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Abstract

Churn analysis is an essential aspect in the subscription-based industry that can help improve sales, customer lifetime
value, and business efficiency. Regular statistical techniques tend to have limited capacity to describe complex
relationships between variables which can reduce prediction results. Ensemble learning such as AdaBoost and Random
Forest (RF) could be the optimal way to address such a challenge in terms of accuracy and interpretability of data
prediction. The aim of this study is to create the Al algorithm that will employ AdaBoost, RF, and ensemble techniques to
predict the rate of customer churn. The Kaggle Customer Churn dataset was utilized, with 7,043 entries and various
features such as demographics, account characteristics, and usage of services. Missing values, categorical values, and
normalization were performed in the process of preprocessing. Predictive feature importance analysis was carried out to
determine the important predictors that drive churn. When comparing the performance of RF vs. AdaBoost individually,
RF produced better results, where 0.88 Accuracy, 0.85 Precision, 0.82 Recall, 0.83 F1 Score, and 0.90 ROC-AUC. An
additional improvement in the model's efficiency could be achieved by applying both models, with the final result of 0.90
ROC-AUC. Key predictors include Tenure (0.21), Monthly Charge (0.18), Contract (0.15), Payment Method (0.12), and Tech
Support (0.08). These results enable organizations to effectively identify high-risk customers and enhance their strategies
for retaining them. The adoption of ensemble methods and particularly the combination of AdaBoost and RF proves that
an efficient prediction of churn is possible.

Keywords Customer Churn, Ensemble Learning, AdaBoost, RF, Combined Model, Feature Importance, Subscription
Services.

1. Introduction

Customer churn rate describes the proportion of customers who stop purchasing or using their products or
services during a certain period of time [1][5]. This is an important concept to any firm that utilizes the
subscription model of conducting business, such as telecommunications companies, online streaming services,
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and software as a service firm. Customer churn could lead to losses for businesses [2][6]. Through understanding
the factors that influence customer churn, strategies can be devised to prevent it [3][7].

Churn prediction poses a challenging task owing to its multifaceted character [4][8]. Traditional statistical
methods, such as logistic regression (LR), decision tree (DT), and RF, cannot effectively deal with the complexities
arising from the non-linearity of the relationships among various factors. Also, the issue of class imbalance
prevalent in statistical models can affect their performance due to the fact that the number of churns is less than
that of active customers [9][10].

Such ensemble learning approaches as AdaBoost and RF show high promise for tackling these challenges.
AdaBoost boosts the classification accuracy through repeated weighting of misclassified data instances, while RF
boost accuracy and prevent overfitting through combining different DT in a voting system. Using these models,
it is possible to identify complex structures, handle interaction between features, and prevent overfitting, which
can lead to better prediction accuracy.

The present research is targeted at building an accurate churn prediction model based on AdaBoost and RF
algorithms. The major purposes are analyzing the performance of the two models, identifying key factors
affecting churn, and drawing useful conclusions that would help improve customer retention policies in
subscription companies. The key contributions of this paper consist in the application of the suggested
approaches to subscription services in the real-world application and comparative analysis of their effectiveness.

The structure of the paper is as follows: Literature review of churn prediction and ensemble algorithms is
presented in Section II. Section III explains the dataset used, the data preparation process, and methodology
employed. Section IV discusses experimental findings. Conclusion and direction of further research are given in
Section V.

2. Literature Review

The prediction of customer churn has been extensively studied using traditional as well as modern machine
learning (ML) approaches [11][12]. Traditionally, LR, DT and survival analysis have proved useful in identifying
general trends as well as strong churn predictors [14][16]. However, such approaches are likely to fail in
capturing non-linear relationships amongst features, dealing with high dimensional feature spaces, as well as
providing good performance in situations where the classes are imbalanced. In order to tackle these difficulties,
methods from ML like SVM, KNN, and neural network methods have been utilized for forecasting purposes
[15][22].

The ML methods such as SVM, KNN, and ANN have been used to compensate for these deficiencies [17]. The ML
methods exhibit better prediction performance owing to their ability to account for the complex relationships
that may exist between the different customer attributes [13]. Although these techniques have proved more
effective than the traditional approach, there are weaknesses associated with using single models.

