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Abstract 

 

The telecom industry has an ever-increasing number of service providers. With the competition 

between service providers to attract more customers by making attractive offers, there is an 

incentive for customers to keep switching service providers. Service providers can stay ahead 

of the game by making proactive attractive offers and retain customers. Machine learning is 

applied to predict those customers most likely to churn. This research uses state of the art H2O 

stacked ensemble methods to improve the performance accuracy of the base models.  

 

The tools that are used for the research are RapidMiner, which is an analytical automation tool, 

and python coding implementing the H2O framework specifically designed for artificial 

intelligence. Traditional models are implemented in RapidMiner, namely the Generalized 

Linear Model, Gradient boosted trees, Deep Learning, and logistic regression. The models 

implemented in Python using the H2O framework are Stacked ensemble, deep learning, and 

distributed random forest trees. Base results are compared against ensemble methods and 

evaluated on various performance metrics. 
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Chapter 1: Introduction 

1.1 Introduction 

Churn Prediction Process is an integrated data analysis and classification process that enables 

a business to analyze the churn rate among the customers gained over a definite period. With 

the "enterprises in the telecom sector" looking forward to the retention of "loyal customers" for 

their business growth, the enterprises are also keen on acquiring new customers" at the same 

time. In order to improve the possibilities of gaining more customers and retaining them to earn 

a greater profit, the organizations establish strategies to predict the churn rate and identify their 

drawbacks to improve the situation by using different data analysis mechanisms and classifiers. 

This provides a greater opportunity for administering "customer relationship management." 

The "ensemble learning methods" will successfully combine the data mining methods and also 

"improve the accuracy and robustness of the process." 

The study is based on the process of understanding the "ensemble learning process 

corresponding to customer Churn Prediction." Thus, the introduction chapter shall discuss the 

critical aspects of churn prediction and "ensemble learning methods." The background of the 

study provides an emphasis on the pre-acquired knowledge that is to be implemented in 

conducting the overall research. Furthermore, the "aims, objectives, and research questions" 

are outlined in this chapter to guide the research towards the specific goals of understanding 

the utility of the "churn prediction in the telecommunication sector." Additionally, the problems 

associated with the research area are strategically presented in the introduction to demonstrate 

the issues that should be managed for the appropriate application of the process. The chapter 

also defines the purpose of the study and the significance it holds with respect to the fulfilment 

of the core objectives of the research. 

1.2 Background of Study 

It is quite challenging for an organization to retain the customers and also ensure growth by 

acquiring new customers. However, this challenge is mostly perceived by the 

telecommunication industry, where the customers are prone to frequent switching among the 

different providers in the telecom sector, owing to their better performance of one provider 

over another. This fuels the need to establish a definite mechanism or a model that can identify 

the limitations of the organization due to which the organization fails to retain its customers 

and improve the sales revenue and growth profits as presented in (Pretam Jayaswal et al., 
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2016). Therefore, it is essential to identify the number of customers who switched to a different 

telecommunication organization and also predict the number of customers that can move to a 

different organization depending on the existing features and facilities provided by the 

company to its customers. This phenomenon of customers moving to a different organization 

is designated as customer churn, and the rate at which this occurs is termed as the "customer 

churn rate". [ Referred to Appendix 1] 

The organizations need to identify and predict the churn rate in order to develop their services 

and to administer appropriate facilities in the customer service. There are several methods of 

churn prediction that can be effectively implemented with machine learning techniques and 

other data analysis methods. However, "ensemble learning method" is explored to understand 

its potential in effectively handling large data sets and predicting the churn rates using different 

algorithms and techniques to provide accurate and precise results from the evaluation of 

customer data (Lessmann, Stefan & Coussement, 2018) (K. Mishra and R. Rani, 2017). The 

"Churn Prediction process" allows the telecom providers to retain loyal customers through the 

development of strategies that ensure enhanced performance in the market and provide 

customer satisfaction in various ways. 

The chart prediction methods can be implemented with the use of different classifiers such as 

"Random Forest classifier, Logistic Regression, Bagging classifier, Decision Tree, Support 

Vector Machine (SVM), Naïve Bayes and Booting classifier". (Mumin Yildiz et al., 2020) 

discusses several methods that can be implemented. The online article provides a detailed 

discussion about the hybrid models using "Artificial Neural Network" and "Self-organising 

maps", "Bayesian Belief Network Models", "Ant-Miner+", "Rotation Forest" and "AdaBoost". 

These algorithms correspond to various "ensemble classifiers" and "rule extraction methods." 

With a distinctive evaluation of the discussed methods, the authors have analyzed a set of data.  

"Ensemble Learning method" is a highly effective "machine learning mechanism" that 

incorporates different models into one system model to produce the best results of data mining 

and analysis. The concept that is implemented behind the "ensemble learning methods" is that 

several weak models can provide extensively powerful inaccurate results when these models 

are combined strategically. Since the choice of a particular model in analyzing a set of data 

with the help of a machine learning mechanism depends on several factors such as the size of 

the data set, dimensionality, and distribution. The data set may have "high bias and high 

variance." The Ensemble method aims to develop a complex model that would help in 

"reducing the bias and variance of weak learners" to achieve accuracy and performance. Hence 

this model also requires the appropriate choice of the individual base models so that they are 
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"homogeneous weak learners trained in different ways" combined to form a "heterogeneous 

ensemble model". This also indicates the need for the implementation of several meta 

algorithms such as bagging, boosting, and stacking. 

This explains the overall concept that is to be integrated into this research to develop a suitable 

Ensemble method that assists the "prediction of Churn rates among the customers of the 

telecommunication sector." 

1.3 Research Aim  

Precisely forecast the future churn to assist administrative decisions for the company's telecom 

customer.  

1.4 Research Objective 

Comparing standard machine learning algorithms with Ensemble machine learning 

techniques in order to find the most effective approach for forecasting and what variables 

affect them. 

1.5 Research Question 

The research seeks to address the following research questions: 

1. How efficiently can the “ensemble learning methods predict the customer churn rate 

over traditional machine learning techniques”? 

2. How does the “feature selection techniques” provide improved “accuracy of models”?   

 

Hypothesis: Will the Stacked Ensemble Model outperform the traditional Machine learning 

algorithms. 

 

Scope: The aim of this research is to help develop a Churn Prediction tool, which includes a 

broad range of statistical and machine learning algorithms to predict consumer churn 

accurately. 

