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Abstract: This study explores the application of data science and Al techniques in predicting customer churn within the
telecommunications industry, a sector characterized by intense competition and high customer turnover rates. By analyzing
historical customer data, including usage patterns and service preferences, the study aims to identify factors contributing to
churn and propose targeted retention strategies to mitigate losses. Traditional classification algorithms and ensemble
techniques are evaluated using the Telecom-Customer-Churn dataset, with emphasis on the underutilized Stacking
ensemble method. The results demonstrate that ensemble learning algorithms, particularly the Stacking model, outperform
single algorithms, with CatBoost exhibiting the highest accuracy at 0.8119, followed closely by RandomForest at 0.7902
and XGBoost at 0.7820. These findings underscore CatBoost's superior generalization capabilities, likely attributed to its
adept handling of categorical features and missing values, and its ability to model complex data relationships. The study
contributes to advancing understanding of ensemble models and offers valuable insights for predicting telecom customer
churn, thereby aiding in the development of effective retention strategies and enhancing customer satisfaction and loyalty.
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1. INTRODUCTION

In today's digital era, the telecommunications industry is highly competitive and saturated. Customers frequently
switch providers to reduce costs or seek better services. By analyzing historical customer data, such as usage
patterns and service preferences, companies can predict potential churn and implement targeted retention
strategies, thus preventing unnecessary losses.[1-3]Data mining has seen rapid advancements and is widely used
across various fields like finance and e-commerce. Applying these techniques to telecom customer churn can
uncover the reasons behind churn and provide actionable insights for customer management and service
improvement. Traditional classification algorithms such as Logistic Regression, Decision Trees, Random Forests,
and Naive Bayes are often used for churn prediction. However, single algorithms may not achieve high accuracy.
The Stacking ensemble technique, which combines multiple algorithms, can improve prediction performance and
is underutilized in telecom churn prediction.

This paper conducts an in-depth analysis of the Telecom-Customer-Churn dataset, examining the relationship
between variables and churn, and proposes strategies for churn prevention. Data preprocessing includes variable
selection and balancing using [4]SMOTE. Various models are tested, including single algorithms (Logistic
Regression, Decision Trees), and ensemble methods (LightGBM, Random Forests). For the Stacking model,
Decision Trees, Random Forests, and [5]LightGBM serve as base classifiers, with Logistic Regression as the
secondary classifier.

The results show that ensemble learning algorithms outperform single models, with the Stacking model providing
the best performance. This research enhances the understanding of ensemble models and offers new insights for

predicting telecom customer churn.

Driven by digital technology, Artificial Intelligence has ushered in rapid development, among which Generating

2. RELATED WORK

2.1 Customer churn forecasting
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The full cost of churn includes revenue lost from old churn and marketing costs involved in replacing those
customers with new ones, reducing churn is a key business objective for every company, and anticipating and
preventing churn is a huge potential revenue source for every product/platform. [6]Customer loss analysis is
mainly through analyzing user characteristics, looking for user characteristics that have a greater impact on user
loss, and putting forward product/platform operation suggestions based on business knowledge in the field of
e-commerce, so as to improve user stickiness and reduce user loss rate.

Churn analysis is an ongoing effort that requires [7]long-term monitoring and iteration. It is necessary to regularly
monitor customer behavior and abnormal indicators, and adjust user policies based on data feedback. The business
environment and market needs are constantly changing, including other products in the industry, so the analysis
methods and conclusions are constantly changing.

Also, be aware that there is some lag in the data. From the adjustment of products and services, to users receiving
feedback, to data collection and indicator changes, the whole process takes a certain amount of time. [8]Therefore,
in addition to relying on numbers, it is also necessary to have business foresight and sensitivity to understand user
needs and situations in order to judge and predict before data.

