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Customer churn is a critical issue in industries like telecommunications, where retaining customers
is key to maintaining profitability. The aim of this research paper is to explore the process of
analyzing customer churn in the telecom sector using data preprocessing techniques, feature
encoding, and machine learning models. By leveraging customer data, we explore the behavior of
churn and identify factors influencing customer retention. Various machine learning models and
cross-validation are employed to predict customer churn. The study concludes with a discussion of
the churn ratio, regional patterns, and churn based on plan types, offering insights for improved
retention strategies.
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1. Introduction

CUSTOMER churn, often referred to as customer attrition, describes the process where clients
terminate their association with a business. Customer churn imposes a significant challenge in
telecom industries as it directly affects a company's revenue and growth potential.
Understanding the causes and patterns of churn can provide insights into how to improve
customer retention and optimize service offerings.

This paper aims to analyze customer churn in the telecom industry by processing relevant data,
applying feature engineering, and utilizing machine learning models to predict churn behavior.
We will begin by discussing the data preprocessing steps, including handling categorical
variables, followed by model evaluation techniques such as cross-validation. Finally, we will
explore key insights derived from the analysis, including churn patterns based on region and
service plans [5].

Churn prediction can be classified into two categories: retention-focused churn prediction and
detection-focused churn prediction. While retention-focused prediction emphasizes
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identifying customers at risk of churn, detection-focused prediction works to understand the
reasons behind the churn. Numerous machine learning models have been developed for churn
prediction, each offering distinct advantages and limitations.

Different machine learning models, such as random forests, logistic regression, support vector
machines (SVMs), gradient boosting, and decision trees, have been employed in churn
prediction tasks. The effectiveness of these models relies on factors including the size and
quality of the dataset, the evaluation metrics used, and the relevance of the selected features.
Additionally, combining these models through ensemble methods can further enhance
predictive accuracy by leveraging their individual strengths. Continuous advancements in
feature engineering and model optimization techniques also play a critical role in improving
churn prediction outcomes.

2. Literature Review

The literature on customer churn prediction is vast and includes studies focusing on different
machine learning models, feature selection techniques, and dataset characteristics.

Pathak and Sundararajan (2011) investigated machine learning approaches to predict churn in
the telecom industry, with an emphasis on random forests and decision trees. decision trees
are especially effective because of their interpretability and simplicity in application, which is
important for industries that require explainable predictions [1]. Kumar and Sharma (2013)
further supported these findings by applying support vector machines (SVMs) to churn
prediction, noting that SVMs are capable of handling high-dimensional data efficiently and
are highly effective when the churn rate is low, which is common in most datasets [12].

Ghosh and Mishra (2017) also highlighted the usefulness of decision trees for churn prediction
but recommended random forests as a more robust alternative to minimize overfitting and
effectively manage class imbalance [9]. They found that ensemble methods outperformed
other algorithms in relation to accuracy and recall. This makes these algorithms more suitable
for practical applications.

Yadav and Gupta (2013) used logistic regression for churn prediction and observed that while
it is a simple and interpretable model, it struggles with imbalanced datasets. They suggested
incorporating oversampling or undersampling techniques to handle the imbalance in churn
prediction tasks [8]. Mahalingam and Pandit (2016) highlighted a significant challenge in
churn prediction: the imbalance in datasets that causes the number of churned customers
typically much lesser in quantity than those who continue to stay with the company [19].

Additionally, the combination of multiple algorithms, known as ensemble learning, has been
demonstrated to enhance prediction accuracy. XGBoost has gained popularity due to its speed
and accuracy in handling complex datasets. Research by Green and Lee (2014) noted that
XGBoost outperforms traditional machine learning models by incorporating boosting
techniques to eradicate the errors caused by previous trees in the ensemble [24].
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3. Methodology
A. Data Collection

For churn prediction tasks, a variety of customer data is typically collected, including
demographic information, service usage patterns, payment history, and customer service
interactions. In this study, we utilized a synthetic dataset representing customer interactions in
the telecommunications industry, which included variables such as age, tenure, product type,
monthly spend, customer support call frequency, and payment method.

