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Abstract. Customer churn or Customer attrition is a serious issue in the telecom-
munication industry. Today, most of the companies in the telecom sector face
this problem that leads them to lose revenue. To be successful in this business,
the company has to acquire new customers or retain its users. Acquiring a new
customer is significantly more expensive, ranging from five to seven times the
cost of retaining an existing one. Retention of the customer is highly required for
the company to continue to be successful in this highly competitive sector. As it
directly shows an impact on the revenue, telecom companies are in search of new
methods and strategies to minimize the switching of customers from one service
provider to another and to increase the loyalty of the customers. We proposed a
prediction model that helps these companies identify the churn of the customers
and the reasons for the churn so that they can come up with new techniques that
aid in the retention of the customers. The proposed model which is helpful in the
early detection of the customers who are likely to churn uses efficient algorithms
in machine learning such as Random Forest (RF) and Support Vector Machine
(SVM). The telecom customer churn prediction model uses the most suitable
approach and according to our experimental results, the model can achieve 95%
accuracy with the Random Forest classifier algorithm.

Keywords: Dark Channel Prior - Dehazing - Image Dimension - Image Quality -
Object Detection - Transmission Map - Visibility - Wavelet Transform

1 Introduction

Data has been rapidly increasing over the recent past years because of advancements
in the technologies in the telecommunication sector. The technical progress led to a
competitive environment which made it hard for telecom companies to gain new cus-
tomers. Most importantly, for businesses to continue making money, they must keep
their clients. The identification of the reasons that made customers leave the company
and minimizing them helps in retaining customers. Customer churn is a major concern
in the telecommunication service sector. On the other hand, customer churn prediction

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2025
Published by Springer Nature Switzerland AG 2025. All Rights Reserved

P. Pareek et al. (Eds.): IC4S 2024, LNICST 599, pp. 207-220, 2025.
https://doi.org/10.1007/978-3-031-77081-4_17


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-77081-4_17&domain=pdf
http://orcid.org/0000-0002-1628-0137
https://doi.org/10.1007/978-3-031-77081-4_17

208 P. Raju et al.

involves identifying customers who might churn and will improve revenue if addressed
early on.

1.1 Customer Churn

Customer Churn [1] is the tendency of customers to abandon a business and stop being
clients of a particular business. The churn rate, also referred to as the attrition rate, is the
degree to which consumers leave the company over time. Churn refers to the situation
where the customer leaves the company and switches to another which can happen for
many reasons mainly dissatisfaction with the service provided by the company, high
costs, unattractive plans, and poor support. In the telecommunication industry, it refers
to the situation where the user terminates their relation with their respective telecom
service provider and moves to another provider or drops their services. This can severely
affect telecom businesses in terms of revenue as gaining new customers costs high when
compared to retaining existing customers. It is critical to determine the causes influencing
churn because they have a direct impact on a company’s revenue.

1.2 Methods for Handling Customer Churn

It was shown by Dirk Van den Poel and Jonathan Burez that there are two approaches
to managing client attrition: proactive and reactive. Reactively, the business offers no
retention [2] incentives until the customer requests to terminate their subscription. The
business takes a proactive stance by identifying clients who are most likely to go and
providing them with exclusive deals to keep them around.

1.3 Machine Learning Approach

Machine learning [3] is highly efficient when it comes to predictions. To perform the
analysis [4], it provides the models [5] to automatically learn from past experiences.
By using algorithms that learn from data in iterations, machine learning enables sys-
tems to uncover hidden patterns without explicit programming to do so. Machine learn-
ing consists of three main approaches: unsupervised, semi-supervised, and supervised.
Supervised learning involves uncovering hidden patterns from labeled datasets, while
unsupervised learning entails finding patterns within unlabelled data [6].

2 Data Set
We downloaded the dataset churnBigML from the Kaggle website. It was imported in
two parts.

1) Churn-bigml-80 accounts for 80% of the data used in training.
2) Churn- bigml-20 represents 20% of the data used in testing.

This dataset has 19 attributes.

e The target parameter ‘churn’ has two values: ‘true’ and ‘false’.
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e If the value is accurate, it indicates that the specific customer is a churner—that is, he
moves to a different service provider. If the value is false, it indicates a non-churner
who stays with the service provider.

The dataset also includes the ‘international plan’ and ‘voice mail plan’.

“Voice mail plan’ and ‘international plan’ are categorical values with values ‘yes’ or
‘no’, where ‘yes’ indicates that the client has subscribed to the specific plan and ‘no’
indicates that the customer has not subscribed to the plan.

e The ‘Customer service calls’ function displays the number of calls received from
customers regarding services.