 

Limitation: Telecom companies won't share their private data since it is confidential, and 

data leak could be a serious offense. An accurate and huge amount of data will be helpful in 

training the Machining Learning algorithm more precisely.  

1.6 Research Motivation 

The research motivation was taken from the paper published by the authors Pretam Jayaswal, 

Bakshi Rohit Prasad, Divya Toma, and Sonali Agarwal. The paper was published on topic of 

“An Ensemble Approach for Efficient Churn Prediction in Telecom Industry”. The researchers 
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aimed to use customer usage and similar information from a telecom service provider to 

analyze churn in the telecom industry.  The machine learning model they used in their research 

are decision tree and its ensemble variants random forest trees and gradient boosted decision 

trees. These ensemble-based algorithms Gradient boosted tree outperformed the other classifier 

models. The Gradient boosted tree performed even better than Random forest in terms of 

accuracy and sensitivity. The gradient boosted trees had an accuracy score of 96.78% (Page 

227), random forest trees had an accuracy score of 95.32% (Page 228) and the lowest 

performance was by Decision trees having the accuracy score of 89.99%. 

1.7 Research Rationale 

The telecommunication sector faces a lot of trouble due to the frequent switching of customers 

between different providers. This results in the loss of customers and thereby affects the profits 

and overall revenue of the organizations. This phenomenon of service migration takes place 

when a company fails to ensure the satisfaction of the customers. Since the telecommunication 

market is inhabited with numerous telecom providers who practice active competition in 

acquiring customers and improving their performance through a cheap pricing and several 

other marketing strategies, service migration poses a major threat to the companies. Therefore, 

customer retention is a significant problem within the telecommunication industry that requires 

effective solutions and business strategies in place to retain loyal customers and also to acquire 

new customers, as mentioned in (Debjyoti Das Adhikary et al., 2019). This problem affects not 

only the financial growth but also downturns the "reputation of the enterprise". The lack of an 

efficient predictive model that can provide significant results corresponding to the Churn rate 

of customers poses a considerable amount of problems to the organizations. This also prevents 

enterprises from determining and identifying their limitations that should be handled 

effectively. The company also suffers from severe mismanagement and lack of administrative 

qualities regarding the "customer relations management," thereby losing the market to more 

competitive enterprises that retain loyal clients. 

There are several challenges to the data mining process and the machine learning models which 

are outlined in the journal as the "large volume of data, variety of the data, unbalanced dataset, 

missing values and an extensive number of data features" (U. Ahmed, A. Khan et al., 2019). 

Overcoming these barriers in the dataset are also essential for appropriate "data analysis and 

machine learning." 

Also, the identification of the appropriate ensemble method based on the classification of 

individual base models plays a vital role in determining the net customer churn rates of the 

company with extensive accuracy and precision. There are several methods of combining the 
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base models and identifying the particular algorithms that can be used to develop a suitable 

"ensemble learning model" which can provide powerful results from the "training and testing 

of data sets" (A Hammoudeh et al., 2019). Furthermore, the improper combination of weak 

learners can provide inappropriate results from the data mining and analysis of the Ensemble 

method. 

This covers the different problem areas corresponding to which the research is implemented 

and seeks to address these issues by developing an innovative "ensemble learning model" and 

deploying it for predicting the customer churn of telecommunication providers.  

1.8 Research Significance 

The evaluation of the study will help determine the process in which the "churn prediction" is 

being conducted by implementing the "ensemble learning method." Moreover, the study shall 

emphasize on the aspects of ensemble models to enable the combination of different models 

with the use of suitable algorithms and methods and ensure an accurate data analysis. 

Most essentially, the research provides extensive ideas about the models and techniques that 

have been incorporated by the authors and researchers regarding the appropriate modeling of 

the learning mechanism that ensures the precise and accurate data prediction (R. Andrews, 

2019). The research shall also consider effective solutions that cover the critical areas of feature 

selection to provide the correct solution to the "data mining and the machine learning process." 

The purpose of the study is also to provide practical, evidence-based analysis through the 

implementation of a large customer data set and apply the mechanism of "ensemble learning" 

to find the accurate and precise predictive data from the data set regarding the customer churn 

rate (W. Bi, M. Cai, et al.,  2016). 

The study also helps to understand the specific algorithms that are associated with the 

implementation of the learning methods such as the ANN, CNN, RF, and SVM. With the 

elaboration of the strategic approaches of conducting a churn prediction with respect to 

"ensemble learning methods". This indicates the overall purpose of the experimental research 

study and the overall significance the study has in the context of analyzing the customer data 

for performing the "churn prediction based on ensemble learning methods." 
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1.9 Research Roadmap 

 

Figure 1: Research Roadmap 

(Source: Self-created) 

1.10 Conclusion 

The introduction to the research topic regarding the "Ensemble Learning methods" that can be 

implemented by the organizations in the telecommunication sector to develop their current 

strategies of customer retention and acquiring through the effective prediction of churn rates 

have been elaborated in this chapter. The aims, objectives, and questions adequately guide 

through the process of the research and provide a direction to the determination of the specific 

research goals that are to be achieved at research completion. Overall, this chapter is highly 

sufficient in building the appropriate knowledge required to conduct the research. The problem 

areas linked with the implementation of the churn prediction techniques and the associated 

problems in the "ensemble learning methods" have been significantly considered in this 

chapter. Furthermore, the significance of the research explains the definite purpose of the study. 

It allows for the development of suitable strategies and methods to examine the intricacies of 

applying "Ensemble learning methods for churn prediction." The final section of the research 

Roadmap shows the procedural approach towards conducting the research.  
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Chapter 2: Literature Review 

2.1 Introduction 

The method involved in the "Ensemble learning" is considerably complex with respect to the 

application of the various algorithms and other critical factors associated with this method of 

data mining and analysis. Apart from the complexities of the "ensemble learning methods," 

there are varying aspects of the churn prediction methods which need to be studied elaborately 

in order to perform the churn prediction on a particular dataset based on the application of 

"ensemble learning methods." The reviewing of literature provides a critical overview of the 

concepts developed by other researchers and authors as well as the approaches that have been 

implemented by the researchers in applying the "ensemble learning methods for churn 

prediction." The literature evidence that is collected from the peer-reviewed journals and other 

scholarly articles can provide a detailed overview of the problems associated with the study of 

"ensemble learning methods." 