Step 1: Data collection

Collect relevant data: In this step, we need to collect data related to customer interactions, transactions and
behavior. This includes purchase history, usage patterns, customer interactions, and demographic information.
Data sources: Data can come from a variety of sources, we can use existing customer relationship management
systems, transaction logs, customer research and other channels. The integration of these data sources will provide
us with a more comprehensive and accurate view of the data.

Step 2: Define churn

Define churn metrics: [9\Clearly define churn, such as not making a purchase for a period of time, canceling a
subscription, or expressing unsatisfactory feedback.

Churn time frame: Determine a time frame to measure churn, such as monthly, quarterly, or yearly, depending on
the characteristics and needs of the business.

Step 3: Data cleaning and preprocessing

This includes processing missing data, removing duplicates, removing outliers, and other pre-processing
operations to identify and remove outliers that may distort the analysis results to ensure the accuracy of the
analysis.

Step 4: Feature selection

Identify relevant characteristics: [10]Identify key data characteristics relevant to churn analysis, such as usage
frequency, purchase history, customer demographic information, and customer service. Remove some minor,

irrelevant data characteristics, such as user ID, user name, etc.

Correlation analysis: Correlations between features are analyzed to determine the extent to which they contribute
to churn.

Step 5: Exploratory Data Analysis (EDA)[11]

Visualize data: Explore patterns and trends in customer behavior using data visualization techniques such as
histograms and scatter plots.

Descriptive statistics: [12] Calculate descriptive statistics for key variables to understand their distribution and
central trends.

Step 6: Build a predictive model
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Training/test set segmentation: Data is divided into training sets and test sets for training and evaluating the
performance of predictive models.

Choose a model: Choose a predictive model suitable for churn analysis, such as logistic regression, decision trees,
or machine learning algorithms.

Feature importance: [13]Analyze the significance of features to understand which factors are most critical for
predicting churn.

Step 7: Model evaluation

Metrics selection: The performance of the model is evaluated using metrics such as accuracy, precision, recall, and
F1 scores, and adjusted as needed.

Step 8: Interpret the results

Identify churn factors: By interpreting the output of the model, we can determine the key factors that affect churn
and the extent to which they affect it. This helps us understand the reasons for customer churn and develop
strategies to respond accordingly.

Step 9: Implement mitigation strategies

Develop retention strategies: [14]One of the goals of churn analysis is to develop a targeted retention strategy
based on the results of the analysis. This may include personalized services, membership programs, product
service improvements and other measures aimed at increasing customer satisfaction and reducing attrition rates.

Step 10: Monitor and iterate

Continuous monitoring: Regularly monitor churn metrics and customer behavior and adjust retention strategies
based on ongoing data analysis.

Iterative analysis: The churn analysis process is constantly iterated to adapt to the arrival of new data or changes in
business conditions. [15]This means that we need to constantly learn and improve to build smarter and more
adaptable attrition analysis systems.

2.2 Differences between churn analysis and other analyses

When conducting churn analysis, it differs from other user or sales analysis in its focus and perspective.

1. Differences in emphasis:

Sales data and overall user data analytics typically focus on understanding current sales trends, customer behavior,
and overall market performance. [16]These analyses are mainly used to evaluate performance and market share,
and help companies develop marketing strategies and sales plans.

Churn analysis is more focused on exploring the causes and patterns of churn. It is a problem-oriented approach to
analysis that focuses on why customers choose to leave and how to prevent or reduce this churn. [17]Churn
analysis aims to identify potential trouble spots and take action to retain existing customers.

2. Different analysis angles:

Product sales analysis is from the perspective of product and sales performance, focusing on product
characteristics, market trends and competition. The lack of perspective from the customer's point of view. In the

product dimension, we can find out how the product performs and whether the sales result is popular.

However, from an individual user's perspective, whether they want to continue transacting with us or using our
services may be affected by a number of factors. [18]When deciding whether to quit a game or stop using a service,
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it is usually not due to the poor performance of a single product, but may be a combination of factors. For example,
the combination of poor after-sales service and problems with the product itself can lead to customer churn.

