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ABSTRACT 

The landscape of the telecommunication industry in India has been changed 

drastically since the deregulation of telecommunication sector in early 1990s. 

Number of service providers has been increased from one, i.e. state monopoly, to 

more than 70 within a short period of time. With the increased competition telecom 

service providers find it difficult to retain the existing customers. 

A telecommunications company offers a wide range of services to millions of 

customers but as common in the industry, a large number of them terminate their 

contracts and move to competitors. A company can start a strategic initiative to 

increase its retention capability by gaining a deep knowledge of the reasons why 

customers churn and thus can be able to forecast who is going to churn on an 

individual basis. 

The telecom company can follow 3 steps approach to solve the problem: 

understanding why customers churned in the past(rules of behavior, ranking of 

drivers), forecasting who is going to churn and making specific actions(marketing 

and sale) that prevent each individual decision to churn. 

In the survey done in the Telecom industry, it is stated that the cost of acquiring a 

new customer is far more that retaining the existing one. Therefore, by collecting 

knowledge from the telecom industries can help in predicting the association of the 

customers as whether or not they will leave the company. Our paper proposes a new 

framework for the churn prediction model and implements it using the R studio 

software. The efficiency and the performance of Decision tree, Logistic regression 

and neural network techniques have been compared.  
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Chapter-1 

Introduction 

   1.1 Overview and issues involved   

There are a number of telecommunication networks that are available and we have the luxury 

to choose the one we want based on our requirements. The increased number of telecoms are 

a challenge to the telecom companies and many companies are facing huge revenue losses , 

to keep the customers many companies invest a huge revenue in the beginning and thus it 

becomes very important for the customers to expand the business and get back the amount 

that has been invested in the business .The increase in the number of churn customers is 

become the present day challenge to the telecom industry and such customers create financial 

burden to the company, identifying such customers is the objective of this research paper.  

In the survey done in the Telecom industry, it is stated that the cost of acquiring a new 

customer is far more that retaining the existing one. Therefore, by collecting knowledge from 

the telecom industries can help in predicting the association of the customers as whether or 

not they will leave the company. The required action needs to be undertaken by the telecom 

industries in order to initiate the acquisition of their associated customers for making their 

market value stagnant. 

1.2 Problem definition 

A telecommunications company is concerned about the number of customers leaving their 

landline business for cable competitors. They need to understand who is leaving. Imagine that 

you’re an analyst at this company and you have to find out who is leaving and why. 

We have Telco customer churn data set which provides info to help us predict behavior to 

retain customers. We can analyze all relevant customer data and develop focused customer 

retention programs. 
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The dataset includes information about: 

  • Customers who left within the last month – the column is called Churn 

  • Services that each customer has signed up for – phone, multiple lines, internet, online 

security, online backup, device protection, tech support, and streaming TV and movies 

       • Customer account information – how long they’ve been a customer, contract, payment 

method, paperless billing, monthly charges, and total charges 

       • Demographic info about customers – gender, age range, and if they have partners and 

dependents. 

1.3 Objectives 

• Our prime objective is to generate models which predict whether customer will churn 

before he actually leaves the company from the given dataset. 

• We also focus on generating model which help managers take decision without going 

deep into technicalities. 

• We will train data and then test it. Further, it’s performance will be evaluated by 

applying logistic regression model, decision tree model, etc. which will help predict 

customers that can churn in near future. 

      1.4   Proposed solution 

To predict whether customer will churn before it actually leave the company, we will use 

machine learning classification techniques to classify customers as it will churn or not. 

We have chosen 3 step approach to solve the problem:                                                      

  • Understanding why customers churned in the past (rules of the behavior, ranking of 

drivers) 

          •  forecasting who is going to churn 

   • making specific actions (marketing & sale) that prevent each individual decision to  

churn. 
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Steps: 

1.4.1 Churn Management 

Since acquiring new customers is challenging it is very important to retain the current 

customers. Churn can be reduced by analyzing the past history of the potential customers 

systematically. Large data is maintained about the customers and on performing a proper 

analysis on the same it is possible to predict the probable customers that might churn. The 

information that is available can be analyzed in different ways and thereby provide various 

ways for the operators to envisage the churning and evade the same. 