The literature review also explores the theories and models of the corresponding research area. 

It defines the factors responsible for the appropriate implementation of "ensemble learning 

methods in respect to churn prediction." Therefore, the chapter shall highlight the independent 

variables and the dependent variables of the study to develop a conceptual framework of the 

research area. Finally, this chapter also produces the limitations in the literature sources and 

aims to resolve them in the current research. 

2.2 Empirical Study 

The study of the empirical literature is highly significant in researching as it provides an insight 

into the varied approaches and concepts that have been developed by the researchers on the 

"machine learning methods" involving the "ensemble models in predicting the customer churn 

rate in the telecom industry." Furthermore, the review of literature provides a comparative 

study of the previous works of the researchers regarding the “churn prediction” and weighs the 

advantages and disadvantages of the specific methods used by them in achieving the results to 

further incorporate them in the current research. 

According to (Amin et al., 2017), Churn Prediction allows the organizations to understand the 

"behavior of the customers" towards the service provider and further gives them the 

opportunity to differentiate among the "non-churn customers and churn customers" through a 

forecasting model. With a focus on the customer retention objective, the authors have found 
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that industries are severely inadequate in having a "rule-based Customer Churn Prediction 

(CCP) approach" within the telecommunication sector. The authors have proposed a "Rough 

Set Theory (RST)" for the "rule-based decision making" regarding the differentiation of "churn 

and non-churn customers." This journal has implemented for specific "rule generation 

algorithms corresponding to RST based CCP approach," namely, "exhaustive algorithm (EA), 

covering algorithm (CA), genetic algorithm (GA), and LEM2 Algorithm (LA)". With 

consequent evaluations and empirical results from the study, it has been identified that the 

"Genetic Algorithm is the most suitable technique" to perform learning on public data using 

decision rules. [ Referred to Appendix 2] 

Another journal presented by the authors (Amin, Al-Obeidat et al., 2019) has discussed the 

generation of appropriate "Churn prediction methods" in the telecom sector based on uncertain 

situations. This journal provides an extensive understanding of the approach that should be 

undertaken within the telecommunication industry to establish a secure business for the 

retention of customers. The paper provides a detailed analysis of the factors which are 

responsible for the customer churn using the "proposed model of churn prediction" that 

investigates the two different "types of samples, namely the upper distance samples and the 

lower distance samples". The samples were tested based on certain critical factors such as 

"accuracy, f measures, precision and recall" relevant to the uncertainty in the increment of 

sample size. The results of the proposed approach indicate that the "lower distance data set" 

have demonstrated better performance in comparison to the "upper distance data set". The 

Bayesian binomial test has been conducted to analyze the data distribution. [ Referred to 

Appendix 3] 

As per the theories and approaches presented by (Mishra and U. Reddy, 2017), the "Ensemble-

based classifiers" can extensively be used for the "churn prediction in the telecom industry." 

The "Churn Prediction process" has been demonstrated by the authors as a systematic process 

with various levels of risks involved in the model. Defining the business objectives of the 

telecom service provider forms for step in the prediction model, which is followed by the 

identification of the essential parameters for the prediction. In view of this process, the next 

step involves the development of a suitable prediction model that is tested with respect to the 

"low, medium, and high-risk levels". Finally, the model word predicts the "churn rate among 

the customers" with the major differentiation among the "churner and non-churner group". The 

authors have provided a detailed explanation of the "Ensemble-based classifiers and well-

known base classifiers" that have been employed in the formulation of the "Churn Prediction 

model". The classifiers that have been chosen by the authors are the decision tree approach, 
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Bayesian Classifier, "support vector machine", "bagging, boosting and random forest 

methods". As per the results obtained based on the performance analysis of the classifiers, it is 

evident from the study that "the random forest classifier" provides the highest accuracy and 

sensitivity as well as the lowest error rate. Also, the study has indicated that the "random forest 

model" provides the best "precision, recall, and f score."  Therefore, the authors suggest that 

the "random forest method" can provide the best solutions in response to the "Churn Prediction 

problems" corresponding to the telecom sector. [Referred to Appendix 4] 

These approaches and investigations support the knowledge required for the implementation 

of the "Ensemble-based machine learning in the prediction of the churn rate of customers" in 

this particular study. 

2.3 Models and Techniques 

The review of literature from different secondary sources has provided certain advanced 

models and methods based on the idea of innovating new classified models which can enhance 

the in-depth research considering the prediction of churn rates among customers in the 

telecommunication industry. The research conducted by eminent researchers and authors in 

recent years has proposed several techniques and methods which can be developed and 

implemented in further study. 

"Prediction of customer churn rate" forms the "most dominant learning algorithms" for 

measuring the various business metrics such as the net revenue earned, net amount of profit 

and loss, which are related to the percentage of customer churn and "acquiring of new 

customers". The research presented by (A Hammoudeh, M. Fraihat, et al. 2019) furnished a 

"machine learning model" corresponding to churn prediction. In the study presented by the 

authors, an ensemble model was used to implement "a number of different models within a 

single system" to improve the "performance of the SEM model". The presented ensemble 

model in the study is highly effective in overcoming the limitations offered by single system 

models such as "high features or bias". The proposed "selective ensemble model" incorporates 

the "correct and incorrect result ratio" that is produced during the model training and effectively 

predicts the suitable model corresponding to the results ratio. The authors have demonstrated 

this model with the help of a data set consisting of 3333 customers and 21 attributes. The 

evaluation of this model in the research presented by the authors indicated that the model could 

effectively analyze 70% of the entire data set during the training and the rest of the data set 

during the testing. The model implemented the data preparation in the systematic flow from 
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"feature selection followed by feature transformation and imbalanced data." The primary 

evaluation criteria that were followed by the model are "accuracy, precision, and recall." 

Different algorithms have been implemented in the model, such as SVM, RF, ANN, and CNN. 

The use of the ANN technique has also been supported by (Khan et al., 2019).    

Apart from the classification of models, the review of literature has also presented several 

techniques based on the models of implementing Churn prediction. The study presented by the 

authors (Ullah, B. Raza, et al., 2019 ) Indicates a model that incorporates machine learning 

techniques in combination with identification mechanisms to evaluate the sole factors 

responsible for the high customer churn rate. This technique was implemented on two different 

sets of data, where the customers were well labeled on different segments. The first data set 

consists of two segments of clients, namely, false clients and true clients, while the second data 

set consists of Churn clients and non-churn clients. Based on the evaluation of the model, it 

was observed by the author that the k-means clustering and RF algorithm produced the most 

"effective performance results for turn prediction."    

