guide their strategic decisions.

Using churn prediction models driven by machine learning, telcos can realize a number of strategic benefits,
including proactive churn prevention, targeted retention strategies, and decision making. data-driven decision
making [9], With the ability to predict and prevent customer churn, service providers can implement targeted
interventions to increase customer loyalty and increase lifetime value. This paper presents a significant advance
in customer churn prediction in the telecommunications industry. By pioneering data-driven approaches and
demonstrating the usefulness of machine learning techniques in the field [10], our goal is to provide mobile
operators with the essential tools and insights they need to effectively address the complexities of customer
problems. Through proactive interventions and strategic decisions provided by predictive analytics, telecommu-
nications companies can build stronger relationships with customers, reduce the risk of losing customers, and
ensure success for a long time in a highly competitive market [11].

2 LITERATURE REVIEW

The authors investigated the relationship between customer satisfaction, switching barriers, customer perception,
and customer retention [12], They found a positive relationship between retention and customer satisfaction. Af-
ter studying the causes of customer turnover, low satisfaction indicates that customers are more likely to switch
to competitors. The study also finds that a reduction in transaction costs is positively associated with an increase
in customer retention. Overall, research shows that increasing customer satisfaction and reducing resistance to
change are key to long-term customer retention. According to [12], finding the reasons for customer turnover is
important to determine if a win-back program can be used to bring customers back. This targeted approach in-
creases the chances of winning back lost customers and restoring trust. By learning the root causes of customer
churn, companies can better retain customers and develop more effective win-back plans. Research on churn
models and algorithms: Algorithms such as regression, neural networks, and decision trees are the main topics
of research today. To increase the accuracy and effectiveness of churn predictions, further research can be done
on the use of machine learning techniques, including support vector machines, random forests, and deep learn-
ing models. In addition, combining sentiment analysis with consumer behavior research can provide in-depth
information to predict and avoid problems in a variety of industries. Further research is needed to evaluate the
effectiveness of various algorithms and models. This targeted approach can increase the chances of winning back
lost customers.introduction to various types of classifiers, explaining their functions and applications. This primer
is avaluable resource for researchers and practitioners seeking to understand the essential concepts and practical
uses of machine learning classifiers[13], A thorough review of the literature shows that while customer turnover
can seriously damage an organization’s revenue and potential for future growth, in practice it is considered a se-
rious problem. for customer relationship management. To retain customers, organizations must understand the
causes of customer dissatisfaction and take steps to address the issue. By implementing effective strategies that
include improving customer service, providing customized experiences, and collecting and measuring customer
feedback, companies can reduce the increase and improve all market activities. [14], Finally, reducing customer
turnover helps maintain current cash flows while fostering customer loyalty and long-term sustainable growth.

18



VAWKUM Transactions on Computer Sciences Volume 12, Issue 2, 2024

3 METHODOLOGY

3.1 Research Design:

To test the effectiveness of machine learning (ML) algorithms in predicting customer churn in the telecommuni-
cations industry, this study uses a quantitative research approach. The goal of this research is to create a reliable
customer churn prediction model that matches the strengths of quantitative research methods and is suitable
for analyzing large data sets and finding statistical patterns and relationships. Also, Figure 1 shows a general flow
diagram of the methods used during the investigation.
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Figure 1. Block Diagram of the entire process

3.2 Data Acquisition

The primary data source for this study is a large data set from the kaggle dataset [4], which contains 7,043 cus-
tomer records obtained from telecommunications providers. As shown in Figure 2, with specific information types,
each customer record is carefully documented with 21 unique characteristics that cover a wide range of customer
characteristics and usage behavior. This dataset provides a comprehensive basis for training and evaluating ML
models, as it includes both cases and non-cases.

3.3 Data Pre-processing

The dataset is subjected to extensive pre-processing before model creation to guarantee that ML algorithms
can use it. One-hot encoding, which transforms categorical variables into a binary format suitable for machine
learning analysis, feature scaling, which normalizes the range of feature values, and data cleaning, which handles
missing values and outliers, are crucial pre-processing techniques [14]. Improving the predicted accuracy and
generalizability of the models requires these pre-processing processes Models.