B. Data Processing

Data preprocessing plays a vital role in machine learning workflows. Issues such as missing
values, outliers, and irrelevant features can greatly impact model performance. In this study,
we applied standard preprocessing methods like normalization for numerical data and one-hot
encoding for categorical variables. Furthermore, we eliminated highly correlated features to
reduce multicollinearity, which could otherwise hinder the interpretability and accuracy of the
models.

C. Feature Creation

Feature engineering transforms raw data into relevant and informative features which improve
effectiveness of various machine learning models. For customer churn analysis, important
features could include service usage patterns, plan types, or customer demographics. We
created additional features that could aid in churn prediction, such as customer tenure, usage
statistics, and interactions with customer service. Not all features hold equal significance in
predicting churn, so feature selection techniques—Iike eliminating redundant features or
leveraging domain expertise—are used to focus on the most influential predictors.

D. Feature Selection

The Feature selection is another subset that plays a crucial role in enhancing both the
interpretability and performance of different machine learning algorithms. Techniques like
Principal Component Analysis (PCA) and Recursive Feature Elimination (RFE) are
commonly used for identifying the most crucial features. Silva & Ribeiro (2021) emphasize
that effective feature selection enhances the accuracy of churn prediction models by reducing
overfitting and lowering computational costs [10].

Effective feature selection plays a pivotal role in churn prediction models. Silva and Ribeiro
(2021) emphasize the need for careful feature selection to optimize model performance.
Methods like PCA and RFE are frequently used to reduce dimensionality and detect the most
important features [10], [11].

In this paper, the following machine learning algorithms were employed to predict customer
churn:

. Decision Trees (DT): Decision trees create tree-like models for showcasing possible
outcomes and decisions. Their popularity stems from their interpretability and ease of use,
making them especially useful in business environments where decision explanations are
necessary [9].
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° Logistic Regression: This is a straightforward and effective machine learning model
for logic regression, binary classification that estimates the probability for customer churning
based on various input features [7].

° Random Forest (RF): RF is an group of learning technique that aggregates decision
trees in order to improve prediction accuracy. Its ability to reduce overfitting makes it highly
effective, especially when working with large datasets [13].

. Support Vector Machines: This is a robust feature selection model which separates
various classes through the method identifying the best hyperplane in high-dimensional
spaces. SVM is particularly effective for classifying nonlinear data [12].

. XGBoost: XGBoost is a gradient boosting method that improves model performance
by minimizing the loss function through iterative optimization. Its high efficiency and
performance are the factors for it to be a popular choice for many machine learning tasks [14].

E. Model Evaluation

In model evaluation, the models get assessed with common performance metrics, including
precision, F1-score, ROC-AUC, accuracy, and recall. To ensure good generalization to new
data, cross-validation was applied. Gupta (2020) emphasizes the importance of using multiple
performance metrics to fully assess a model’s capabilities, especially in imbalanced datasets
like churn data [25].

To evaluate the models, we used several performance metrics:

. AUC-ROC Curve: AUC or the Area Under the Curve (AUC) of ROC or Receiver
Operating Characteristic curve offer a complete and detailed model performance measures
across different classification thresholds.

. Accuracy: This provides the ratio of correct predictions to the total number of
predictions made by the machine learning model.

° F1-Score: This score is the harmonic mean of precision & recall that provides a
balanced metric, mainly for imbalanced datasets.

. Precision & Recall: Recall provides the ratio of true positives to the sum of true
positives and false negatives. Precision is the ratio of true positives to the sum of true positives
and false positives.

We also performed cross-validation to make sure that the models generalized finely to
unseen data, which is especially important for churn prediction, where datasets are often
imbalanced.

l. Data Preprocessing for Customer Churn Analysis

The initial step in any machine learning experiment involves preparing data for analysis.
Since customer churn data often contains both numerical and categorical variables, it is
essential to process each type correctly to ensure effective model training. Proper
preprocessing techniques, such as encoding categorical variables and scaling numerical
features, are crucial for optimal model performance.

A. Cleaning and Structuring the Data
Nanotechnology Perceptions Vol. 20 No. S15 (2024)
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To begin the analysis, we first ensure that the dataset is cleaned. Missing values, outliers, and
inconsistencies are identified and addressed. For instance, missing data might be

imputed or removed depending on its importance. After cleaning, we move to structuring the
dataset for analysis.