 

Figure 2: “Churn Prediction Model” 

(Source: Ullal et al. 2019) 

Another research work presented by (M. Saghir, Z. Bibi, et al., 2019) broadly focuses on the 

importance of neural network algorithms for the churn prediction corresponding to the 

ensemble models and individual models. The models that have been presented by the authors 

have considered several methodologies, including "data acquisition, pre-processing, classifier 

training and testing using neural networks, deep learning and auto MLP, and finally the 

ensemble classification via bagging, majority voting, and AdaBoost." The "individual and 

ensemble models" are evaluated based on various classifiers such as "absolute error, accuracy, 

classification error, Kappa, precision, F measure, recall, and relative error." The results 

obtained from the implementation of the model with respect to the maximum performance have 

been exhibited by "Bagging MLP" in terms of precision, accuracy, Kappa, F- measure, and 
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recall. In contrast to that, "Bagging Neural Network" exhibits a high range of error 

classification along with precision and accuracy that renders it to be the best algorithm for the 

objective of Churn prediction. 

 

Figure 3: “Churn Prediction Model” 

(Source: Saghir et al. 2019) 

These models can be considered to further expand the areas of developing a suitable model for 

"Churn prediction using the methods of ensemble learning", thereby enhancing the accuracy 

and efficiency in enabling data prediction and analysis of a large data set of customers. 

2.4 Literature Gap 

Depending on the analysis of the empirical research that has been conducted, several gaps in 

the approaches and methods of “ensemble machine learning practices” employed by the 

authors have been identified for the improvement of the model in the subsequent study.   

The authors (Krawczyk et al., 2017) have indicated several limitations in their research 

corresponding to the implemented "Ensemble method of prediction". The limitations that have 

been highlighted in the journals are that the "classifier structure" is not updated with the 

appropriate models of the prediction that accounts for the unbalanced and delayed information. 

Another limitation of the research is the lack of "data stream classifiers that are "suitable for 

complex scenarios," such as "Changing class imbalance, verification latency, and multiple data 

streams." The study has also considered a survey which is significantly different from the actual 

scenario data sets, which are large and complex. The study also lacks the implementation of a 

"self-tuning ensemble mechanism," which would be able to produce better results for the 

prediction.    

Another limitation perceived in the empirical study of the journal produced by the authors (Ke 

et al., 2017) based on the theories corresponding to the "Gradient-based One-Side Sampling 
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and Exclusive Feature Bundling"  for the development of the GBDT algorithm indicates that 

the "Exclusive Feature Bundling" that is used in the research is only based on the sparsity of 

the dataset. At the same time, a better performance analysis could be done if the research 

considered both the sparse and non-sparse datasets for the development of the suitable 

"machine learning algorithm" in "Churn Prediction".  

2.5 Conceptual Framework 

 

Figure 4: Conceptual Framework 

(Source: Self-created) 

Dependent Variable 

“Churn Prediction”: Churn prediction corresponds to the evaluation of the overall rate of 

customers who are most likely to switch to a different telecom service provider. This also 

indicates the process of estimating the number of churn customers in the organization as well 

as helps to provide differentiation among the "churn and non-churn customers" of the business. 

The churn prediction also involves investigating the reasons for the customer churn. Also, it 

helps to predict the risk labels for the prediction corresponding to a current dataset and a 

suitable "Machine learning model." There are several methods and algorithms which can help 

Business 

Factors  

Ensemble 

Models 

Independe

nt 

Variables 

Dependent 

Variable 

Churn 

Predicti

on 

Customer 

Segmentat

ion 



18 
 

in estimating and predicting the customer churn, as mentioned in the journal presented by the 

authors (Xia et al., 2016).  

Independent Variables 

Business Factors: (J. Xiao, L. Huang, et al., 2018) Indicate that the financial and cost of 

services are one of the prime factors that are responsible for customer churn. Apart from that, 

the business factors that are responsible for the customer churn prediction are the extensive 

competition in the telecom market that constantly requires the organizations to improve their 

base and employ an appropriate CRM through the churn risk estimation and development of 

policies that would help to ensure the customer retention. Also, in the journal by (Dahiya and 

Bhatia, 2015), the "cost of acquiring the new customers" are more with respect to retaining old 

customers. Therefore, the business factors are highly responsible for the incorporation of a 

strategic machine learning model that would enable the companies to estimate the churn rate 

and retain the customers. 

Customer Segmentation: The need to understand customer behavior is broadly dependent on 

the analysis of the customer background and their requirements. Classification of the dataset 

of the customers and identifying the customer segments into the "churn and non-churn groups" 

are significantly responsible for the choice of the appropriate "ensemble learning method" 

corresponding to "the churn prediction." The classification of the dataset of the customers is an 

essential factor for the accurate "churn prediction." Authors (Yu et al., 2018 ) have proposed a 

"DBN based framework" that facilitates the classification of the customer data and their 

characteristics in order to provide a customer segmentation with respect to the objective of 

performing a "churn prediction" on an imbalanced dataset.   

Ensemble Models: This corresponds to the developed approaches and models based on which 

the prediction is conducted. This is a formal machine learning method that supports the big 

data analysis of the customer data set. Authors (Umayaparvathi and Iyakutti, 2019) have 

provided an effective analysis of different models and their utilities in the tabular form from 

the extensive literature review in the study. All the ensemble methods have specific 

performance metrics that are used for the churn prediction.   

2.6 Conclusion 

The detailed review of the literature sources has been presented in this chapter to provide an 

insight into the techniques, methods, approaches, and "ensemble models" that have been used 

by different researchers in context to the extensive analysis performed by them on various 
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customer data sets. The literature review presents the elaborate discussion of the algorithms 

and models corresponding to the "ensemble methods of machine learning." The chapter has 

also explained the challenges faced by the telecom industries and their strategic adaptation of 

"churn prediction models" in order to prevent the outflow of customers from the company. 