We also noticed that, except ‘churn’, ‘international plan’, ‘voice mail plan’, and
states, all features in the dataset are numerical.

2.1 Problem Definition

Churn Attrition or Churn rate prediction [7] is essential in the telecom industry as it
directly impacts the economic status of the company. If we can predict the churners at
an early stage, it will be a great help to telecom companies to retain them. Acquiring
a new customer is associated with high expenses. For the retention of customers, it is
necessary to predict the churn rate so that the company can analyze the disadvantages
underlying their services and identify the factors that make customers churn. To serve
this purpose, we are using some of the efficient algorithms in predictions like SVM and
Random Forest [8]. Performing required training on the dataset and using this data to
be trained by the above algorithms to get accurate results.

2.2 Objective

The primary objective of this paper is an early prediction of churning of the customer
i.e. to predict whether a customer is a churner or non-churner using appropriate machine
learning techniques [9] to achieve this we used algorithms like Support Vector Machine
and Random Forest. Also, we incorporate machine learning methods [10] to provide
suitable visualizations that help understand the dataset well.

3 Literature Survey

Siu, N.YM., Zhang [11] proposed an analytical CRM application that employs a sim-
ple support vector machine technique. This proposal presents a hybrid approach for
extracting interpretable rules from Support Vector Machine (SVM) models in customer
relationship management (CRM), utilizing SVM-RFE, SVM modeling, and Naive Bayes
Tree; the method is applied to an imbalanced dataset on bank credit card customer churn
prediction, demonstrating superior performance and improved rule comprehensibility
[12].

[13] Hossain, M. M. & Suchy, N. J. wrote a journal article titled “The Roles of
Justice and Customer Satisfaction in Customer Retention”. Using a randomly selected
group of 200 consumers who experienced [14] poor customer service at Hong Kong
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restaurants, they attempted to investigate the cumulative nature of customer satisfaction,
highlighting the mediating role of justice in the relationship between before-satisfaction
and after-recovery comfort. They also explore how post-recovery satisfaction affects the
characteristics of equity in determining customer retention.

[15] Verbraken, Maldonado, and Flores suggested a profit-driven feature selection
strategy utilizing SVM. They proposed a profit-driven approach for classifier devel-
opment and feature selection based on Support Vector Machines, which outperformed
traditional strategies in terms of commercial goals. Churn prediction, which is crucial
for customer retention, confronts issues in dealing with information overload caused by
sociodemographic and behavioural characteristics.

[16] A. Krzyzak and J. X. Dong introduced a fast Support Vector Machine [17] (SVM)
training technique, which incorporates kernel caching, and reducing strategies, as well
as efficient stopping situations within the SVM decomposition framework, resulting in a
9-fold speed improvement over Keerthi et al.’s enhanced [18] SMO on MNIST. Training
10 one-one-against-the-rest classifiers on MNIST using PCA provides flexibility for a
range of engineering applications.

[19] J.C. Platt demonstrated a fast-training strategy for support vector machines
using SMO. This study describes a parallel implementation of SMO (Sequential Min-
imal Optimization) for training SVM using MPI, which reduces computing time for
huge problems by partitioning the data and concurrently processing subsets, resulting in
considerable speedups on datasets such as adult, MNIST, and Web data [20].

[21] Michael Haenlein proposed SVM-based attrition prediction in the telecom sec-
tor. In response to increased global competition, customer attrition, which is notably high
in the telecommunications sector at 30%, necessitates the use of predictive models. This
work presents an advanced methodology for predicting churn in the mobile telecom-
munications industry using Support Vector Machines with four kernel functions. Model
performance is evaluated using a gain measure on a dataset having 21 attributes for each
of its 3333 entries.

[22] Benlan suggested a Support Vector model-based approach for predicting cus-
tomer churn and used a random sampling technique to improve [23] the SVM model
by addressing the uneven nature of customer data. An SVM builds a hyperplane in an
n-feature space that can be used for classification. The sampling approach [24] can be
used to change the distribution of the data and alleviate the imbalance caused by the low
number of churners.

[19] To address data distribution issues, Y. Xie and colleagues employed an extended
balanced random forest (IBFR) model that incorporated both balanced randomly pro-
duced forests and scaled random forests. IBRF includes iteratively learning the best
characteristics by changing the class distribution and imposing larger penalties for mis-
classifying minority classes. The study used a Chinese bank dataset and found that IBRF
beat decision trees and support vector machines in terms of accuracy.
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4 Working Model

4.1 Data Collection

The first step of working is to collect data that is suitable for analysis. We used the
ChurnBigMI a set containing 3335 rows and 19 columns. This dataset contains prameters
like state, account length, customer service calls, etc.