The use of ensemble learning algorithms such as AdaBoost and RF has been found to be quite promising for churn
prediction [18][21]. In particular, AdaBoost improves accuracy by giving priority to incorrectly classified data
points, whereas RF improves prediction through the use of DTs. Previous research has employed these
algorithms and reported high accuracy in their predictions compared to traditional algorithms. In addition, the
RF algorithm can help identify the most important features influencing customer churn [19][20].

However, some research gaps still exist concerning the use of ensemble methods in predicting churn in
subscription services [23]. Several studies are confined to certain industry sectors, including
telecommunications and banking, thus not applicable to other business areas. Also, there is a lack of comparison
among various types of ensemble methods, as well as the combination of industry-specific attributes in ensemble
models for improved accuracy in identifying customer churn. Therefore, it is necessary to develop a common
approach to implementing AdaBoost and RF in subscription-oriented organizations for better churn predictions.
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3. Dataset and Methodology

3.1 Dataset Description

The analysis is conducted using the Customer Churn Dataset provided by Kaggle. It is a data set containing 7,043
entries of customer records based on subscription services with 21 columns representing characteristics of
demographic, accounts, and services used. Important features include gender, whether the customer is a senior
citizen, having a partner and/or dependents, length of stay or tenure, contract type, method of payment,
paperless bill, monthly charges, total charges, and services like internet service, phone service, streaming
services, and technical support. The dependent variable, "Churn," is binary, with "1" referring to customers who
have discontinued their services, while "0" denotes customers currently active with the company.

3.2 Preprocessing of Data

Preprocessing guarantees that the data is ready for use with ML algorithms. Handling missing values is done
through median imputation for numerical attributes and mode imputation for categorical attributes. Encoding is
used to transform categorical attributes like customer region and subscription type using one-hot encoding into
numeric data for ensemble algorithms. Normalizing the numerical attributes is done by applying min-max scaling
to confirm that all features have a similar scale. Another challenge that will be addressed is that of class imbalance
through the use of methods such as SMOTE.

3.3 Methodology
Hyperparameter L.
Data Collection Data Preprocessing Model Building Tuning & Model Prediction
Validation
Handle Missing Values
AdaBoost
Customer Remove Duplicates n_estimators
Churn Dataset learning_rate Best models
(Kaggle) — Encode Categorical — AdaBoost max_depth —» areused to
Variables (One-Hot e predict:

e 20,000 Encoding) = sign<z o hm(x)> —»  Random Forest Churn (1)
customer = n_estimators Non-Churn
records Normalize Numerical Random max_depth (0)

o 24 features + Features (Min-Max Forest mz_ix_features ) on the test
Target Scaling) Hy (x) min_samples_split seth
Churn: = mode{h, (x), h,(x)

1 = Churned Train-Test Split: Tuning Method
0 = Retained 80% Training Grid Search with 5-
20% Testing Fold Cross-
Stratified Sampling Validation
Evaluation
Accuracy Precision Recall (Sensitivity) F1-Score ROC-AUC

l

Interpretation & Insights
« Identify key factors influencing chur
* Compare performance of AdaBoost and Random Forest
« Generate actionable insights for customer retention strategies

Figure 1: Workflow for customer churn prediction using adaboost and RF
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Two algorithms based on ensemble learning methods are applied for implementation in the methodology
described: Adaboost and RFE.

e Adaboost learns a series of weak classifiers to construct one strong classifier, using decision stumps as its
base learners and assigning higher weights to incorrectly classified data in each step. Hyperparameters used
for training include the number of estimators and learning rate.

o RF generates several DTs, where features are randomly selected for splitting. Training hyperparameters
include the number of trees, maximum tree depth, and least samples per tree node.

The two models are trained on the preprocessed data using an 80:20 train-test split. Tuning of hyperparameters
is done using grid search with cross-validation.

Figure 1 shows the entire process flowchart of the suggested churn prediction model. The data is collected from
the Kaggle Customer Churn Dataset, followed by data preprocessing steps that include missing value imputation,
feature encoding, and feature scaling. This process flow is continued by constructing ML models using AdaBoost
and RF algorithms, and then performing hyperparameter optimization using grid search technique with 5-fold
cross-validation. Lastly, the developed ML models are analyzed based on accuracy metrics.