Apart from that, the chapter has also highlighted the functionalities and intricacies involved 

with the use of different algorithms that are used for the appropriate feature selection and other 

classification processes. Furthermore, the secondary data also provided extensive knowledge 

about the methods involved with integrating several suitable methods to achieve accuracy and 

preciseness to the churn prediction process. The discussion of the models and techniques 

proposed by the researchers has a crucial role to play in the subsequent stages of developing 

the relevant "ensemble method" for the data analysis. 

Moreover, the gaps in the literature studies have indicated the specific areas of limitations 

which can be considered for improvements in the current research studies. Finally, this chapter 

provides a detailed overview of the factors that are responsible for the appropriate data analysis 

and implementation of the "ensemble learning method for predicting customer churn." 

 

  



20 
 

Chapter 3: Methodology 

 

In this research, we aim to use two tools RapidMiner which is data science software, which 

automates the process of data preparation, machine learning, and predictive modeling models. 

The second tool that we are using is Python, using a jupyter notebook as IDE and H2O machine 

learning models. The aim is to find the best models using these having high accuracy and 

predicting the number of churns effectively than the other models. Figure 5 below shows the 

process flow diagram of the research. CRISP-DM methodology has been followed to maintain 

the uniform flow of research work. 

 

Figure 5: Model Framework 

(Source: Self-created) 
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3.1 Business Understanding 

Here, Tableau is used as a Business Intelligence tool to understand the Business notion with 

the Problem statement that is Churning of telecom Customers, as a start of CRISP-DM 

methodology. Insights provided below will give a visual understanding, where red color 

represents churned customers that is the Area of interest.  

 

 
Insight 1 

Here it is observed that customers having monthly plans are carrying more percentage of churn. 

So, it is clearly observable that the competition in prepaid customers who are paying monthly 

bills is high. So the telecom companies need to be one step ahead while offering monthly plans 

for customers to keep up in the market. 
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Insight 1.2 

When mined dip into Insight 1, It was noticed that the senior citizen with a monthly plan should 

be given special attention. Here the Insight 1.2 gives us slight an overview of a senior citizen 

having a monthly plan basis that needed to be addressed timely.  

 

 
Insight 2 

In our dataset, four payment methods are existing, namely Bank transfer, Credit card, 

Electronic Check, Mailed check. 

Now Insight 2 gives a clear understanding that electronic check customers are more likely to 

churn comparatively. 
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Insight 2.1 

Now, digging dip into Insight 2 churning based on electronic check payment, it was observed 

that the customers with fiber optics internet service incur maximum charges and are more 

likely to churn.  

3.2 Data Understanding 

The process starts by importing the data into the tools. The data that is being used for this 

research is available on https://www.kaggle.com/blastchar/telco-customer-churn. The data is a 

sample of IBM Sample Datasets used to predict customer churns. The purpose of churn 

prediction is to the organization can formulate in advance the schemes and offers for such 

customers. The data follows the same steps for Exploratory Data Analysis and Pre-processing 

in both the tools. In Exploratory data analysis, we familiarize ourselves with the data. The 

statistics in the data, the data structure, and shape, checking if the data has missing values, 

checking if the classes in the data are balanced, and so on.  

3.3 Data Preparation 

In data pre-processing, we perform data cleaning, data balancing, and features selection part. 

In data cleaning, the missing values, if present in the data, is treated. The 'total charges' column 

in the data was the only one having missing data in 11 rows; these rows are removed 

from the system. To balance the data, we resampled it by SMOTE Upsampling in RapidMiner 

and Random oversampling in Python for class balancing. 

https://www.kaggle.com/blastchar/telco-customer-churn
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3.4 Modelling 

The machine learning models that are used in the RapidMiner tool are Generalized linear 

model, Gradient Boosted Trees, Deep Learning, and Logistic Regression. A generalized linear 

model (GLM) is a flexible generalization of ordinary linear regression that allows for response 

variables that have error distribution models other than a normal distribution. Gradient boosted 

Trees is the ensemble model where decision trees are boosted with random step sizes; this 

generates a prediction model in the form of an ensemble of weak prediction models. Deep 

learning is an AI function that mimics the workings of the human brain in processing data for 

use in detecting objects, recognizing speech, translating languages, and making 

decisions. Deep learning AI is able to learn without human supervision, drawing from data that 

is both unstructured and unlabeled. Logistic regression is a statistical model that, in its basic 

form, uses a logistic function to model a binary dependent variable, although many more 

complex extensions exist. In regression analysis, logistic regression (or logit regression) is 

estimating the parameters of a logistic model (a form of binary regression). 

 

For the python coding, the H2O platform is used. H2O.ai is the open source leader in AI and 

machine learning with a mission to democratize AI for everyone. H2O’s Stacked Ensemble 

method is a supervised ensemble machine learning algorithm that finds the optimal 

combination of a collection of prediction algorithms using a process called stacking.  Deep 

learning is part of a broader family of machine learning methods based on artificial neural 

networks with representation learning. Learning can be supervised, semi-supervised, or 

unsupervised. H2O’s Deep Learning is based on a multi-layer feedforward artificial neural 

network that is trained with stochastic gradient descent using back-propagation. The network 

can contain a large number of hidden layers consisting of neurons with tanh, rectifier, and 

maxout activation functions. Advanced features such as adaptive learning rate, rate annealing, 

momentum training, dropout, L1 or L2 regularization, checkpointing, and grid search enable 

high predictive accuracy. Each computes node trains a copy of the global model parameters on 

its local data with multi-threading (asynchronously) and contributes periodically to the global 

model via model averaging across the network. Distributed Random Forest (DRF) is a powerful 

classification and regression tool. When given a set of data, DRF generates a forest of 

classification or regression trees, rather than a single classification or regression tree. Each of 

these trees is a weak learner built on a subset of rows and columns. More trees will reduce the 

https://en.wikipedia.org/wiki/Feedforward_neural_network
https://en.wikipedia.org/wiki/Feedforward_neural_network
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variance. Both classification and regression take the average prediction over all of their trees 

to make a final prediction, whether predicting for a class or numeric value. 

 

The model's performances are then evaluated. The metrics used for the performance evaluation 

are accuracy score, classification error, AUC, precision, recall, F-measure, sensitivity, 

specificity, and confusion matrix. Accuracy is the ratio of correctly predicted observation to 

the total observations. The classification error rate is simply the fraction of training 

observations in a region that do not belong to the most common class.  The Area Under the 

Curve (AUC) is the measure of the ability of a classifier to distinguish between classes and is 

used as a summary of the ROC curve. The higher the AUC, the better the performance of the 

model at distinguishing between the positive and negative classes. Precision is the ratio of 

correctly predicted positive observations of the total predicted positive observations. The recall 

is the ratio of correctly predicted positive observations to the all observations in the actual class. 