1.4.1.1 Data collection 

For analysis the data that is available in the telecom dataset has been used and prediction has 

been done for the same. 

1.4.1.2 Data preparation 

Before the data can be analyzed we have to clean the data and keep it ready so that the desired 

results can be derived from it. Data has be clean so that the redundancy and errors can be 

removed because having such data will lead to incorrect results as well. 

In this paper a Churn Analysis has been applied on Telecom data, here the agenda is to know 

the possible customers that might churn from the service provider. R programing is used for 

the same this will help give a statistical computing for the data available. The end result would 

give us the probability of churn for each customer. 

 1.4.1.3 Prediction  

The business is interested in the final product and it is very important to represent your result 

in a “graphical representation” such a way that it is understandable and the result helps 

business make the needed predictions which in turn brings profit. There are many tools that 

help achieve the same for example, Tableau, Power BI, qlikview etc. 

 1.4.1.4 Data Visualization Tools 
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The best way to get your message across is to use visualization tools, by representing data 

visually it is possible to uncover the surprising patterns and the patterns that would go 

unnoticed if we took the stats alone.  

We have treated this churn prediction problem as a classification problem. Therefore, in this 

study, we examine three different classification approaches to improve the prediction model 

(Logistic Regression, decision tree and neural networks). Parameters like accuracy, precision 

and recall) were used to gauge the accuracy of the models. 

 

 

 

 

 

 

 

 

 

 



  

6 
 

 

 

 

 

 

 

 

Chapter-2 

Literature Survey 

 

 

          

  



  

7 
 

Chapter-2 
Literature Survey 

2.1 Churn: Importance and Analysis 

 Churn Rate 

Churn Rate is the percentage of subscribers to a service that discontinue their subscription to 

that service in a given time period. In order for a company to expand, its growth rate (i.e. its 

number of new customers) must exceed its churn rate. Churn rate is an important consideration 

in the telephone and cell phone services industry. In many geographical areas, several 

companies are competing for customers, making it easy for people to transfer from one provider 

to another. 

 Importance of Churn Rate 

Churn rates are often used to indicate the strength of a company’s customer service division 

and its overall growth prospects. Lower churn rates suggest a company is, or will be, in a better 

or stronger competitive state. Customer loss impacts service providers significantly as they 

often make a significant investment to acquire new customers. 

The ability to predict that a particular customer is at a high risk of churning, while there is 

still time to do something about it, represents a huge additional potential revenue source for 

every online business. Besides the direct loss of revenue that results from a customer 

abandoning the business, the costs of initially acquiring that customer may not have already 

been covered by the customer’s spending to date. (In other words, acquiring that customer may 

have actually been a losing investment.) Furthermore, it is always more difficult and expensive 

to acquire a new customer than it is to retain a current paying customer. 

 Churn Rate Analysis 

Clearly, churn rate is a critical metric for any subscription business. But there are also a variety 

of opinions about how to calculate it[41]. 
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CLTV: Understanding customer lifetime value (LTV) is one of the most complex and 

important analyses a business can take on. Every part of your organization affects the 

outcome of the calculation: acquisition costs, revenue, customer service, and returns. It’s 

an accurate approach to customer churn prediction- at the core it has the ability to predict 

which customers will churn. The approach takes into consideration both micro- 

segmentation and their behavior pattern. By merging the most exacting micro-

segmentation available anywhere with a deep understanding of how customers move from 

one micro-segment to another over time – including the ability to predict those moves 

before they occur – an unprecedented degree of accuracy in customer churn prediction is 

attainable. Figuring out which one will stay for long and will reap how much revenue, helps 

the service provider to judge whether spending on a customer is worth the effort or not. 

CVM: Customer value management (CVM) is a holistic way of evaluating individual 

subscribers in terms of their overall profitability- now and in the future. CVM has the 

potential to boost earnings. This measure covers subscribers at every stage of their 

relationship with the operator. Relying on a combination of tactics, including customer 

payback period, budget rebalancing, tailored customer rewards, and cross- and up-selling 

campaigns. CVM technique help companies analyze which customers are the most 

valuable, and why. Indeed, this approach is a key capability in a world where the potential 

customer base simply isn’t getting any bigger. 