B. Handling Categorical Data with Label Encoding

Customer datasets often contain categorical features like "state," "international plan,” and
"voice mail plan." These features must be transformed into a numerical format to enable
effective processing by machine learning models. Label Encoding technique converts the
categorical variables to integer values. For example, a feature like "international plan" might
have values "yes" and "no." Label encoding transforms these into 1 and O, respectively,
facilitating the model’s ability to interpret them.

from sklearn.preprocessing import LabelEncoder

# Instantiate the LabelEncoder class

encoder = LabelEncoder()

# Transform the categorical columns into numeric labels
data['international_plan'] = encoder.transform(data['international_plan'])
data['state’] = encoder.transform(data['state'])

data['voice_mail_plan'] = encoder.transform(data['voice_mail_plan)

This transformation ensures that the machine learning algorithms can understand categorical
features, making the dataset ready for modeling.

Il. Feature Selection

In general, feature engineering helps to convert raw data into custom and meaningful features
which mainly enhance the performance of various machine learning models. For customer
churn analysis, important features could include metrics like service usage patterns, types of
plans subscribed to, and customer demographic information.

A. Feature Creation

Feature creation involves modifying existing variables or generating new variables or to better
gather important patterns, ultimately improving the model's predictive capabilities. In the
context of customer churn analysis, this involves understanding the factors and behaviors that
affect customer decisions, enabling the identification of crucial elements that determine
whether a customer will stay or churn.

We generate additional features that could help in predicting churn. For example, the tenure
of a customer with the company, usage statistics, and customer service interactions could be
derived as features.

Examples of Feature Creation:

i Customer Tenure: This feature represents the duration
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(in months or years) a customer has been with the company. It is often calculated by
subtracting the start date of the customer relationship from the current date. Longer tenures
might indicate customer loyalty, while shorter tenures could correlate with higher churn risk.

Formula:
Customer Tenure=Current Date—Start Date of Service\text{Customer Tenure} =
\text{Current Date} - \text{Start Date of

}Customer Tenure=Current Date—Start Date of Service

ii. Service Usage Statistics: Aggregate or detailed usage metrics such as:

a. Total Call Minutes: Sum of local, national, and international call durations.

b. Total Data Usage: Volume of data consumed over a specified period.

c. Monthly Average Usage: Usage normalized by the number of months a customer has
been active.

iii. Customer Interactions Support: The frequency and nature of interactions with
customer support can serve as indicators of potential dissatisfaction. Features might include:

a. Number of complaints raised.

b. Average resolution time for complaints.

C. Frequency of calls to the support center.

iv. Billing Information: Features related to billing irregularities, such as late payments or
frequent bill adjustments, can highlight dissatisfaction:

a. Number of late payments.

b. Variability in monthly bills.

V. Churn Risk Indicators: Flags for specific behaviors, such as:

a. Declining usage trends over consecutive months.

b. Opting out of additional services like international or voicemail plans.

Vi. Demographic Data: Derived features like age group or regional categories based on
the "state” or "area code" fields. For instance:

a. Rural vs. urban classification based on area codes.

b. Customer segmentation by age groups (for example: 18-25 and 26-40).

By engineering these features, we can encapsulate customer behaviors, preferences, and
dissatisfaction signals into the dataset, making it more informative for machine learning
models.

B. Feature Selection

At times, it is not essential to consider all features equally as important for predicting churn.
Feature selection techniques, such as removing redundant features or using domain
knowledge, help focus on the most impactful predictors.
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Once features are created, not all of them are equally relevant for predicting churn. Some
features may be redundant, uninformative, or even detrimental due to noise or
multicollinearity. Feature selection ensures that only the most impactful predictors are
included in the final model.

Techniques for Feature Selection:
Techniques for Feature Selection:
i Domain Knowledge

Leveraging industry expertise to identify features with a known impact on churn. For example,
"customer tenure” and "support interactions” are known churn predictors in the telecom
industry.

ii. Correlation Analysis

The correlation matrix is analyzed to identify features with a strong association to target
variable: churn. Features that show significant correlation with churn are retained, while those
with high inter-correlation are removed to mitigate the risk of multicollinearity.