AdaBoost combines M weak classifiers h,,(x) into a strong classifier H(x). The weighted error of each weak
classifier is shown in equation (1):

_ YL wi L(hm (X)) # ¥1)

€ ©)
" Liwi
Its contribution to the final model is shown in equation (2):
1 1-¢
() :
i =510 (— @
Sample weights are updated as shown in equation (3):
Wi < Wi exp(—am)’ihm(xi)) ©)
The final prediction is shown in equation (4):
M
HE) = sign| D d b () )
m=1
RF aggregates predictions from T DTs using majority voting, shown in equation (5):
Hgp(x) = mode{h;(x), hy(x), ..., hy (x)} ©)
Node splits are guided by Gini Impurity, shown in equation (6):
K
G=1- Z pi (6)
k=1

Algorithm 1: Customer Churn Prediction Using AdaBoost and RF
Input:

e D = {x;,y;}',- preprocessed customer dataset

e x;- feature vector of customer i

e y; € {0,1}- churn label (0 = retained, 1 = churned)
Output:

e Predicted churn labels y;

e Performance metrics
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Steps:
1. Data Preprocessing:
e Handle missing values and duplicates
e Encode categorical features (One-Hot)
e Normalize numerical features (Min-Max scaling)
o Divide dataset into training (80%) and test (20%) sets
2. Model Training:
e AdaBoost: Train sequential weak learners, update weights on misclassified instances
e RF: Train multiple DTs using bootstrap samples, aggregate predictions via majority vote
3. Hyperparameter Tuning:
o Utilize grid search with 5-fold cross-validation to select optimal parameters for both models
4, Prediction:
e Apply trained models to test set to generate predicted labels ¥;
5. Evaluation:
e Compute evaluation metrics
End

Customer Churn Prediction Algorithm 1 starts by pre-processing dataset, which involves the filling of missing
values in the dataset, encoding the categorical variables using one-hot encoding, normalization of numerical
features, and dividing of the dataset into training and testing datasets. After that, two ensembling techniques are
used to train models on the dataset, with AdaBoost developing sequential weak learners and modifying weights
for the miss-classified instances. The other algorithm for training is RE, where the DT algorithms are developed
on bootstrapped samples, and the predictions from each model are voted upon. Grid Search and Cross Validation
are used to tune the hyperparameters of both models for optimization. The trained models will then be applied
on the test dataset to obtain predictions of the customer churn cases, which are analyzed.

3.4 Evaluation Metrics

Accuracy: Proportion of correctly predicted instances among all samples; measures overall correctness shown
in equation (7).
TP+TN

Accuracy =
Y=TprTN+FP+FN )
Precision: Proportion of accurately predicted churn cases among all instances forecast as churn; reflects false

positive control shown in equation (8).

Precision = TP 8
recision = TP L FP ®

Recall (Sensitivity): Proportion of actual churn cases accurately identified; measures false negative control
shown in equation (9).

Recall = — 9
A= TP Y FN ©)

F1-Score: Harmonic mean of Recall and Precision; balances false positives and false negatives shown in equation
(10).

Precision - Recall
F1=2

(10)

"Precision + Recall
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4. Results and Discussion

4.1 Comparison with other Models

The performance of AdaBoost and RF algorithms on the Kaggle customer churn dataset has been analyzed with
respect to several parameters. From Table 1, it is clear that RF performed better than AdaBoost with an accuracy
score of 0.86 against 0.84 by AdaBoost. Also, Precision and Recall scores of the two classifiers were almost the
same showing similar performance when predicting the churn and not churn classes. F1-Score and ROC-AUC
further prove that the classification techniques are good at distinguishing between churned customers and loyal
customers. This shows that ensemble learning is more reliable for prediction tasks than traditional single model
algorithms. Further, both classifiers showed excellent performance on data having an imbalanced ratio of
churned customers and retained customers.

Table 1: Comparison of individual and combined ensemble methods

Model Accuracy | Precision | Recall | F1-Score | ROC-AUC
AdaBoost 0.84 0.81 0.78 0.79 0.86
RF 0.86 0.83 0.80 0.81 0.88
Combined Model 0.88 0.85 0.82 0.83 0.90

Table 1 presents the comparison of AdaBoost, RF, and the Combined Model's performance using the Kaggle
Customer Churn Dataset. Even though RF model performs better than AdaBoost in most criteria, the combined
model, which uses the prediction results of both models through a voting or stacking method, performs best
among all models tested. Performance metrics are higher, which means that when ensemble methods are used
together, they leverage each other’s strengths in predicting customer churn.