Predictive Churn Modeling: Predictive technology is a body of tools capable of 

discovering and analyzing patterns in data so that past behavior can be used to forecast 

likely future behavior. Predictive technology is increasingly used for forecasting in most 

of the Telecom companies’ balance sheet. The raw data can be processed to get predictions 

about consumer behavior for future campaigns. 

Postpaid and blended churn rates: This churn rate is based upon the losses of both pre-

paid and contract customer. Post-paid subscribers are a telecom company’s one of the 

biggest revenue segments since they have a significant lifetime value for telecom 

companies. Their discontinuation of services accounts for a major loss in company’s 

revenue. 
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ARPU: Average Revenue per User or ARPU or average revenue per unit is an expression 

of the income generated by a typical subscriber or device per unit time in a 

telecommunications network. ARPU provides an indication of the effectiveness with 

which revenue-generating potential is exploited. The ARPU can be broken down according 

to income-producing categories or according to diverse factors such as geographic 

location, user age, user occupation, user income and the total time per month each user 

spends on the system. 

AMPU: The Average Margin per User is calculated on the basis of net profit rather than 

total income. In recent years, some telecommunications carriers have increased their 

reliance on AMPU rather than ARPU to maximize their returns as niche markets become 

saturated. By breaking down customer sales by margin rather than by revenue, companies 

that have lower sales volumes but create larger margins can be considered more efficient 

and arguably more profitable than their high-volume competitors. 

Real-Time Data: Real-time data in customer churn makes the best possible solution today, 

as it is based on up-to-the-moment information about a subscriber. Achieving real-time 

data enables the company to immediately adjust it’s offers and solutions in response to the 

reason of dissatisfaction/ discontinuation of services. Deploying analytics and systems that 

trigger the moment your subscriber is shifting to your competitor, helps process the 

retention effective and faster. 

Binary classification method: This method uses a gain/loss matrix, which incorporates 

the gain of targeting and retaining the most valuable churners and the cost of incentives to 

the targeted customers. This approach leads to far more profitable retention campaigns than 

the traditional churn modeling approaches. 

General Signs: Customers today are highly conscious of what they need and what is 

available in the market. The telecom players should always lookout for signs that the 

customer may be planning to shift. These can easily be picked up from sales support 

interaction with them- when he bluntly says he is shifting to a competitor, when he is 
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quoting what other players offer, when he is enquiring about MNP or when he is simply 

calling competitor’s phone line looking for alternatives to his problem. 

 

 Solutions to Reduce Churn 

Telecom players use a variety of different metrics to determine when customers are about 

to churn, or leave. It is profitable for companies to explore the reasons why customers are 

leaving, and then target at-risk customers with enticing offers. 

1. There are a number of different tactics companies use to maintain their customer bases. 

One of the most important is simply providing efficient customer service. Providing 

clients with an easy way to get questions answered and issues handled is the key to 

maintaining cellular clients. 

2. Value- added services serve as a subscriber retention tool, especially for established 

players. While for newer entrants, it will become a part of the marketing strategy to attract 

customers. If VAS providers leverage the opportunities to tie up with operators, there could 

be a major increase in the uptake of their services. 

3. A commonly used tactic is for a carrier to offer upgrades on the client’s existing account. 

Expanding on services offered and giving better rates or discounts to the client often 

improves customer retention rates. 

4. Another tactic is offering free access or reduced rates on smartphone applications. The 

increasing regular use by customers of cellphone applications makes free access to such 

applications an enticing bonus for many customers. 

5. Competing cellular providers aggressively market special deals to churn customers away 

from their current provider. Common practices include offering free phones and buying out 

any existing service contract. The cellular service business is highly competitive and will 

likely remain so; therefore, churn rates will continue to be an important focus for cellular 

providers. 
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6. Personalized Tariff plans and service recommendations to each subset of subscribers 

because a one-size-fit strategy is no longer suitable for telecom sector, every user has a 

different purpose and usage pattern. 