4.2 Data Preprocessing

We proceeded to the preparation step after thoroughly understanding the data. Prepro-
cessing is an important first step in any machine-learning project since it prepares data
for future machine-learning models. This preprocessing step in our model includes two
steps.

4.2.1 Cleaning of Data

The data cleaning process involves handling missing values and null values. However,
our chosen data contains no missing or null values. So, we are not removing any rows
in our dataset.

4.2.2 Encoding of Categorical Values

As mentioned above, our data contains an international plan, voice mail plan, and churn
having categorical values in the form of either yes/no or true/false. We used a label
encoder from Scikit-learn to serve the purpose of transforming the categorical values
into numerical values for further analysis. The following are the observations from this
preprocessing step.

e Firstly, the ‘voice mail plan’ and ‘international plan’ having yes/no values are
converted into 1/0 respectively using a label encoder.

e Using alabel encoder, the ‘state’ column is transformed into distinct numerical values.

e Then, ‘churn’ has values as ‘true’ and ‘false’ converted into O and 1 respectively.

4.3 Feature Selection

After performing the preprocessing step, now we are finally able to find the relation
among multiple features that are there in our dataset. In this step, we find the important
features that can affect the target variable churn and this step helps us drop some columns
that are not related to churn. We use bar plot graphs to find the relation existing between
the churn and other parameters in our dataset.

The relation between the International Plan and Churn (see Fig. 1), most users have
not subscribed to the international plan; yet, those who have are less likely to leave the
service.

The relation between Voicemail Plans and Churn (see Fig. 2), most customers have
not subscribed to the voicemail plan, but those who have are less likely to discontinue
service.
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Fig. 2. Relation Between Voicemail Plans and Churn

The relation between Area Code and Churn (see Fig. 3), the second area has the
largest user count. While there are many churners in this region, it cannot be definitively
claimed that the area code influences churn behavior, as the increased churn rate could
be attributed to the larger number of users compared to other areas. Customer service
calls’ is an influential feature among all the features in the dataset as it affects attrition
in a significant way.



Telecom Customer Churn Prediction Using Machine Learning 213

1400 chum
1600 N}

- )
1200

1000

count

408 415 510 408 45 510
area code area code

Fig. 3. Relation Between Area Code and Churn

Below (see Fig. 4) is a very high digit of users who have communicated with the ser-
vice provider’s customer service at least once. Customers who have only been approached
once are much more likely to remain loyal to their telecom provider. We can conclude
that customer support calls are directly related to the desired churn feature.

chum

-]

800

0 0
0 1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9
customer service calls customer service calls

Fig. 4. Relation Between Customer Service Calls and Churn
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The Correlation Matrix (see Fig. 5) shows how each attribute relates to the churn
variable. Based on the matrix, we can conclude that customer service calls, international
plans, total day charges, and total day minutes are strongly connected with turnover and
have an impact on it. Total overseas calls, amount of voicemail messages, and voicemail
have a lower correlation with churn.
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Fig. 5. Correlation Matrix

4.4 Model Selection and Development

After analyzing our data, we determined that some characteristics, such as state, area
code, and account length, should be removed because they have a low impact on churn
and add little value to the churn. We will go on to the rest of our data when we have
dropped the columns. Moving on to the next phase, model creation, which comprises
defining the model and selecting the necessary algorithms to build it. As previously
noted, we used 80% of the data for training and 20% for testing. We train the model on
80% of the data using the machine learning methods Random Forest (RF) and Support
Vector Machine (SVM).

4.4.1 Support Vector Machine (SVM)

SVM [25] works by generating a dimensional space with several dimensions from the
input provided to it. The hyperplane that increases the distance between the various



Telecom Customer Churn Prediction Using Machine Learning 215

classes is then identified. The positions closest to the optimal boundary—the support
vectors—are critical to the model’s development. The decision boundaries, or support
vectors, define the hyperplane itself. The margin is the distance between the near-
est data points or support vectors in each class and the hyperplane. A higher margin
suggests improved model performance. To use this algorithm, we imported it from
sklearn.ensemble. While working with this approach to develop the model, we utilize
random state = 10.

4.4.2 Random Forest Classifier (RFC)

Random Forest Classifier is an ensemble technique that generates several new datasets
from our original dataset and trains a decision tree on each bootstrapped dataset indepen-
dently. Each tree is based on arandomly selected subset of features. Random Forest Clas-
sifier is a good algorithm in terms of accuracy. The difficulties associated with decision
trees, such as excessive variance and overfitting, can be considerably mitigated by utiliz-
ing a random forest classifier. RFC decreases variance by using random data sampling,
which entails creating several random samples of data for training and using random
feature subsets. Instead of employing a single tree, RFC employs many trees to avoid
the overfitting problem. To use this algorithm, we imported it from sklearn.ensemble.
While working with this algorithm, we generated ten random trees with max_depth=4,
n_estimators=6, and random_state=0, using customer service calls, international plans,
total day minutes, and so on as root nodes for random decision tree nodes.