Example:

If both "total call minutes™ and "local call minutes" are highly correlated, only one may be
retained.

iii. Feature Significance from Models

Tree-based models, including Gradient or Random Forest. Boosting, can determine features
significance by calculating their support to the ML model. Those features with low importance
scores will be removed for enhancing the model's efficiency and performance.

from skirn.ensemble import RandomForestClassifier
# Initialize and train a RF

rfmodel = RandomForestClassifier()
rfmodel.fit(G_train, f_train)

# Retrieve the feature significant scores

significance = rfmodel.feature_significance_

iv. Recursive Feature Elimination (RFE)
RFE is an iterative method that trains the model using subsets of features while removing the
least impactful features in each iteration until the optimal subset is identified.

from skirn.feature_select import RFE

from skirn.linear_model import LogisticRegression

# Initialize the ML model & Recursive Feature Elimination
thismodel = LogisticRegression()

rf = RFE(model, n_features_select=12)
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# Suit the data to RFE model
rf.fit(G_train,f_train)
V. Statistical Methods

Statistical tests like the Chi-Square test is used for analyzing categorical data, while ANOVA
is applied to numerical data. They can be used to assess the relevance of features in relation to
the target variable.

Vi. Dimensionality Reduction

Methods like PCA or Principal Component Analysis minimize dimensionality in high-
dimensional datasets as they transform these datasets into a smaller set of uncorrelated
variables, while retaining the majority of the original variance.

By combining feature creation and feature selection, we ensure that the dataset captures the
most relevant information for churn prediction while minimizing noise, improving model
interpretability, and enhancing overall accuracy. This process is iterative and often involves
balancing model complexity and performance to achieve the best results.

Il. Cross validation

Cross-validation is ultimately a crucial step in evaluating performance in churn prediction ML
models. It helps in preventing overfitting which in turn assures that the ML model performs
good on unknown data, thereby improving its generalizability.

Stratified Cross-validation

This k-fold (cross-validation) assures that class distribution (churned vs. retained customers)
is consistent across both the training and testing datasets. K-fold stratified technique is mainly
useful for datasets that are imbalanced, where churned customers may be underrepresented.

from skirn.model_selection import StratKFold

from skirn.model_selection import cross_validate_score

# Initialize the machine learning model

model = SomeMachineLearningModel()

# Set up Stratified K-Fold

sk= StratKFold(noof splits=6, shufle=True, randomstate=41)
score = cross_validate_score(model, G, f, cv=sk)
print(f"Average KF Score: {score.mean()}")

Thus K-fold Cross-validation is useful in assessing whether the performance of model is
reliable and consistent, leading to more accurate and generalizable predictions.

(AVA Churn Prediction using Machine Learning

Various machine learning models are evaluated for predicting customer churn. Popular
algorithms like Logistic Regression, Random Forests (RF), Decision Trees (DT) are selected
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mainly for their potential to handle both categorical and numerical data.
A. Model Testing and Training

The dataset has been divided into two- testing and training datasets. The ML models are
analyzed using testing data and trained on the training data. Various performance metrics like
recall, accuracy, F1-score and precision are employed to measure the model's capability in
predicting churn.

from sklrn.ensemble import RForestClassifier
from skirn.metrics import classificat_report
# Initialize the RF classifier

Imodel = RForestClassifier()

# Train ML model using training dataset
Imodel.fit(G_train, f_train)

# Perform predictions on test data
Iprediction = Imodel.predict(G_test)

# Evaluate the performance of model
print(classificat_report(f_test, Iprediction))
B. Model Comparison

Model comparison is a crucial step in ML workflow, particularly in churn prediction, where
the aim is to identify the most precise model for predicting customer retention or attrition. This
phase involves testing and evaluating multiple machine learning models with numerous
performance metrics, like recall, accuracy, F1-score, and precision. Since each ML model has
its own weakness and strength, comparing them helps determine which model is best suited
for the specific characteristics of the churn dataset, ensuring more reliable and effective
predictions.

C. Evaluation Metrics

In order to evaluate and compare different models’ performance, several evaluation metrics
are employed, each offering unique perceptions into how well the model generalizes to unseen
data, identifies churned customers and minimizes errors. Common metrics include:

a. Accuracy:

This is a widely used metric which measures the percentage of accurate predictions in all
predictions made. However, in imbalanced datasets, such as churn prediction (where retained
customers outnumber churned customers), precision alone will not provide accuracy for
performance measure. This is because precision can be biased towards majority class.

