2’ N3y

‘7 TISREM
e-Journal
R

Volume: 07 Issue: 06 | June - 2023

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.176 ISSN: 2582-3930

CUSTOMER CHURN PREDICTION IN THE TELECOMMUNICATION
INDUSTRIES USING RNN

Dr.S.Satyanarayana
Professor, Malla Reddy University
Hyderabad

drssnaimll@gmail.com

Hyderabad

Laxmiprashanth Reddy Chandrapu
Student, Malla Reddy University

2011cs020070@mallareddyuniversity.ac

Krishna Reddy Chilkuri
Student, Malla Reddy University
Hyderabad
2011cs020069@mallareddyuniversity.ac

.in

.in

Akshay Reddy chada Himakar Chigurupati
Student, Malla Reddy University Student, Malla Reddy University
Hyderabad Hyderabad

2011¢s020067 @mallareddyuniversity.ac

2011cs020068 @mallareddyuniversity.ac

.n -in

ABSTRACT:

Customer churn is major concern in the telecommunication
industry, as losing customers can drastically impact revenue
and market share. Predicting the reason for customer churn
iS a proactive measure to retain customers and improve
overall business performance. In this research, we
introduced a deep learning approach using Recurrent Neural
Networks (RNN) for customer churn prediction in the
telecommunication industry. RNNs are very familiar with
sequential data analysis and can effectively capture temporal
dependencies on customer behavior. With historical
customer data, including usage patterns, billing information,
and service interactions, train the RNN model. The model
learns to recognize patterns and relationships between
various customer attributes and churn behavior. To evaluate
the performance of the proposed approach, we conducted
experiments using a real-world telecommunication dataset.
The RNN model showed greater predictive accuracy than
traditional machine learning algorithms, such as logistic
regression and decision trees. Additionally, we employed
various techniques, such as hyperparameter tuning and
cross-validation, to optimize the model's performance. The
results indicate that the RNN-based approach can effectively
predict customer churn in the telecommunication industry.
Overall, this study contributes to the understanding and
knowledge of customer churn prediction in the
telecommunication industry. The proposed RNN-based
approach offers a powerful prediction method for
telecommunication companies to make informed decisions
regarding customer retention, leading to improved business
outcomes and enhanced customer loyalty.
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INTRODUCTION:

The telecommunications industry is highly competitive,
with numerous service providers vying for customers'
attention. One of the critical challenges faced by
telecommunication companies is customer churn—the
loss of customers to competitors or discontinuation of
services. Customer churn not only impacts a company's
revenue but also hampers its market position and
customer loyalty. Therefore, accurately predicting
customer churn and implementing effective retention
strategies is of paramount importance in the
telecommunications sector. In the present situation, deep
learning techniques have emerged as key tools for
analyzing complex and sequential data. Recurrent Neural
Networks (RNNs), a type of deep learning model, have
shown significant promise in capturing temporal
dependencies and patterns in various domains. Using
RNNs to predict customer churn in the
telecommunications industry can gain valuable insights
and help companies mitigate churn rates. This study aims
to develop the capabilities of RNNs to develop a robust
customer churn prediction model tailored specifically for
the telecommunications industry. By analyzing historical
customer data, such as usage patterns, billing information,
and service interactions, the RNN model can learn and
recognize hidden patterns indicative of potential churn.
Unlike traditional machine learning algorithms, RNNs
excel at handling sequential data, making them suitable
for capturing the time-dependent nature of customer
behaviors. To evaluate the effectiveness of the RNN-
based approach, real-world telecommunication datasets
will be utilized. The performance of the RNN model will
be compared against traditional machine learning
algorithms commonly used in customer churn prediction.
Additionally, techniques such as hyperparameter tuning
and cross-validation will be employed to optimize the
model's predictive capabilities. The findings from this
research can empower companies to make data-driven
decisions, improve customer satisfaction, and maintain a
competitive edge in the dynamic telecommunications
landscape
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Index Terms — Churn detection; DL Model;

RNN:Recurrent neural network;Sequential data
analysis;Predictivemodeling;Churnrate;Feature
selection;LSTM;GRU;Adam;keras;tenser flow

AlIM:

Identifying the strength of Deep Learning Algorithm
predictive capability for customer churn prediction

in telecommunication.

OBJECTIVE:

The objective of the telecommunications industry in
customer churn prediction is to develop advanced
analytics and predictive modeling techniques to
identify churn-prone customers. By accurately
predicting churn, telecom companies can implement
proactive retention strategies, enhance customer
satisfaction, optimize resource allocation, reduce
revenue loss, improve business performance, and
maintain a competitive edge in the market. The
industry aims to leverage customer churn prediction
to minimize customer attrition rates, improve
customer retention, tailor personalized offers and
interventions, and ultimately foster long-term
customer loyalty. By understanding customer
behavior patterns and anticipating churn, telecom
companies can take timely actions to mitigate churn,
enhance customer relationships, and drive
sustainable growth.

