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ABSTRACT:
Losing customers, or customer churn, is a major

problem for companies that has an impact on
growth and revenue. With the help of deep
learning techniques, this research seeks to
precisely identify which customers are most
likely to depart, allowing businesses to take
proactive measures to retain them. This study
uses sophisticated neural networks, such as
Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNSs), to identify
trends in consumer interactions and behavior.
To guarantee high predicted accuracy, the
process includes feature engineering, data
preparation, and model  optimization.
Effectiveness  will be assessed using
performance indicators like F1 score, recall,
and precision. Additionally, interpretability
methods like SHAP (Shapley Additive
explanations) will pinpoint the primary causes
of attrition, offering useful information to direct
client retention tactics.

KEYWORDS:

RNN, CNN, interpretability, SHAP, deep
learning, customer churn.

INTRODUCTION:

Losing customers, or customer churn, is a major
problem for companies, especially in fiercely
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competitive sectors like retail, subscription-
based services, and telecoms. Because it is
sometimes more expensive to acquire new
customers than to keep current ones, churn
affects revenue and raises operating costs.
Sustainable business growth depends on early
detection of at-risk clients and the application
of focused retention tactics.

Predictive modeling has become a potent
instrument to combat churn as a result of
developments in data analytics and machine
learning. The intricate linkages found in
consumer data are frequently missed by
conventional methods like logistic regression
and decision trees.The goal of utilizing deep
learning to predict customer churn in a
telecommunications project is to create an
accurate and interpretable deep learning-based
solution for customer churn prediction. The
study highlights how crucial it is to comprehend
the elements that contribute to customer
attrition in order for companies to create
proactive retention plans that will eventually
increase client happiness and loyalty.

Originally created for image processing,
convolutional neural networks, or CNNs, have
also been used in churn prediction, especially
when examining organized and tabular data.
CNNs, for instance, can provide a
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comprehensive picture of customer behavior by
simultaneously analyzing transaction volumes,
client demographics, and service usage. To
solve this problem, methods such as LIME
(Local Interpretable Model-agnostic
Explanations) and SHAP (Shapley Additive
explanations) have been created. Each
characteristic is given a contribution value by
SHAP, which highlights the elements most
important to a prediction. For example, SHAP
can show that high monthly fees and a brief
contract duration are the main causes of client
attrition for a specific market. Gaining the trust
of stakeholders and making meaningful
findings possible have been made possible by
this transparency
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A lot of research has been done on customer
churn prediction, especially in the telecom
sector. Although they highlighted their
shortcomings when dealing with complicated
data, Verbeke et al. (2012) showed how well-
suited traditional machine learning methods
like logistic regression and random forests are
for churn prediction. The superiority of deep
learning techniques is demonstrated by recent
investigations. For example, feedforward
neural networks were used by Guo et al. (2020)
and produced better accuracy than conventional
models.
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RNNs have demonstrated a great deal of
potential in identifying sequential consumer
behavior. RNNs were used by Wu et al. (2018)
to model temporal patterns in subscription-
based services and forecast churn. In a similar
vein, Verboven and Maeyer (2021) showed
how well CNNs analyze structured consumer
data. Interpretability is further improved by
methods such as SHAP (Lundberg and Lee,
2017), which provide information on the main
variables influencing churn predictions. These
findings highlight how crucial it is becoming to
combine explainable Al methods with deep
learning in order to successfully handle
customer attrition issues.

Progress in feature engineering also helped
deep learning models:

Behavioral characteristics: Temporal
characteristics have been created using call
detail records (CDRs), usage trends, and
complaint logs (ldris et al., 2012).Prior to
implementing churn models, customers have
been divided into various risk classes using
deep clustering techniques (Jahromi et al.,
2021).

Managing class imbalance (because churners
are frequently a minority), handling noisy and
incomplete data, and guaranteeing model
interpretability are among the difficulties.

CNN-LSTM  networks It has  been
demonstrated that churn prediction in telecom
datasets can be enhanced by combining CNNs
for high-level feature extraction and LSTMs for
temporal sequence modeling (Ahmed et al.,
2020).For increased accuracy and resilience,
some studies combine ensemble techniques like
Random Forests or Gradient Boosting with
deep learning models (Fawaz et al., 2019).