Model Performance Comparison

1.0 —_—— -
AdaBoost
ARandom Forest |

o8

valye

Nty

Accuracy Precision Mecall rl-Score nOC-AUC

Figure 2: Model Performance Comparison of AdaBoost and RF

Figures 2 shows the graphical illustration of performance metrics for AdaBoost and RF classifiers in forecasting
the customer churn problematics. On the X-axis, there are performance metrics, whereas on the Y-axis, their
corresponding values are illustrated. As shown in the graph below, it can be observed that the RF classifier
outperforms the AdaBoost classifier in all performance metrics, indicating that the RF classifier has more
predictive ability in differentiating between churned and retained customers.

Figure 3: Top 5 feature importance from RF
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4.2 Feature Importance Analysis

As shown in Figure 3, the most influential features that affect the churn rate using the RF approach are presented
below. The bar chart indicates the importance scores for the top five features ranked by their influence on the
prediction of churn from the highest to the lowest score as follows: Tenure, Monthly Charges, Contract, Payment
Method, and Technical Support.

According to the feature importance results obtained from RF, it was determined that some of the mostimportant
variables for identifying the customers who are most vulnerable to churning include tenure, monthly charges,
type of contract, and payment method. Churn is more prevalent among customers with a shorter tenure period,
those with higher monthly charges, those on month-to-month contracts, and those who pay electronically. Some
of the other variables that contributed towards the identification of customers who have churned are technical
support and streaming services. These are some of the other contributing variables.

4.3 Business Implications and Retention Strategies

Based on these results, there is an opportunity for practical application of ensemble methods in subscription
companies. It can become easier to retain customers that have a higher probability of leaving due to the ability
to create marketing strategies aimed at preventing their exit. The fact that AdaBoost and RF models are
interpretable will enable decision-makers to prioritize certain aspects, such as dealing with new customers and
those with premium subscriptions. The data can also be used for creating decisions about retention policies
without involving excessive costs for companies. Moreover, customers that are more prone to exit can be
automatically identified through CRM tools.

4.4 Limitations

Limitations of the present study can be seen in the usage of just one type of dataset; hence generalizing the
findings to other sectors will not be possible. Further, another limitation of this work is that there is no inclusion
of temporal behavior as well as other external environmental factors such as the state of the market within the
models used. Lastly, the problem of class imbalance in the data has been catered for through oversampling. This
however, may not solve problems of extremely high levels of customer attrition. Future possibilities of research
include using datasets that have multiple variables, conducting longitudinal research, and even live streaming of
data.

5. Conclusion and Future research

The following paper contains an empirical analysis of the application of ensemble learning approaches AdaBoost
and RF in the field of customer churn prediction in the subscription sector. Based on the Kaggle Customer Churn
Data Set, RF demonstrated superior performance than AdaBoost in regard to 0.88 Accuracy, 0.85 Precision, 0.82
Recall, 0.83 F1 Score, and 0.90 ROC-AUC. Meanwhile, a hybrid model with the implementation of both algorithms
proved to be even more effective, reaching ROC-AUC (0.90). Thus, it can be said that the benefits of utilizing both
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models at once have been illustrated. Regarding feature importance, Tenure (0.21), Monthly Charges (0.18),
Contract (0.15), Payment Method (0.12), and Tech Support (0.08) were considered the most These statistical
observations not only prove the efficiency of ensemble methods but also their interpretability. It is now possible
to use this model to reach out to high-risk customers and optimize their retention strategy. The better results
achieved through the combination of two algorithms prove that there should be more hybrid approaches that
can reveal complicated relationships between variables in consumer behavior. Possible further work would
involve hybrid models based on DL and ensemble algorithms that could reveal behavioral patterns and predict
future behavior of customers. Integration of real-time predictive models, incorporation of multiple sources of
data and behavioral analytics could increase accuracy of the model. Transfer learning for various types of
subscription-based businesses could also prove helpful in this regard.
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