EXISTING SYSTEM:

Existing systems for predicting churn in the
telecommunications industry employ various
techniques and methodologies. Here are a few
commonly used systems:

1.Statistical Modeling:  Traditional statistical
modeling techniques such as logistic regression,
decision trees, and random forests are applied to
analyze historical customer data and identify churn
patterns. These models utilize customer attributes,
service usage, billing information, and other relevant
factors to predict churn.

2. Machine Learning Approaches: Machine learning
algorithms such as support vector machines (SVM),
gradient boosting machines (GBM), and neural
networks are utilized for churn prediction. These
models can capture complex patterns and nonlinear
relationships in the data, leading to improved
predictive accuracy.
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3. Ensemble Methods: Ensemble methods combine
multiple models or predictions to enhance churn
prediction accuracy. Techniques like bagging, boosting,
and stacking are used to leverage collective knowledge
of multiple models and improve overall performance.

PROPOSED SYSTEM:

A proposed system for customer churn prediction in the
telecommunication industry involves the utilization of
Recurrent Neural Networks (RNN). RNNs are a type of
deep learning model that can effectively capture
sequential dependencies and patterns in time series data,
making them well-suited to analyzing customer behavior
over time. In this system, historical customer data,
including usage patterns, service interactions, and billing
information, is collected and preprocessed. The data is
structured into sequences, where each sequence
represents a customer's historical interactions or events.
This sequential data is fed into the RNN model, which
consists of recurrent layers that maintain past input
memories.The RNN model learns from the sequential
patterns and dependencies within the data to predict
customer churn. The model takes into account the
temporal dynamics of customer behavior. It captures
factors such as usage patterns, changes in service
preferences, or variations in billing activities that may
indicate an increased likelihood of churn.

The proposed system offers the advantage of
leveraging RNN's ability to capture temporal
dependencies, making it well-suited to churn
prediction in the telecommunication industry. By
utilizing the proposed system, telecom companies
can enhance their churn management strategies,
reduce customer attrition, and improve overall
customer satisfaction.

ALGORITHM:

Step 1: Data collection

Step 2:Data Preprocessing.
Step 3: Sequence Formation .
Step 4: Train-Test Split.

Step 5: Model Architecture.
Step 6: Model Training.
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Step 7: Model Evaluation.

Step 8: Hyperparameter Tuning.

Step 9: Model Validation.

Step 10: Churn Prediction

Stepll: Model Monitoring and Maintenanc

METHODOLOGY:

The methodology for customer churn prediction
in the telecommunication industry using a deep
learning RNN model typically involves the
following steps:

1. Data Collection: Gather relevant customer
data from various sources, such as customer
interactions, usage patterns, billing information,
and churn history.

2. Data Preprocessing: Clean the data by
handling missing values, outliers, and
duplicates. Normalize or scale numerical
features and encode categorical variables as
necessary. Split the data into training and testing
sets.

3. Sequence Formation: Structure the data into
sequential sequences, where each sequence
represents a customer's historical interactions or
events over time. Define the sequence length
based on the desired time window for capturing
churn indicators.

4. Feature Engineering: Extract meaningful
features from the sequential data that can help in
predicting churn. These features may include
usage trends, changes in behavior, service
preferences, or billing patterns.

5. Model Architecture: Design the RNN model
architecture specifically for churn prediction.
Select the appropriate RNN variant (e.g., LSTM
or GRU) and determine the number of layers and
units. Consider adding other layers such as
Dense layers or Dropout for regularization.
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6. Model Training: Train the RNN model using the
training dataset. Optimize the model's parameters
using backpropagation and gradient descent
algorithms. Monitor the loss function and adjust the
learning rate if needed.

7. Model Evaluation: Evaluate the trained RNN
model using appropriate evaluation metrics such as
accuracy, precision, recall, F1-score, or area under
the ROC curve. Assess its performance on the
testing dataset to measure its predictive capabilities.

8. Hyperparameter Tuning: Fine-tune the
hyperparameters of the RNN model to optimize its
performance. Adjust parameters like learning rate,
batch size, dropout rate, and regularization strength
using techniques such as grid search or random
search.

9. Model Validation: Validate the trained RNN
model on unseen data to assess its generalization
ability. Use cross-validation techniques or a
separate validation dataset to evaluate its
performance on new customer data.

10. Churn Prediction and Retention Strategies:
Utilize the trained RNN model to predict churn
probabilities for new customer data. Identify
customers with a higher risk of churn and implement
targeted retention strategies, such as personalized
offers, tailored communication, or proactive
customer support.

11. Model Monitoring and Maintenance:
Continuously monitor the performance of the RNN
model in production. Regularly update the model
with new data and retrain it to ensure its accuracy
and adaptability to changing customer behavior.
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INPUT TRAINING
AND TESTING DATA

COMPUTE THE TRAINING THE
DATA

TEST THE MODEL

PREDICT
CUSTOMER
CHURNERS
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probability P(churn) and the actual churn label. This is
achieved using gradient descent optimization
algorithms, such as backpropagation through time
(BPTT), to update the model's parameters.