Review of the literature on artificial neural
networks (ANNSs) By discovering non-linear
associations in data, ANNs—one of the earliest
deep learning methods for churn prediction—
performed better than conventional models
(Huang et al., 2012).RNNs and LSTMs: RNNs
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and its variations, like LSTMs, gained
popularity because of their capacity to identify
temporal dependencies in consumer behavior
(Zhao et al., 2019).Although they are mainly
utilized in image processing, convolutional
neural networks, or CNNs, have also been used
to extract spatial patterns from structured
customer data when they are converted into a
pseudo-image (Zhang et al., 2020).

IMPACT OF CHURN IN TELECOM INDUSTRY
A

SG,,/&

f‘
/

0¥\ g

Because of their interpretability and simplicity
of use, decision trees and logistic regression
were two of the first models used for churn
prediction (Verbeke et al., 2012).By managing
nonlinear linkages and feature interactions,
Random Forests and Gradient Boosting
Machines were two ensemble techniques that
enhanced prediction performance (Lariviere &
Van den Poel, 2005).Support Vector Machines
(SVM): When working with unbalanced
datasets, SVMs were very useful in efficiently
classifying  churners and  non-churners
(Coussement & Van den Poel, 2008).Although
somewhat successful, these models had trouble
processing high-dimensional data and were
unable to automatically extract intricate
features.

Churn

Passive Churn

Creit Cara
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BACKGROUND STUDY:

The process by which customers end their
engagement with a business is known as
customer churn, or customer attrition. This
phenomena is common across a variety of
businesses, including banking, retail, e-
commerce, telecommunications, and
subscription-based services. Churn has a
significant financial impact since it not only
reduces revenue but also raises the cost of
recruiting new clients, which is frequently five
to ten times more expensive than keeping
current ones. As a result, companies seeking to
achieve sustainable development now place a
high premium on lowering attrition and
improving client retention.

In the past, companies used statistical models
and basic descriptive analytics to comprehend
consumer behavior. The majority of early
churn prediction systems were heuristic and
concentrated on  observable  customer
behaviors, including lapsed payments or
subscription  cancellations.  Based  on
characteristics including contract type, age, and
duration, statistical models such as logistic
regression have become a fundamental method
in this field, offering a probability-based
forecast of whether a customer would leave.
Although these techniques worked well for
small datasets, they frequently had trouble
capturing intricate, non-linear relationships
between variables. Machine learning became a
strong option for churn prediction as data
collection techniques and processing power
improvement.

Originally created for image processing,
convolutional neural networks, or CNNs, have
also been used in churn prediction, especially
when examining organized and tabular data.
CNNs are able to recognize hierarchical
patterns that conventional models frequently
overlook by interpreting features as a spatial
grid. For instance, CNNs can provide a
comprehensive picture of client behaviour by
simultaneously analysing transaction volumes,
customer demographics, and service usage.
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METHODOLOGY:

Data preprocessing, feature engineering, model
creation, and evaluation are some of the phases
in the deep learning approach used in the
telecom sector to forecast customer churn. The
methodology for churn prediction is described
as follows:

1. Gathering and Preparing Data
Techniques:

a) Internal Data Gathering b) External API Data
Data

2. Preprocessing  and

Considerations

Quality

Time-series structuring, categorical encoding,
data normalization, and data cleaning

Metrics including precision, recall, F1 score,
and AUC-ROC are used to assess the
performance of the model. These metrics offer
a thorough evaluation of the model's precision
and capacity to spot clients who are at risk. The
model's performance is thoroughly assessed

To explain the model's predictions, strategies
like SHAP and LIME (Local Interpretable
Model-agnostic Explanations) are used. These
techniques pinpoint the main causes of churn
and provide useful information for companies.

