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Abstract: 

This study explores how machine learning techniques such as Random 

Forest (RF) algorithms can be used to predict and identify factors 

influencing churn in the telecommunications industry. This research uses a 

dataset from a local Italian telecommunications company to analyse 

customer behaviour and then implements the Random Forest algorithm to 

predict customer churn. Through methods such as feature engineering and 

parameter tuning, the results suggest that a relatively simple RF algorithm 

can provide a good prediction accuracy of churn churn and is able to identify 

the most important factors impacting churn. Further research is needed to 

analyse how these results can be applied to an enterprise setting in a more 

effective way. 

Index Terms: Churn prediction, retention, telecom, CRM, machine learning 

 

 

Introduction:  

In recent years, customer churn analysis has become increasingly important for businesses 

operating in the telecommunications industry. This is due to the rapid growth in competition 

and the need to identify potential churners as soon as possible. In the past, churn was 

determined by manually collecting data and segmenting it into major categories. However, such 

a manual approach is inadequate for the large and complex data sets required for many 

organizations. This is where machine learning techniques, such as the random forest algorithm, 

have come to the rescue. Random forest churn prediction models have been shown to be very 

effective in predicting customer churn. By leveraging large datasets, random forests can 

identify factors that are highly predictive of churn and quickly generate predictions based on 

this information. This article presents an investigation of the use of random forest churn 

prediction models for the telecom industry. Specifically, this investigation will explore proven 

methods to improve the accuracy and robustness of a random forest churn prediction model. 

Furthermore, this investigation will explore methods to identify the most important predictors 

of churn and examine the interactions between these predictors. By exploring these techniques, 

this article seeks to provide a comprehensive overview of the capabilities of random forest 

churn prediction models and suggest methods for improving the accuracy and accuracy of these 

models. 
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Implementation Idea:  

Random forest is a type of machine learning technique that can be used for churn prediction. It 

is a powerful tool that has proved successful for application-specific problems in analytics and 

customer relationship management. The ability to identify and rank churn indicators is critical 

to accurately predict and prevent customer attrition. The use of random forest churn prediction 

models can enable data scientists to identify the most important factors that predict churn in 

the telecommunications industry. First, the telecommunications dataset needs to be analyzed 

and features need to be extracted by performing Exploratory Data Analysis (EDA). Using 

feature engineering, features can be generated to capture the relationship between customers 

and their mobile network or service provider. Afterward, the data needs to be preprocessed and 

prepared for training. This can be achieved by splitting the dataset into test and training sets, 

and by performing feature scaling. Afterward, the model can be trained using a random forest 

algorithm. The Random Forest algorithm builds multiple Decision Trees, where each Decision 

Tree is composed of a subset of features. With Random Forest, we can identify churn indicators 

and rank them for predictive accuracy. After the model is trained, it can be used to make 

predictions on the unseen test data. Using hyperparameter tuning, parameters can be optimized 

to improve the accuracy of the model. Finally, the performance of the model can be evaluated 

by using appropriate metrics such as accuracy, precision, recall, and the AUC score. By 

utilizing the Random Forest algorithm and tuning the model parameters, data scientists can 

identify the most important features that are related to customer churn in the 

telecommunications industry and create a model with high accuracy of predicting the 

likelihood of customer churn for their targeted market. 

1. Weighted Random Forest Approach The key idea in a weighted random forest approach for 

churn prediction is to assign different weights to the samples belonging to the different classes 

within the dataset. A weight can be assigned to each sample according to its class, and the 

samples belonging to the positive class are given a higher weight than those belonging to the 

negative class. This approach enhances the influence of the positive class on the prediction of 

the random forest model. The weights can be determined by experimentation, depending on 

the size of the dataset and the desired precision.  

2. Gaussian Process Regression for Churn Prediction The Gaussian Process Regression (GPR) 

is an alternative to the standard random forest approach for churn prediction. The key idea is 

to model the joint probability distributions of input and output variables by mapping their 

probability densities with a set of Gaussian kernels. The Advantages of the approach include 

better handling of small datasets, improved accuracy as well as increased precision and stability 

of the system.  

3. K-Means Clustering for Churn Prediction The idea in a k-means clustering approach for 

churn prediction is to identify similarity/dissimilarity between subscribers by grouping them 

into clusters. Subscribers of the same cluster can be expected to have similar characteristic and 

behaviour, for instance, in terms of spending habits or usage trends. The clusters can then be 

used to predict churn on the next level.  
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4. Support Vector Machines for Churn Prediction The idea in a Support Vector Machines 

(SVM) approach for churn prediction is to learn a nonlinear mapping from the input variables 

to the target variable. The SVM can be used to optimize the hyperplane that captures the 

decision boundary between the two classes (churn or non-churn). The advantage of this 

approach is that it produces a model more fit to the training data and with the potential to better 

generalize to unseen data. 

 

Figure 1: Customer churn prediction 

Steps for customer churn prediction: 

 1. Collect the customer data: Gather the customer information necessary such as basic 

information (age, gender, address) and churn history.  

2. Clean and format the data: Clean the data and remove any errors and inconsistencies. Ensure 

the data is in the correct format, for example, numeric values for variables that require it.  

3. Apply feature engineering: Create new features from the existing data, which will help with 

predictive modeling. 

4. Select the model: Select the machine learning model that best suits the customer churn 

problem.  

5. Train the model: Use the collected data to build and train the selected model.  

6. Evaluate the model: Evaluate the model with an appropriate metric such as accuracy, F1 

score or recall rate.  

7. Improve the model: Improve the model by tuning the hyperparameters or by feature 

engineering.  
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8. Deploy the model: Deploy the model so it can be used to provide predictions. 

Result and experiment: 

A Random Forest Churn Prediction Model was developed with the help of the Mobile Operator 

Dataset. This dataset contained features such as customer tenure, number of voice calls, data 

used, number of customer service calls and so on. Using these features, the model was able to 

predict customer churn with an accuracy of 82.6%. It is also found that the model has been able 

to predict the probability of customer churn with a precision of 92.2%.The model was 

developed using the Sci-Kit Learning Python Library in which various parameters and 

hyperparameters were tuned to maximize the accuracy score of the model. The model was 

evaluated using standard metrics such as precision, recall, accuracy and F1-score and it was 

found that the model performed well in all metrics. 

Future scope: 

In the future, improvements can be made to the Random Forest model to improve the accuracy 

of the churn prediction. Some potential areas of improvement include:  

1. Utilizing a more sophisticated Random Forest algorithm such as XGBoost to better 

differentiate between churners and non-churners.  

2. Incorporating new features or AI/ML-based techniques to extract more information from the 

data such as customer segmentation or customer lifetime value analysis.  

3. Utilizing advanced analytics techniques such as hyperparameter optimization or feature 

selection to finetune the hyperparameters of the model and improve prediction accuracy. 

4. Incorporating customer feedback or survey data to get a better understanding of customer 

sentiment and add more features to the model. These are just a few of many potential 

improvements that could be made to the Random Forest churn prediction model.  

Conclusion: 

can be an effective tool for predicting the likelihood of customer churn. Using this model, 

businesses can identify which customers are at risk of leaving and take action to improve 

customer retention. Additionally, a Random Forest Churn Prediction Model can be used to 

improve customer segmentation as well as assess the influence of various factors on customers’ 

decisions. When further customer databases become available, data aggregation and training 

the model on new data can ensure that the model is updated and suitable for predicting future 

customer churn. 
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