F-Measure or F1 Score is the weighted average of Precision and Recall. Model sensitivity is 

the ability of a test to correctly identify those that belong in the class(true positive rate), whereas 

model specificity is the ability of the test to correctly identify those that do not belong in the 

class (true negative rate).  A confusion matrix is a table that is often used to describe the 

performance of a classification model on a set of test data for which the true values are known.  

3.5 Evaluation 

Data is divided into 80% training and 20% testing set to track the testing error. Testing error 

plays a vital role as it is based on a completely disjoint set. 

Once models were developed, sharp and improved findings were tested based on various merit 

matrix; Key factors included accuracy, AUC, f1 score, confusion matrix and etc.  

For any Machine Learning process, accuracy is very important since it's purposeful to know 

how well the model will perform. 

3.6 Deployment 

The deployment stage is crucial to project success. The deployment phase is the final stage in 

crisp DM; when the model is ready for use, there needs to be a business operations strategy to 

work. The knowledge obtained would need to be organized and delivered in a way that can be 

seen by the customers.  

Deployment may be on a variety of platforms, such as the web portal, smartphone phone, tool-

based, or report production, according to end-user needs. [ Referred to Appendix 5] 
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Chapter 4: Finding Analysis 

 

This section is divided into two parts the firsts section covers the implementation and results 

of RapidMiner and the second section covers the implementation and results of Python 

4.1. RapidMiner 

 

RapidMiner is the tool that automates the entire process of data analysis and predictive 

modeling. The data is first uploaded into the environment. Once this is done, the attribute 

selection is made. By attribute selection, we mean that the target variable is set which is 'churn' 

column in our data, 'customerid’ was dropped from the data as it was found to be insignificant,  

‘gender’ and ‘PhoneService' was also dropped as it high correlation factor that would lead to 

the biases in the data. The role of the features and target variables is done. 

 

For data pre-processing, the class balance was checked, and the difference between the total 

number of samples for both the classes 'yes' and 'no' was huge. For balancing the classes, 

SMOTE Up-sampling is used. Synthetic Minority Oversampling Technique (SMOTE) is a very 

popular used to improve oversampling. In this method, the data is upscaled to replicate the 

class that is a minority. 

 

The data is then split into training and test set. The split that was performed is 80-20 split, 

which means that 80% of the entire data is being saved into the training set, and the remaining 

20% is loaded into the test set.  The training set is then used to train the models, and the test set 

is used to validate the model performance.  Figure 6 below shows the RapidMiner flow of the 

data. 
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Figure 6: RapidMiner flow of the data. 

(Source: Generated by RapidMiner) 

Figure 7 below shows the Resampling process output in RapidMiner, here Filter positive filters 

the positive results which are churn = Yes for the data and similarly operates Filter negative 

which filters negative which is churn = No 

 

 

 

Figure 7: Resampling process 

(Source: Generated by RapidMiner) 
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The generalized linear model is implemented on the data to predict the class of the data into 

'yes' or 'no' for the Churn target field. The generalized linear model is the generalized version 

of the linear regression model. The model was trained on the training set and then evaluated 

for its performance using the test set. The performance evaluation report of the model is shown 

below in figure 8. The accuracy of the model was recorded as 74.2 %, classification error that 

the model made was found to be 25.8%, AUC is recorded as 83.1%, the precision of the model 

was 69.5%, the recall for the model was found to be 87%, the f-measure also known as F1 

Score was recorded at 77.2%, the model had 87% sensitivity and 61.4% specificity.  

 

Figure 8: Generalized Linear Model Performance 

(Source: Generated by RapidMiner) 

 

Figure 9 below shows the predictions that the model has made. 

 

 

Figure 9: Generalized Linear Model Predictions 

(Source: Generated by RapidMiner) 

 



29 
 

Figure 10 below shows the confusion matrix of the model. The true 'yes' predictions in that the 

model are 373, and false 'yes' that the model made are 56. Similarly, the true 'no' predictions 

in that the model are 261, and false 'no' that the model made is 164. 

 

 

Figure 10: Generalized Linear Model Confusion matrix 

(Source: Generated by RapidMiner) 

 

 

Gradient Boosted tree is implemented on the data to predict the class of the data into 'yes' or 

'no' for the Churn target field. The gradient boosted model is the predicted model, which helps 

improve the performance of the weak learner model, which in this case, is the decision tree. 

The model was trained on the training set and then evaluated for its performance using the test 

set. The performance evaluation report of the model is shown below in figure 11. The accuracy 

of the model was recorded as 73.8 %, classification error that the model made was found to be 

26.2%, AUC is recorded as 83.2%, the precision of the model was 68.2%, the recall for the 

model was found to be 90%, the f-measure also known as F1 Score was recorded at 77.5%, the 

model had 90% sensitivity and 57.4% specificity. 

 

 

 

Figure 11: Gradient Boosted Trees Model Performance 

(Source: Generated by RapidMiner) 

 

Figure 12 below shows the confusion matrix of the model. The true 'yes' predictions in that the 

model are 386, and false 'yes' that the model made are 43. Similarly, the true 'no' predictions 

in that the model are 244, and false 'no' that the model made is 181. 
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Figure 12: Gradient Boosted Trees Model Confusion matrix 

(Source: Generated by RapidMiner) 

 

 

Deep Learning model is implemented on the data to predict the class of the data into ‘yes’ or 

‘no’ for the Churn target field. Deep Learning is the implementation of an artificial neural 

network in the RapidMiner platform. The model was trained on the training set and then 

evaluated for its performance using the test set. The performance evaluation report of the model 

is shown below in figure 13. The accuracy of the model was recorded as 73.8 %, classification 

error that the model made was found to be 26,2%, AUC is recorded as 82.9%, the precision of 

the model was 69.8%, the recall for the model was found to be 84.4%, the f-measure also 

known as F1 Score was recorded at 76.3%, the model had 84% sensitivity and 63.1% 

specificity. 