1. Shapely Additive explanations, or SHAP,
gives each feature a value that explains how it
contributes to a prediction. For example, SHAP
can show that short contract periods and high
monthly fees are the main factors that increase
a customer's risk of leaving. Both local and
global explanations are produced, offering
insights unique to each customer as well as the
overall significance of the feature.

2. LIME (Local Interpretable Model-agnostic
Explanations): LIME uses a more
straightforward, interpretable surrogate model
to mimic the deep learning model around a
particular prediction. This aids in determining
the variables that affected each person's
prediction.

using the following metrics: Customer
Classification
1. Precision: Shows the percentage of Pl
consumers that were accurately projected to Ag;hml
have churned out of all those that were
predicted to _have do_ng so. False positives are - N N m 1
reduced by high precision. i R RS Nf&'lfum Analysis Strulegy
2. Recall (Sensitivity): Indicates the percentage ‘
of real churned clients that the model accurately Factor
detected. False negatives are decreased by high Kats
recall.
3. F1 Score: A fair assessment statistic that is RESULT AND ANALSYS:
calculated as the harmonic mean of precision
and recall. The Telco Customer Churn Dataset was used to
train and evaluate the deep learning models.
4. AUC-ROC: Evaluates the model's capacity Features including user demographics,
to differentiate between clients who have subscription options, and service consumption
churned and those who have not across various were included in the dataset. The following
thresholds. Better results are indicated by a outcomes were attained by increasing model
value near 1. robustness through data preprocessing and
augmentation. CNNs showed power in
processing tabular data, but the RNN-based
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model fared better in capturing sequential customer
activities. The most important determinants of churn,
according to interpretability approaches, were contract
type, monthly charges, and tenure. To predict customer
attrition in a telecom company, we used deep learning
techniques, more especially a multi-layered artificial
neural network (ANN). Training (70%), validation
(15%), and testing (15%) sets were created from the
dataset.
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By using retention offers, the model can assist
identifying at-risk clients. Costs associated
with customer acquisition can be decreased by
using early attrition prediction, as early as six
months of tenure. Through the identification of
critical elements (such as excessive monthly
fees or subpar customer service), telecom
providers can enhance customer satisfaction
and lower attrition .

The model's ability to differentiate between
churners and non-churners was validated by the
ROC curve, which produced an AUC of 0.92 on
the test set. A good trade-off between genuine

positive and false positive rates was displayed
by the curve.

CONCLUSION AND FUTURE SCOPE

Final Thoughts and Prospects Scope: This study
effectively illustrated how deep learning methods can be
used to forecast customer attrition. Businesses can reduce
customer attrition and promote growth by implementing
focused retention tactics by precisely identifying at-risk
consumers and highlighting the main causes of churn.
Predictive model trust is increased by the application of
interpretability =~ methodologies,  which  guarantee
transparency and actionable insights.

Advances in real-time computing, deep learning, and data
analytics are propelling the fast changing field of
customer churn prediction. Although this work
demonstrates the promise of deep learning methods for
churn prediction, there are still a number of avenues for
investigation and development .Increasing the Dataset's
Size to Incorporate Real-Time Behavioral Analytics,
Streaming Data Integration, Future models can include
real-time data streams from customer interactions, like
patterns of mobile app usage, live customer service
discussions, and website browsing behavior. By using
streaming data, the system would be able to recognize
churn indications in real time and take prompt action.

Sentiment Analysis: Businesses can identify customer
unhappiness or churn risk by analyzing customer reviews,
feedback, and complaints in real time by incorporating
natural language processing (NLP) tools. Structured
datasets can benefit from extra context provided by tools
such as topic modeling and sentiment analysis.

loT Data Integration: Information from 10T sensors can
provide detailed insights into customer behavior and
service  consumption  trends for  sectors like
telecommunications or smart gadgets.Creating Hybrid
Frameworks Using CNNs and RNNs Together to Increase
Accuracy:

Architectures that are hybrid: More robust models can be
produced by combining the feature extraction power of
CNNs with the sequential modeling capabilities of RNNs.
For instance, in order to capture temporal dependencies,
CNNs can preprocess structured customer data into
feature maps, which are subsequently fed into RNNSs.
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