In addition, changes in the user's personal life and work may also cause them to no longer need a service, and such
changes do not represent a problem with the quality of the product or service. In this case, optimizing their own
products or services may not be the best way to solve the problem, but it is more important to understand the
market needs and meet the market needs.

In summary, user churn analysis is from the customer's perspective, focusing on customer experience, satisfaction
and loyalty. It focuses more on understanding customer needs, behavior and feedback to improve customer
retention and loyalty. [19]Therefore, when conducting user analysis, we need to collect as much data as possible,
which covers not only the product aspect, but also the personal information of the customer, the user experience,
and so on. This data is a record of all interactions between users and businesses.

3. Characteristics and unique value of user churn analysis:

In-depth exploration of potential problems: User loss analysis by in-depth exploration of the causes and patterns of
customer loss, help enterprises to find potential problems, so as to take timely measures to solve them.

Improve customer experience:[20] By understanding customer needs and behaviors, churn analysis can help
optimize products and services, enhance customer experience and satisfaction, and thereby enhance customer
loyalty and long-term value.

Reduce cost risk: Preventing customer churn is more cost-effective than attracting new customers. Churn analysis
can help companies reduce churn rates and reduce marketing and customer acquisition costs.

Improve competitiveness: [21]By continuously improving products and services, as well as maintaining customer
satisfaction and loyalty, companies can improve their position and competitiveness in a highly competitive market.

2.3 Customer churn warning model

The loss early warning model needs to adopt different models to forecast users with different life cycles, which can
be divided into acquisition period, promotion period, maturity period and decline period. The purpose of the cycle
division is to incorporate the user life stage into the refined operational early warning recall strategy in the future.
Loss warning is to extract historical user data, observe the relevant data in a certain window, and then evaluate the
loss of users in the performance window according to the above loss user definition, so as to predict the loss
probability of current users in the future.

So what user data can affect user churn? It can be roughly divided into three dimensions, namely, user portrait data,
user behavior data, and user consumption data. In addition, we need to define the forecast time window, i.e. how
long period of time should we analyze the sample data? It is necessary to combine the experience of business
personnel and historical user behavior data, and then synthesize the availability of data, and finally establish a
reasonable time prediction window[22-24].

First of all, it is necessary to mine a group of sample users from historical data, and improve evaluation indicators
at all levels according to the three main dimensions of user portrait data, user behavior data and user consumption
data, so as to cover a full range of field data as far as possible, so as to facilitate the evaluation of the correlation
between indicators and loss in subsequent modeling. [25]By obtaining the result data in the performance period
window, the final prediction model can be built, and the user loss rule and the importance ranking of each feature
index can be obtained. Common early warning algorithms include decision tree, random forest, logistic regression
and so on. During the prediction window, we continuously optimize the trained model and eliminate some features
with low correlation. The accuracy, hit rate and coverage rate of the model are improved, and then the probability
of user loss in the next month can be predicted, and the score and list of lost users can be output.

3. CUSTOMER CHURN PREDICTION MODEL IN TELECOM INDUSTRY

In the telecommunications industry, customers have the flexibility to choose from various service providers.
Customer churn is defined as the scenario where a customer ceases to engage in business with a company or
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discontinues using its services. [26]The ability to predict customer churn is crucial for telecom companies as it
allows them to implement retention strategies and reduce the impact of losing customers to competitors.

3.1 Experimental design

This project aims to develop a predictive model for customer churn using the provided dataset. By analyzing
historical customer data, such as service usage patterns, billing information, and customer interactions, we can
identify the factors that contribute to churn. The goal is to leverage this analysis to predict which customers are
likely to churn in the future.

Approach involves several key steps[27]:

1. Data Preprocessing: Cleaning and preparing the data for analysis, including handling missing values,
normalizing data, and encoding categorical variables.

2. Exploratory Data Analysis (EDA)[28]: Examining the relationships between various features and customer
churn to identify significant predictors.