Accuracy=( True Positives+True Negatives)/Total Population
b. Precision:
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This metric measures the extent of anticipated churned customers who are really churned. A
highly precise value denotes that once the model identifies that a customer will churn, it is
more likely to be accurate, thus minimizing false positive values.

Precision=((True Positives)/(False Positives+True Positives))
C. F1-Score:

The metric, F1-score is the balanced mean of recall and precision, providing a symphonic
measure between both metrics which makes it specifically useful in situations where a need
to balance trade-off between false positives and false negatives exists.

F1Score=(2x((Recall*Precision)/(Recall+Precision)))

In churn prediction, F1-score ensures the model performs well in both high recall (identifying
churned customers) and high precision (avoiding false alarms), making it a more
comprehensive metric, particularly for imbalanced datasets.

d. Recall (Sensitivity):

The metric, recall measures the proportion of really churned customers that are precisely
identified by ML model. A value of high recall denotes that the model is highly effective in
identifying most churned customers, even at the price of increasing false positives.

Recall=((True Positives)/(False Negatives+True Positives))
e. AUC-ROC or Area Under the ROC Curve:

ROC curve graphs the recall or true positive rate contrary to the false positive result, offering
a graphical representation of the ML model's capability to differentiate between retained and
churned customers. AUC or the area under the curve determines this ability, with higher AUC
values indicating better model performance.

AUC = [o! True Positive d(False Positive)

AUC and ROC curve are especially useful in imbalanced datasets, as they focus on a model’s
ability to rank predictions rather than just its accuracy.

f. Confusion Matrix:

Confusion matrix offers a comprehensive breakdown of a ML model’s performance by
displaying the number of true negatives, true positives, false negatives, and false positives.
This breakdown is crucial for identifying where the ML model makes mistakes, especially in
the churn prediction as it is crucial in identifying the nature of the errors.

| Actual Churn | Actual Retained |
Predicted Churn | TP | FP |
Predicted Retained | FN | TN |
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4. Discussions and Implications
a. Key Findings

The analysis reveals that the churn rate differs considerably based on regional factors and
service plans. Customers in specific geographic regions might face much higher churn rates
because of the increased competition, local issues, or dissatisfaction with services.
Additionally, customers with international plans or certain service offerings exhibit unique
churn patterns, highlighting the impact of service type on customer retention.

b. Business Implications

The insights from this analysis can help telecom companies develop focused retention
strategies. For instance, enhancing service quality in regions with high churn or offering
customized plans to customers at greater risk of churning could lead to notable reductions in
customer attrition.

5. Future Work

While this study offers valuable insights into customer churn, the data used may not capture
all the factors influencing churn behavior. Future research could delve deeper into customer
behavior by incorporating more detailed data, such as service usage logs, customer complaints,
and interactions with support services.

Additionally, the study primarily focuses on structured customer data, which may overlook
other important factors influencing churn, such as socio-economic conditions, competitor
activities, or larger market trends. Future research could benefit from incorporating
unstructured data sources to provide a more thorough understanding of the factors driving
churn.

6. Conclusion

Customer churn analysis plays a crucial role for telecom companies seeking to enhance
customer retention and maintain profitability in a highly competitive market. By effectively
applying techniques such as data preprocessing, feature encoding, and advanced machine
learning models, businesses can predict churn patterns with greater accuracy. These predictive
insights allow companies to figure out the key factors that contributes to customer churn,
including pricing concerns , dissatisfaction with service, or regional differences.

Through this research, a structured framework has been established for telecom companies
to leverage historical customer data to identify at-risk customers and identify proactive
measures for retaining them. Thus the analysis insists on the need to address the main drivers
of churn and implement targeted customer retention strategies, such as better customer
support, personalized offers, or improvements in service quality.

Furthermore, the study emphasizes that successful churn prediction goes beyond simply
identifying customers who are likely to leave—it also provides valuable insights into
improving the customer experience, optimizing service offerings, and aligning with customer
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needs. By continuously improving churn prediction models and integrating additional data
sources, telecom companies can develop more effective retention strategies, leading to lower
churn rates and enhanced long-term customer loyalty. This research serves as a foundation for
future studies to explore deeper, more nuanced factors influencing churn and refine strategies
for customer retention in the ever-evolving telecom industry.
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