4.5 Model Evaluation

After creating the models, itis critical to evaluate their efficiency. To do this, we employed
the evaluation metric ‘accuracy’. Accuracy is the most used criterion for assessing model
efficiency. After applying this statistic to our SVM and Random Forest models, we
discovered that both achieved an accuracy of 85% and 95%, respectively. So we found
that in our project study, Random Forest outperforms SVM and delivers more accurate
forecasts. The statistics below depict the accuracy we achieved after applying accuracy.

5 Implementation

After learning about the project, we are ready for the implementation, which includes
installing an IDE like Visual Studio Code to work with, importing required libraries and
software, performing required actions discussed in the project, and finally developing a
useful interface that a user will find useful to work with.

e Install Visual Studio Code and get Python extensions to run the project.

e Importing fundamental packages and libraries (e.g., numpy, pandas, matplotlib,
seaborn) is necessary for reading CSV files, running calculations, and creating
visualizations.

e Importing needed algorithms: After preprocessing, we train models using training
data using SVM and RF techniques. After comparing the models using assessment
measures, we select the best model in terms of accuracy. We compare different models,
Random Forest and SVM, to get maximum accuracy.
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e Using the Flask Framework: Flask is a small and lightweight Python framework
that provides useful features and tools for the creation of Python web applications.
Because training a machine learning [19] model requires computational resources,
we do not want our model to repeat the training process. Python’s pickle module
allows us to serialize and deserialize objects so that we can save our classifier in its
current state and reload it whenever we need to categorize new data without having
to retrain the model using the training data.

e To work with the framework, we must import Flask and Pickle into app.py.
Pickle.load() serializes our object, then pickle.dump() deserializes it. After saving
this application as app.py, we can either type ‘python app.py’ in the terminal or
launch the.py file directly in the Visual Studio Code editor by selecting the ‘launch
without Debugging’ option. Then a URL will be displayed; copy it and paste it into
any browser to view the app in action.

6 Results

This section exhibits the project’s web application results displayed below (see Fig. 6)
and (see Fig. 7) displayed below. First and foremost, our project’s primary purpose is to
predict client attrition. To serve this, when we pass some parameters to the application’s
interface, it will process them and display the predicted results. The prediction results
are based on the model trained with the best techniques available. We employed the
SVM and RF algorithms, and the best one was declared as the RF in terms of accuracy.

The Customer may change the network

Input Features
v : D 1
International Plan v Voice mail Plan v| Number vmail messages
Total day minutes Total day calls Total eve minutes
Total eve calls Total night minutes Total night calls
Total intl minutes Total intl calls Customer service calls

PREDICT

Fig. 6. Customer Changes in the network based on the input features

Two distinct algorithms Random Forest depict trumps SVM producing more accurate
predictions. The accuracy of SVM is 85.90 (see Fig. 8), whereas the accuracy of Random
Forest is 94.75 (see Fig. 9).
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Fig. 8. Accuracy attained with SVM.

(] model2 = RandonForestClassifier()
model2. fit(X,y)
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[ ] pred = model2,predict(test)
score = accuracy_score(act,pred)
print(score)

0,9475262368815592
Fig. 9. Accuracy attained with RF
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7 Conclusion and Future Work

The primary goal of this Telecom Customer Churn Model is to detect churn among their
subscribers in advance using effective Machine Learning techniques. The proposed app-
roach shows how to use machine learning algorithms such as SVM and Random Forest
(RF). Using these approaches, we discovered that the models trained on them are effi-
cient in predicting churners and non-churners, with SVM accuracy of 85% and RF of
95%. According to our experimental results, the Random Forest algorithm is effective
at predicting churners with an outstanding accuracy of 95%. The significance of this
study resides in its evaluation of multiple machine learning algorithms to determine
their efficacy in churn prediction in the telecom business. These findings give tele-
com firms valuable insights into the most successful algorithms for predicting customer
turnover, influencing their decision-making processes when developing retention tactics.
Telecommunications firms can use this model to devise strategies that help them retain
consumers while also increasing revenues.

To improve the prediction model’s accuracy, the proposed methodology suggests
adding new variables and employing feature selection methods. Improving the dataset’s
balance may also benefit the model’s overall performance.
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