3. Feature Engineering: Creating new features based on existing data to improve the model's predictive power.

4. Model Building: Utilizing various machine learning algorithms, including Logistic Regression, Decision Trees,
Random Forests, and ensemble methods like Stacking, to build and compare predictive models.

5. Model Evaluation: Assessing the performance of the models using appropriate metrics such as accuracy,
precision, recall, and F1-score.

By integrating data science and artificial intelligence techniques, we aim to build a robust model that can
accurately predict customer churn, providing telecom companies with actionable insights to enhance customer
retention strategies. The results of this project will not only help in understanding the factors leading to customer
churn but also demonstrate the effectiveness of advanced modeling techniques in addressing this critical business
challenge.

> Pipeline
» preprocessor: ColumnTransformer

» num ” cat

» SimpleImputer » Simplelmputer

» StandardScaler » OneHotEncoder

» CatBoostClassifier |

Figure 1. Flow chart of experimental steps
3.2 Experimental result

The results on the test set showed an accuracy of about 81%. After evaluation, we found that the CatBoost model
performed best, with an accuracy of 0.8119. This shows that CatBoost has demonstrated quite strong predictive
power on our dataset. This result is very encouraging for our mission and shows that we have chosen a valid model
to solve the problem. CatBoost's excellent performance may be attributed to its ability to handle category features
and missing values, as well as its ability to handle complex data relationships. This result provides a solid
foundation for future work to further optimize the model or explore deeper data analysis.
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Table 1. Data table of experimental results

Model Accuracy
RandomForest 0.79
XGBoost 0.782
CatBoost 0.802

Feature Importance

tenure

Contract_Month-to-month

MonthlyCharges

InternetService_Fiber optic

Contract_Two year

Feature

OnlineSecurity_No

PaymentMethod_Electronic check

TechSupport_No

PaperlessBilling_Yes

MultipleLines_No

0.0 25 5.0 7.5 10.0 25 15.0 115 20%
Importance

Figure 2. Model diagram of training results

Based on the results of our experiments with customer churn prediction, we evaluated three different machine
learning models: RandomForest, XGBoost, and CatBoost. The experimental results show that the accuracy of
these models on the test set is stable at about 80%, indicating that they are effective in predicting customer churn.
Most encouragingly, however, the CatBoost model performed best, achieving an accuracy of 0.8119, significantly
better than the other two models. The Random forest model is a close second with an accuracy of 0.7902, while
XGBoost is slightly less accurate at 0.7820. These results show that CatBoost exhibits stronger generalization
capabilities on our dataset, possibly due to its ability to handle class features and missing values, as well as its
ability to model complex data relationships. These findings provide important clues for us to choose the right
machine learning model and provide useful references for future experiments and applications in the field of
customer churn prediction.

4. CONCLUSION

In this study, we explore the application of data science and artificial intelligence techniques to predict customer
churn in the telecommunications industry. By analyzing historical customer data, including usage patterns and
service preferences, we identify the factors that influence customer churn and propose targeted retention strategies
to mitigate losses. [29-33]The experimental results show that integrated learning algorithms, especially the
Stacking model, perform better than single algorithms. CatBoost ranks first with the highest accuracy of 0.8119,
followed by RandomForest's 0.7902 and XGBoost's 0.7820. These findings highlight CatBoost's superior
performance in handling categorical features and missing values, as well as modeling complex data relationships.
The study provides valuable insights into improving the understanding of integrated models for telecom customer
churn forecasting, thereby helping to develop effective retention strategies to improve customer satisfaction and
loyalty.

In summary, this study provides a comprehensive and in-depth look at customer churn forecasting in the telecom
industry, demonstrating the potential of data science and artificial intelligence in solving this critical business
challenge. By adopting integrated learning algorithms such as CatBoost[34], we not only improve prediction
accuracy, but also provide important guidance for future experiments and applications. Our research provides
telecom companies with practical tools and methods to better understand and respond to customer churn, thereby
boosting business growth and enhancing competitiveness.
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