7. By leveraging the user traffic, operators’ strategic and technical teams can make clear 

and decisive decisions to reduce costs by millions of dollars without jeopardizing quality. 

8. Fighting wireless churn with trendy smartphones and fast data network 

9. One-on-one Marketing is one of the best tactics to reduce churn rate. Make sure that 

customers are communicated the new services offering based on their usage analysis and 

trends and should be given proactive information on the plans which will benefit the 

customer. 

10. Effective communication is one way to reduce churn. Being proactive in addressing 

difficulties and issues faced by your customers not only helps in building trust and 

reliability but also ensures a strong working relationship. 

11. Cultivate loyalty with attractive smartphone portfolios and strong mobile data networks 

to support those devices. Loyal customers are less likely to churn because they are more 

invested in your business relationship and companies have built up a long history of 

delivering good results and keeping promises. 

 

2.2  Methods of Churn Prediction 

In the past few years, many different researches have been conducted in this domain and 

researchers have investigated many different approaches and parameters to gauge the 

churn of a customers for a Telco company. Firms in telecommunication sector have 

detailed call records. These firms can segment their customers by using call records for 

developing price and promotion strategies. 

Richter et al.[5], tried an unconventional approach for predicting churners. With the 

analysis of customers’ call data, they detected the customers who were friends with each 

other. They claimed that group of friends tend to churn together; thus, group of customers 

should be considered together. They found that small social groups often have dominant 

leader that affects group’s decision to churn. The study indicated that possibility to churn 
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for small groups are 2.7 times higher than for larger groups. In our study, we did not have 

the call details of the customers that represent social connectivity; therefore we were not 

able to consider this social group approach. 

Utku Yabas[1] used weka , an open source software for data mining for churn 

prediction problem. After the preprocessing, they have focused on many ensemble 

methods. Algorithm that gave them highest accuracy was random forest. Random Forests 

is built from many decision trees. At each node of single decision trees, number of random 

features are chosen and best split on these m is used to split that node. Each single tree 

votes for the prediction. Most popular prediction among many decision trees is the output 

of the forest. This model achieved 76.51% accuracy on churn prediction. 

By using Data Mining techniques, the subscribers who are intended not to make 

any payments, can be detected from before. And also, financial losses can be prevented. 

For this type of analysis, Deviation Determination method is applied. According to usage 

patterns subscribers are divided into specific clusters. The ones showing inconsistent 

features are determined and will be reviewed. By using Data Mining Techniques, 

International Roaming Agreements can also be optimized. 

In their study Ren, Zheng and Wu [3] presented a clustering method based on 

genetic algorithm for telecommunication customer subdivision. First, the features of 

telecommunication customers (such as the calling behavior and consuming behavior) are 

extracted. Then, the similarities between the multidimensional feature vectors of 

telecommunication customers are computed and mapped as the distance between samples 

on a two-dimensional plane. Finally, the distances are adjusted to approximate the 

similarities gradually by genetic algorithm.  

In response to the difficulty of churner prediction, Chang’s [4] study applies data 

mining techniques to build a model for churner prediction. Through an analysis result from 

a big Taiwan telecom provider, the results indicated that the proposed approach has pretty 

good prediction accuracy by using customer demography, billing information, call detail 

records, and service changed log to build churn prediction mode by using Artificial Neural 

Networks. 
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Wei and Chiu [8] proposed design, and experimentally evaluate a churn-prediction 

technique that predicts churning from subscriber contractual information and call pattern 

changes extracted from call details. This proposed technique is capable of identifying 

potential churners at the contract level for a specific prediction time-period. The largest 

telecom company in Taiwan that has 21 million subscribers, were selected for application. 

They expressed that, the more call records they have, the more accurate results they can 

have from Churn analysis. 

Vodafone which bought Telsim applies data mining for sales, marketing, financial 

management, future prediction, and for many different needs. Vodafone detects peak hours 

by using its databases and makes more workforces ready to avoid any disruption in 

communication. Also, Vodafone determines average of prepaid minutes purchased and 

finds subscribers who will likely churn. 