3.4 Feature Selection
Feature selection is one of the most important processes in helping the model perform better depending on input
properties, after hyper parameter tuning and data pre-processing. This is because, in order to manage feature
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selection, the correlation approach is used to find the characteristics that are more commonly linked with the
intended output. This is because the target output completely depends on the input attributes that are more
pertinent to or connected to the targeted output. The relationship is seen in Figure 3.
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Figure 2. Dataset detail with datatype

4 ML Model Development

The study investigates the effectiveness of Cat Boost, Random Forest, and K-Nearest Neighbors (KNN), three well-
known machine learning algorithms, in forecasting customer attrition. These algorithms were chosen because
they are widely used in predictive analytics and have a track record of success with categorization jobs. To maxi-
mize performance metrics, model development entails training each algorithm on the pre-processed dataset and
fine-tuning model parameters using strategies such as cross-validation [15].

4.1 Random Forest Model:

A classification system made up of several decision trees is called the random forest. Increased tree density
in the forest resulted in more accurate and robust predictions. In order to construct an uncorrelated forest of
trees whose committee prediction is more accurate than that of any single tree, it employs bagging and feature
randomization during the construction of each individual tree. Each tree in this process will produce its own output
from the given dataset, with the result that is obtained coming from the majority of the trees. This approach
creates numerical decision trees, where the tree selects any random attribute from the dataset. One benefit of
Random Forest is that it may be used to handle issues related to both classification and regression.

According to the Decision Tree model, the following significant characteristics or variables cause churning: It
is feasible to identify the services needed by customers to avoid attrition by identifying the critical elements that
contribute to churning. The feature significance can be used for this. The features are arranged here based on
priority. The most crucial elements are listed first, while the least crucial ones are listed last, Figure 3 illustrates
the order of significance for Contract-Month-To-Month, which is 0.517, Total Charges, which is 0.104, No Internet
Service, which is 0.093, DSL Internet Service, which is 0.0795, Monthly Charges, which is 0.0517, and Contract of
Two Years, which is 0.0464. One-year contract as 0.0419, one-to-twelve tenure group.
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4.2 KNN Model:

The k-Nearest Neighbors (KNN) algorithm is a straightforward and effective instance-based learning method that
classifies a new data point by finding the 'k’ most similar points, or neighbors, in the existing dataset based on a
chosen distance metric such as Euclidean or Manhattan distance. For classification tasks, KNN assigns the new
data point to the class most frequently represented among these neighbors through a majority voting process.
In regression tasks, KNN predicts the value by averaging the values of these nearest neighbors. KNN is highly
flexible, as it can be applied to both classification and regression problems, and it operates without a formal
training phase, making predictions based directly on the stored dataset. This simplicity and the interpretability
of its predictions—based on the proximity of similar instances—make KNN a powerful tool for scenarios like
customer churn prediction, where it can classify whether a customer is likely to churn by comparing them to
similar customers who have already been classified. However, KNN's performance is sensitive to the choice of 'k’
and the distance metric, and it can become computationally expensive with large datasets.

4.3 Cat Boost Model:
The gradient-boosting method CatBoost was created expressly to manage category information well. CatBoost
is especially well-suited for datasets with a mix of categorical and numerical features since, in contrast to typical
gradient boosting algorithms, it automatically handles categorical variables without the need for manual pre-
processing [16, 17].

To improve the prediction problem, CatBoost employs ordered boosting, a kind of gradient boosting that
groups weak learners in a certain order. This method uses a unique way to process the segment features to
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encode the segment variables in a tree-friendly format. This method combines one-temperature analysis with
index [18]. Cat Boost has become the industry standard for churn prediction due to its ease of handling seg-
mented data and its powerful performance across a wide range of data sets. By optimizing pre-processing and
improving model accuracy, Cat-Boost provides telecommunications companies with a useful method for quickly
determining customer turnover. Receiver operating characteristic curve (ROC) AUC, accuracy, precision, recall, F1
score, and other performance metrics are used to evaluate the effectiveness of churn prediction models [19]. This
measure provides a comprehensive picture of the overall predictive performance of the model and its accuracy
in classifying churn and non-churn events.