 

 

 

Figure 13: Deep Learning Model Performance 

(Source: Generated by RapidMiner) 

 

Figure 14 below shows the confusion matrix of the model. The true 'yes' predictions in that the 

model are 362, and false 'yes' that the model made are 67. Similarly, the true 'no' predictions 

in that the model are 268, and false 'no' that the model made is 157. 
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Figure 14: Deep Learning Model Confusion Matrix 

(Source: Generated by RapidMiner) 

 

The logistic Regression model is implemented on the data to predict the class of the data into 

'yes' or 'no' for the Churn target field. Logistic regression is a simple and most popular 

classification model for binary classification. Binary classification means that the model can 

work on two classes' maximum for the classification task. The model was trained on the 

training set and then evaluated for its performance using the test set. The performance 

evaluation report of the model is shown below in figure 15. The accuracy of the model was 

recorded as 73.2 %, classification error that the model made was found to be 26.8%, AUC is 

recorded as 82.9%, the precision of the model was 67.7%, the recall for the model was found 

to be 89.1%, the f-measure also known as F1 Score was recorded at 76.9%, the model had 

89.1% sensitivity and 57.4% specificity. 

 

 

Figure 15: Logistic Regression Model Performance 

(Source: Generated by RapidMiner) 

Figure 10 below shows the confusion matrix of the model. The true 'yes' predictions in that the 

model are 382, and false 'yes' that the model made are 47. Similarly, the true 'no' predictions 

in that the model are 243, and false 'no' that the model made is 182. 
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Figure 16: Logistic Regression Model Confusion Matrix 

(Source: Generated by RapidMiner) 

4.2. Python 

 

For data preparation and predictive modeling using the H2O framework in Python, we have 

used the Jupyter notebook as a tool. The data is loaded into the environment. Figure 17 shows 

the data.  

 

Figure 17: Data 

(Source: Code generated output screen) 

 

The data columns are shown in figure 18 below. These are the names of the columns that we 

have in the data. 

 

 

Figure 18: Data Columns 

(Source: Code generated output screen) 
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The statistics are generated for the data. We have tenure, 'SeniorCitizen,' and 

'MonthlyCharges' as a numeric field, so the statistics about the mean, standard deviation, 

count, first, second and third quartiles, minimum and maximum values is generated only for 

these columns. 

 

Figure 19: Data Statistics 

(Source: Code generated output screen) 

 

The data is now analyzed for its overall structure. As shown in Figure 20 below, the data has 

an index range from 0 to 7042, which means the total number of rows in data is 7043. There 

are 21 columns in data. The data has integer values in column tenure, and 'SeniorCitizen,' 

float type in column 'MonthlyCharges,' and all the remaining columns are object type, which is 

either string or date type. 
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Figure 20: Data Information 

(Source: Code generated output screen) 

 

The data is now checked for the missing or null values. The count is generated for all the 

columns in the data. Figure 22 shows the code output for this missing values count. Total-

Charges column is the only one with missing data, having 11 points missing. The treatment of 

these missing values is done by dropping the rows with missing values.  
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Figure 22: Null value count 

(Source: Code generated output screen) 

 

The class balance is checked next to see the total number of data points in churn, target field. 

The yes churn records are more 5163 than no-churn records 1869; this concludes that the 

data is not balanced. The output of the count generated for the classes is shown in Figure 23 

below. 

 

  

Figure 23: Class balance 

(Source: Code generated output screen) 

 

Figure 34 below shows the insight from the data based on the gender of the customers 

churning. We can see that the percentage difference, based on gender, is not much, so there 

the customers churn irrespective of their gender, so the plans made for customer retention 

should not be based on gender. 
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Figure 24: Gender Distribution plot 

(Source: Code generated output screen) 

 

Figure 25 below, shows the insight about the data that Senior Citizens have 16.2% churn 

records as positive and 83.8% churn records as negative. The senior citizens are less likely to 

churn, so the telecom industry should make plans for the younger generation. 

 

  

Figure 25: Senior Citizen Churn plot 

(Source: Code generated output screen) 
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Label encoding is performed in the data as the classification models don't perform well when 

data has qualitative values. By qualitative values, we mean the values in the column being 

string or character in type. The qualitative data is then encoded into numeric data, which is the 

quantitative data. Figure 26 below shows the data after the label encoding is performed on the 

data.  

 

 

Figure 26: Data after Label Encoding 

(Source: Code generated output screen) 

 

The class count was not balanced as we saw above in Figure 23; the resampling of the class is 

performed using the oversampling method. This made the count of the data points in both the 

classes to be equal as 5163. 

 

  

Figure 27: Balanced out classes after resampling 

(Source: Code generated output screen) 

 



38 
 

 

A Chi-square test is performed to check for the hypothesis testing of the features where their 

significance level is recorded as scores, and the probability score of the features is generated 

for the level of insignificance. 

 

 Figure 27: Chi-Square Probability plot 

(Source: Code generated output screen) 

 

From the graph, as shown in figure 27 above, its visible that 4 variables have bars, which means 

their probability of being insignificant is high. These four features are then dropped from the 

data.  

 

The data is now split into training and testing set; the split ratio is used similarly as with 

RapidMiner. The model performance gets affected by the split of the data, so the split ratio was 

kept the same as we wanted similar scenarios for both the tools. 

 

The stacked Ensemble model is implemented on the data to predict the class of the data into 

'yes' or 'no' for the Churn target field. The stacked ensemble model is generated by stacking 

two models, one model on top of another. In this research, the Generalized Linear Model and 

Gradient Boosted Machine model are clubbed as the models to be stacked. The reason behind 

this is that the GLM’s performance was better in RapidMiner, by stacking GLM with GBM we 

aiming to see if the stacking helps to improve the overall performance of the model. The model 

was trained on the training set and then evaluated for its performance using the test set. The 

performance evaluation report of the model is shown below in figure 29. The accuracy of the 

model was recorded as 80 % which show that stacking has improved the performance as in 

RapidMiner the performance of models separately was very less comparatively; classification 
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error that the model made was found to be 14%, AUC is recorded as 82%, the precision of the 

model was 88%, the recall for the model was found to be 5%, the f-measure also known as F1 

Score was recorded at 73%, and the model had 88% specificity. Figure 28 below shows the 

confusion matrix of the model. The true ‘yes’ predictions in that the model are 285, and false 

‘yes’ that the model made are 64. Similarly, the true ‘no’ predictions in that the model are 325, 

and false ‘no’ that the model made are 703. 