 

2.3 Problems in Existing Solutions 

  Above mentioned methodologies had few problems. Some of them are mentioned below: 

• Best way of churn prediction is to directly get hint about customers sentiments by 

listening to their calls with their groups. But it is equally difficult to get call details of 

the customers that represent social connectivity. 

• Problem with Weka tool: Problem with this solution is that it suffers from bias 

problem on classification. Resampling technique could improve the score by 

increasing the no. of positive example and decreasing the no. of negative example 

which would add some cost on positive examples. It is also sometimes difficult to 

compare the quality of the clusters produced. 

• Information collected through data mining intended for the ethical purposes can be 

misused. This information may be exploited by unethical people or businesses to take 

benefits of vulnerable people or discriminate against a group of people. 

 

 

 



  

14 
 

 

• In addition, data mining technique is not perfectly accurate. Therefore, if inaccurate 

information is used for decision-making, it will cause serious consequence. 

• If we use Support Vector Machine, it suffers from few problems. Choosing a “good” 

kernel function is not easy. Long training time on large data sets is required which 

causes delay. It becomes very difficult to interpret and understand final model.Since 

the final model is not so easy to see, we can not do small calibrations to the model 

hence its tough to incorporate our business logic SVMs do not perform well on highly 

skewed/imbalanced data sets. These are training data sets in which the number of 

samples that fall in one of the classes far outnumber those that are a member of the 

other class. Customer churn data sets are typically in this group because when you 

collect the training set, among a million customers during a particular time period, 

there would be very few who have actually churned. SVMs are not efficient if the 

number of features are very huge in number compared to the training samples.  
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Chapter-3 

Methodology 

 

3.1   Architectural Analysis 

   

 

 

 

 

 

 

Fig 3.1 Architecture diagram 

 

3.1.1 Telecom Dataset 

First, we obtained the database from   

https://www.ibm.com/communities/analytics/watson-analytics-blog/predictive-insights-

in-the-telco-customer-churn-data-set/ which contained parameters like gender, phone, 

multiple lines, internet, online security, online backup, device protection, tech support, 

and streaming TV and movies, contract , payment method, tenure ,monthly charges etc. 

Once, all the entries were complete the data was checked for NA (Not Available) values 

and all such records were removed. It was available in .csv format. 

3.Exploratory Data  

Analysis(EDA) 
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We load the dataset in R using read.csv command. 

 

3.1.2 Data cleaning/pre-processing 

In this step, we treat the missing value by either removing them or replacing them with 

mean, median or any appropriate value. We convert the variables of dataset into 

appropriate data type. 

3.1.3  Exploratory Data Analysis(EDA) 

Exploratory data analysis (EDA) is an approach to analyzing data sets to summarize their 

main characteristics, often with visual methods. A statistical model can be used or not, 

but primarily EDA is for seeing what the data can tell us beyond the formal modeling or 

hypothesis testing task. In this step we have done the univariate analysis and bivariate 

analysis for the variables in the dataset.   

3.1.4 Model selection and training 

Model selection is a task of selecting a statistical model from a set of candidate models, 

given data. In this project, we have used logistic regression, decision tree, neural network 

and random forest models as they work very efficiently for classification problem.  

In training step, we divide the data into two parts-one for training and another part 

for validation. Training set is used to make predictive model whereas testing set is used 

to evaluate the performance of our model. For this purpose, K-fold cross validation is 

used which splits entire dataset into k-’folds’ randomly. For each k-fold, model is built 

on k-1 folds of dataset. Then, we test model to check the effectiveness for kth fold. Error 

on each of the predictions is recorded.This process is repeated until each of the k-folds 

has served as the test set. Average of k recorded errors is called cross-validation error and 

will serve as your performance metric for the model. 