5 Evaluation

5.1 Precision

In churn prediction, Precision is a key metric that helps to evaluate the effectiveness of a machine learning model
in correctly identifying customers who are likely to churn. Churn prediction models typically classify customers
into two categories: those who will churn (positive class) and those who will not churn (negative class). Precision
focuses on the correctness of the model's positive (churn) predictions.

TP
TP + FP

(1)
Where,

* TP (True Positives): The number of customers correctly predicted as churners (i.e., customers who the
model predicted would churn and actually did churn).

+ FP (False Positives): The number of customers incorrectly predicted as churners (i.e., customers who the
model predicted would churn but actually did not churn).

5.2 Accuracy
In churn prediction, Accuracy measures the overall effectiveness of the model by calculating the proportion of
correctly predicted customers (both churners and non-churners) out of all customers. The method combines
multiple base models to improve the accuracy and robustness of outlier detection, demonstrating superior per-
formance compared to traditional approaches. Their research highlights the potential of ensemble methods in
enhancing data-driven anomaly detection techniques [20, 21].

While accuracy gives a general sense of the model's performance, it may not always be the best metric to focus
on in churn prediction, especially when dealing with imbalanced datasets.

TP+ TN
TP+ TN+ FP+FN

Accuracy =

(2)
Where,

* TP (True Positives): The number of customers correctly predicted as churners (customers predicted to
churn who actually did churn).

* TN (True Negatives): The number of customers correctly predicted as non-churners (customers predicted
not to churn who did not churn).

* FP (False Positives): The number of customers incorrectly predicted as churners (customers predicted to
churn but who did not churn).

* FN (False Negatives): The number of customers incorrectly predicted as non-churners (customers pre-
dicted not to churn but who actually churned).
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5.3 Recall

In churn prediction, Recall (also known as Sensitivity or True Positive Rate) measures the ability of a machine
learning model to correctly identify customers who are likely to churn. It is the proportion of actual churners that
the model successfully predicts as churners.

Recall =

TP
TP+ N (3)
Where,

* TP (True Positives): The number of customers correctly predicted as churners (customers predicted to
churn who actually did churn).

* FN (False Negatives): The number of customers incorrectly predicted as non-churners (customers pre-
dicted not to churn but who actually churned).

5.4 F1 Score:
In churn prediction, the F1 Score is a valuable metric that combines both Precision and Recall into a single measure,
providing a balanced view of the model's performance. The F1 Score is particularly useful when there is an uneven
class distribution (e.g., when the number of churners is much smaller than the number of non-churners), which
is often the case in churn prediction scenarios.

Precision x Recall

F1 Score =2 x Precision + Recall “)

Where,

* Precision: The proportion of correctly predicted churners (True Positives) out of all customers predicted as
churners (True Positives + False Positives).

+ Recall: The proportion of actual churners (True Positives) that were correctly identified by the model out of
all actual churners (True Positives + False Negatives).

6 LIMITATIONS

Although the aim of this study is to provide useful information on predicting churn in the telecommunications
industry, this study still has several shortcomings. Some of the possible disadvantages are the identification of
the data set, the quality and accessibility of the data, and the limitations of machine learning algorithms. In order
to achieve an accurate assessment of the research results, these limitations were acknowledged and addressed.
Additionally, the sample size of the data set used in the study may not have been large enough to fully repre-
sent the telecommunications industry as a whole. The quality and accessibility of the data could also have been
improved to ensure more reliable findings. Despite these limitations, efforts were made to utilize the most ad-
vanced machine learning algorithms available to enhance the accuracy of the predictions regarding churn in the
industry. By acknowledging and addressing these shortcomings, the research aims to provide valuable insights
for telecommunications companies looking to improve their customer retention strategies.