 

 

 

Figure 28: Stacked ensemble Model confusion Matrix 

(Source: Code generated output screen) 
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Figure 29: Stacked ensemble Model Performance 

(Source: Code generated output screen) 

 

Figure 30 below shows the group cumulative response rate. 
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Figure 30: Stacked Ensemble group cumulative response 

(Source: Code generated output screen) 

 

Deep Learning is implemented on the data to predict the class of the data into 'yes' or 'no' for 

the Churn target field. Deep learning is the implementation of artificial neural networks in the 

H2O framework. The model was trained on the training set and then evaluated for its 

performance using the test set. The performance evaluation report of the model is shown below 

in figure 32. The accuracy of the model was recorded as 79.5 %, classification error that the 

model made was found to be 14%, AUC is recorded as 82%, the precision of the model was 

80%, the recall for the model was found to be 2%, the f-measure also known as F1 Score was 

recorded at 73%, the model had 80% specificity.  Figure 31 below shows the confusion matrix 

of the model. The true ‘yes’ predictions in that the model are 268, and false ‘yes’ that the model 

made are 87. Similarly, the true ‘no’ predictions in that the model are 281, and false 'no' that 

the model made is 747. 
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Figure 31: Deep Learning model confusion matrix 

(Source: Code generated output screen) 
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Figure 32: Deep Learning Model Performance 

(Source: Code generated output screen) 

 

Distributed Random Forest Trees is implemented on the data to predict the class of the data 

into 'yes' or 'no' for the Churn target field. Distributed Random Forest Trees generates a forest 

which is like a flowchart for the classification of the data. The tree is generated by training the 

model on the training set and then evaluated for its performance using the test set. The 

performance evaluation report of the model is shown below in figure 34. The accuracy of the 

model was recorded as 80 %, classification error that the model made was found to be 14%, 

AUC is recorded as 82.4%, the precision of the model was 78%, the recall for the model was 

found to be 100%, the f-measure also known as F1 Score was recorded at 73%, the model had 

78% sensitivity specificity.  Figure 33 below shows the confusion matrix of the model. The 

true ‘yes’ predictions in that the model are 218, and false ‘yes’ that the model made are 131. 

Similarly, the true ‘no’ predictions in that the model are 861, and false 'no' that the model made 

is 167. 
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Figure 33: Distributed Random Forest Trees Confusion matrix 

(Source: Code generated output screen) 
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Figure 34: Distributed Random Forest Trees Performance 

(Source: Code generated output screen) 
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Chapter 5: Conclusion and Future Work 

 

This section presents the conclusions of the research and the future enhancements that can be 

made into the system to make it better.  

 

5.1 Conclusion 

 

In the literature review done on this topic of Customer Churn Prediction, it can be concluded 

that classical machine learning models are already in use prediction and are performing with 

good accuracy. But it is never enough as the organization are still losing customers.  

 

In the RapidMiner implementation, we found that the Generalized Liner model has an accuracy 

score of 74.2% and has 373 as the number of true predictions for the class 'yes.' Gradient 

Boosted trees model the accuracy score of 73.8% and have 386 as the number of true prediction 

for the class 'yes'. Deep Learning models the accuracy score of 73.8% and has 362 as the 

number of true prediction for the class 'yes'. Logistic Regression model the accuracy score of 

73.2% and has 382 as the number of true prediction for the class 'yes.' From this, we can 

conclude that the Generalized linear model has the best accuracy score of 74.2%. But the 

maximum number of 'yes' predictions are made by the gradient boosted tree, which is 386. 

 

The H2O implementation we found that the stacked ensemble model where we stacked 

generalized linear model and gradient boosted machine has the accuracy score of 76%. Deep 

Learning models the accuracy score of 74% and Distributed random forest trees model the 

accuracy score of 74%.  From this, we can conclude that the stack ensemble model has the best 

accuracy score of 76% as we used the best scoring model from RapidMiner as the base model 

to be stacked.  

 

H2O stacked ensemble has a maximum accuracy score of 76%. For churn prediction, we can 

conclude that H2O stacked ensemble model has a higher accuracy score and also the maximum 

number of 'yes' predictions.  

 

5.2 Future Work 

 

For the future expansion of this churn prediction, we can run different models in stack 

ensembles in the H2O platform. The combinations that could be worked on are logistic 
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regression and generalized linear model, deep learning, and distributed random forest trees. 

The deep learning models like artificial neural networks and deep neural networks can be 

implemented in Python for future works. 

 

The big data approach on these models can also be taken into consideration for future works. 

The big size of data will also aid in improving the model’s accuracy.  

 

As discussed, our approach is able to predict churn with 76% of accuracy; therefore, this can 

further be industrialized to provide recommendations for a churned customer to make him a 

loyal customer again. For example, a customer identified to be a churned customer, can be 

given attractive offers and discounts for the purpose of retention. 
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Appendices 

This section will lead you through the material of the Report, Artifacts for the dissertation 

project entitled "A Study of Ensemble Machine Learning to Enhance Consumer Churn 

Telecommunication Prediction." 

 

Appendix 1: Customer Acquisition and Retention 

 

(Source: article.nadiapub.com, 2020) 

Appendix 2: RST based classification Based 

 

(Source: Amin et al. 2017) 
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Appendix 3: Visualization of the benchmark framework 

 

(Source: Amin et al. 2019) 

 

Appendix 4: Churn Prediction Model 

 

 

(Source: Mishra and Reddy, 2017)
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Appendix 5: Tableau Dashboard 

 

 
 

(Source: Generated by Tableau)

 

 

Appendix 6: Artifacts 

 

1. Datasets 

• Original_Data_WA_Fn-UseC_-Telco-Customer: Original data 

• Telco_churn_balanced_data: Processed and balanced data 

• 80_percent_training_data: Training data 

• 20_percent_testing_data: Testing data 

• Telco-Customer-Churn_Tableau: CSV for tableau 

 

2. Tableau_Business_Understanding 

• Churn_Business_Understanding: tableau project file 

• Tableau_screenshots: Word file containing tableau screen shots 

 

3. RapidMiner 

• Rmp_Processes_files: Folder contains all the algorithms RMP files 

• Auto_model_process: Folder contains automodel process for GLM and GBT 

  

4. Python Code 

• Churn_Prediction_Python_Ensemble_H2O: Code for Python  