BUILDING A MODEL:

we are using RNN model here is the description

of model building FLOW CHART:

The RNN model is a powerful deep learning FLOW CHART

architecture used for processing sequential data. In

the context of customer churn prediction, an RNN

can effectively capture temporal dependencies and - *
patterns in a customer's historical interactions. One START

common type of RNN variant used for this task is the

Long Short-Term Memory (LSTM) network.

The LSTM unit is designed to address the limitations
of traditional RNNSs, such as the vanishing gradient
problem and the inability to capture long-term
dependencies. It achieves this through the use of
three main components: an input gate, a forget gate,
and an output gate.

At each time step t, the LSTM unit receives an input
vector x(t) representing the customer's interaction
data. It combines this input with the previous hidden
state h(t-1) and the cell state c(t-1) to compute the
current hidden state h(t) and cell state c(t) using the

Load
Data Training

Initialize:
Matrix Input [,
Vektor Qutput ¥,
LearningRate 1,
target errot,
max_eﬁoch &
initial weight W,

Calculated

20}, 010y, RID) dan &(D)

v

1. Apply Extended Ealman Filter
. Update weight
. Update each neuron on

Context Layer

y

Epoch = Epoch +1

following equations: v Y

i(t) = sigmoid(W_i * [h(t-1), x(t)] + b_i) Vormalize Calculate
f(t) = sigmoid(W_f * [h(t-1), ()] + b_f) Data Tnput - Forward Pass
o(t) = sigmoid(W_o * [h(t-1), x(t)] + b_o)

g(t) = tanh(W_g * [h(t-1), x(t)] + b_g) ) ¢

c(t) = f(t) * c(t-1) +i(t) * 9(t)

h(t) = o(t) * tanh(c(t)) Calculate -

Here, sigmoid represents the sigmoid activation
function, tanh denotes the hyperbolic tangent
function, *** denotes matrix multiplication, “[h(t-1),
X(t)]" denotes concatenation of the hidden state and
input vectors, and "W_i, W_f, W_o, W_g, b_i, b_f,
b o, b_ g are learnable weight matrices and bias
vectors.

To make churn predictions, the hidden state h(t) at
the last time step is passed through a fully connected
layer with a sigmoid activation function to obtain the
churn probability score P(churn) as follows:

P(churn) = sigmoid(W_p * h(T) + b_p)

Here, W_p and b_p are learnable weight matrix and
bias vector specific to the output layer.

During training, the model is optimized by
minimizing a suitable loss function, such as binary
cross-entropy, between the predicted churn
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Foreward Pass

!

Epoch = [

M3E < target Error
or
Epoch » max_epoch

M3E,
weight
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PAIR PLOT:

Pair plots, also known as scatterplot matrices
or pairwise scatterplots, are a useful
visualization technique for exploring the
relationships between multiple variables in a
dataset. It allows us to visualize the pairwise
relationships between different variables,
providing insights into the patterns,
distributions, and potential correlations
between them.

|

ROC CURVE:

In the context of customer churn prediction, the
Receiver Operating Characteristic (ROC) curve is
a commonly used evaluation metric to assess the
performance of a classification model. The ROC
curve visually represents the trade-off between the
true positive rate (sensitivity) and the false
positive rate (1 - specificity) across different
classification thresholds. The ROC curve is created
by plotting the true positive rate (TPR) on the y-
axis against the false positive rate (FPR) on the x-
axis..

In the context of the customer churn prediction
project, plotting the ROC curve and calculating the
AUC-ROC can provide valuable insights into the
performance of the RNN model and help in
evaluating its effectiveness in identifying
customers who are likely to churn.

© 2023,IJSREM | www.ijsrem.com

True Positive Rate
\

CONCLUSION:

In this customer churn prediction project, we
successfully implemented a Recurrent Neural
Network (RNN) model using Python and the Keras
library. The goal of the project was to predict
customer churn in the telecommunications industry
based on various customer-related features.

After preprocessing the dataset and splitting it into
training and testing sets, we designed an RNN
architecture specifically tailored for sequential data
analysis. The model consisted of an embedding layer,
an LSTM layer for capturing temporal dependencies,
and a dense layer for binary classification.

During the training phase, the RNN model learned
from the training data by optimizing the binary cross-
entropy loss using the Adam optimizer. We
monitored the training progress and evaluated the
model's performance on the validation set, making
adjustments to improve its accuracy and
generalization.For evaluation, we calculated various
metrics including accuracy, precision, recall, and F1
score to assess the model's predictive performance.
Additionally, we generated a confusion matrix to
visualize the model's predictions and better
understand its strengths and weaknesses.

In conclusion, this project showcased the potential of
RNN models in predicting customer churn in the
telecommunications industry. It provided a
foundation  for  further improvements and
enhancements, such as addressing visualization
issues, handling class imbalance, and exploring
additional evaluation metrics. By leveraging deep
learning techniques, companies can make informed
decisions to mitigate customer churn and improve
customer retention strategies.
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