7 RESULTS AND EVALUATION

The evaluation method used in this study to evaluate the algorithm’s performance is the computation of the
F-measure value. All of the recommended models’ values are calculated prior to optimization in terms of data
pre-processing [19, 22], feature selection, parameter tuning, accuracy, precision, recall, F-measures, and AUC
value. Table 1 lists the corresponding algorithms for each of these procedures.
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Table 1. Before optimization accuracy metrics of ML models

Model Accuracy Precision Recall F1-Score AUC
Random Forest 86% 82% 93% 87 86
CatBoost 98% 98% 85% 98 0.98
KNN 95% 94% 82% 93 0.95

Before optimization, the model performance index is significantly improved. As shown in Table 2 (before op-
timization), the random forest model achieved 86% precision, 82% recall, 93% recall, 87% F1 score, and 86% AUC.
The KNN model has 75% accuracy, 72% precision, 80% recall, 76% F1 score, and 75% AUC. The CatBoost model
achieved 86% accuracy, 80% precision, 91% recall, 85% F1 score, and 86% AUC. In Table 2 (after optimization),
the performance of the random forest model is significantly increased to 99% accuracy, 88% precision, 99% re-
call, 99% F1 score, and 99% AUC. The accuracy of the KNN model increased to 83%, the precision increased to
79%, the recall increased to 91%, the F1 score increased to 85%, and the AUC increased to 83%. The CatBoost
model showed better results with 94% accuracy, 90% precision, 97% recall, 94% F1 score, and 94% AUC. This
improvement represents a significant enhancement in the model's ability to accurately predict customer churn.

Table 2. After optimization accuracy metrics of ML models

Model Accuracy Precision Recall F1-Score AUC
Random Forest 99% 88% 99% 99 99
CatBoost 83% 79% 91% 85 83
KNN 94% 90% 97% 94 94

Based on the resultsin Table 2 (after optimization), the random forest model is the most effective churn predic-
tion model. It achieves good measurements with 99% precision, 88% accuracy, 99% recall, 99% F1 score, and 99%
AUC. These results show that the random forest model is very effective in identifying churn with low errors and
provides high performance. The CatBoost model performed well, with 94% accuracy, 90% precision, 97% recall,
94% F1 score, and 94% AUC, demonstrating its ability to identify churn while maintaining a good balance between
precision and recall. The KNN model showed slight improvement, reaching 83% accuracy, 79% precision, 91%
recall, 85% F1 score, and 83% AUC, but it does not perform as well as the Random Forest and CatBoost models.

8 CONCLUSION AND FUTURE WORK

This study looks at the issues surrounding customer attrition in the telecom industry and emphasizes the need
for a proactive and anticipatory approach. By combining advanced machine learning algorithms, like Cat Boost,
with a customer record dataset, the research highlights the revolutionary potential of churn prediction models.
By analyzing client information and using algorithms like Cat Boost, the study achieves impressive predicted accu-
racy and dependability, enabling providers to make data-driven decisions and implement customized retention
tactics. Cat Boost's superiority in churn prediction is highlighted, highlighting its effectiveness in reducing churn
risks and promoting long-term customer loyalty. With the help of this research, churn prediction in the telecom
sector will develop significantly, giving telecom providers the knowledge and resources they need to prosper in
the face of changing customer behavior and intense competition. To sum up, this research lays the groundwork
for future developments in the area of customer churn prediction studies. Prospective research avenues include
examining group learning approaches, adding other data sources such as social media interactions, and devel-
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Figure 5. CComparison of the performance of ML models after optimization.

oping specialized churn prediction models for certain customer segments. Additionally, conducting longitudinal
studies to track changes in customer behavior over time could provide valuable insights into patterns that lead to
churn. Furthermore, exploring the integration of artificial intelligence and machine learning techniques could en-
hance the accuracy and efficiency of churn prediction models. Overall, the potential for growth and innovation in
this field is vast, and further research is crucial to staying ahead of evolving customer preferences and behaviors.
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