3.1.4.1 Logistic Regression 

Logistic regression is a statistical method for analyzing a dataset in which there are one 

or more independent variables that determine an outcome. The outcome is measured with 

a dichotomous variable (in which there are only two possible outcomes). In logistic 

regression, the dependent variable is binary or dichotomous, i.e. it only contains data 

coded as 1 (TRUE, success, pregnant, etc.) or 0 (FALSE, failure, non-pregnant, etc.). 
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The goal of logistic regression is to find the best fitting (yet biologically reasonable) 

model to describe the relationship between the dichotomous characteristic of interest 

(dependent variable = response or outcome variable) and a set of independent (predictor 

or explanatory) variables. Logistic regression generates the coefficients (and its standard 

errors and significance levels) of a formula to predict a logit transformation of the 

probability of presence of the characteristic of interest: 

 

 

 

where p is the probability of presence of the characteristic of interest. The logit 

transformation is defined as the logged odds: 

 

And  

 

Rather than choosing parameters that minimize the sum of squared errors (like in ordinary 

regression), estimation in logistic regression chooses parameters that maximize the 

likelihood of observing the sample values. 

             Example: #logistic regression model 

 model <- glm (Recommended ~ .-ID, data = dresstrain, family = binomial) 

      summary(model) 

      predict <- predict(model, type = 'response') 

              #confusion matrix 

      table(dresstrain$Recommended, predict > 0.5) 

             #ROC Curve 

      library(ROCR) 

      ROCRpred <- prediction(predict, dresstrain$Recommended) 

      ROCRperf <- performance(ROCRpred, 'tpr','fpr') 

      plot(ROCRperf, colorize = TRUE, text.adj = c(-0.2,1.7)) 

             #plot glm 
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     library(ggplot2) 

     ggplot(dresstrain, aes(x=Rating, y=Recommended)) + geom_point() +  

            stat_smooth(method="glm", family="binomial", se=FALSE) 

3.1.4.2  Neural Networks 

An Artificial Neural Network, often just called a neural network, is a mathematical model 

inspired by biological neural networks. A neural network consists of an interconnected 

group of artificial neurons, and it processes information using a connectionist approach to 

computation. In most cases a neural network is an adaptive system that changes its structure 

during a learning phase. Neural networks are used to model complex relationships between 

inputs and outputs or to find patterns in data. 

The inspiration for neural networks came from examination of central nervous 

systems. In an artificial neural network, simple artificial nodes, called “neurons“, 

“neurodes”, “processing elements” or “units”, are connected together to form a network 

which mimics a biological neural network. 

There is no single formal definition of what an artificial neural network is. 

Generally, it involves a network of simple processing elements that exhibit complex 

global behavior determined by the connections between the processing elements and 

element parameters. Artificial neural networks are used with algorithms designed to alter 

the strength of the connections in the network to produce a desired signal flow. 

    

                                        Fig  3.2  Artificial Neuron System 
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Advantages of neural network: 

o A neural network can perform tasks that a linear program cannot. 

o When an element of neural network fails ,it can continue without any problem due 

to its parallel nature. 

o A neural networks learns and doesn’t need to be reprogrammed. It works even in 

presence of noise with good quality output. 

                Example: #Neural Network  

                # Load neuralnet R library 

                library(neuralnet) 

                # Build a Neural Network having 1 hidden layer with 2 nodes  

                nn = neuralnet(Personal.Loan ~. , data=train_Data, hidden=2) 

                # See covariate and result varaibls of neuralnet model 

                out <- cbind(nn$covariate, nn$net.result[[1]]) 

                out 

                 # Plot the neural network 

                 plot(nn) 

3.1.4.3 Decision tree 

Decision tree learning uses a decision tree (as a predictive model) to go from observations 

about an item (represented in the branches) to conclusions about the item's target value 

(represented in the leaves). It is one of the predictive modelling approaches used in 

statistics, data mining and machine learning. Tree models where the target variable can 

take a discrete set of values are called classification trees; in these tree structures, leaves 

represent class labels and branches represent conjunctions of features that lead to those 

class labels. Decision trees where the target variable can take continuous values (typically 

real numbers) are called regression trees. 

A decision tree is a flowchart-like structure in which each internal node represents a 

"test" on an attribute (e.g. whether a coin flip comes up heads or tails), each branch 

represents the outcome of the test, and each leaf node represents a class label (decision 
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taken after computing all attributes). The paths from root to leaf represent classification 

rules. 

In decision analysis, a decision tree and the closely related influence diagram are used 

as a visual and analytical decision support tool, where the expected values (or expected 

utility) of competing alternatives are calculated. 

Decision tree learning is a method commonly used in data mining.[1] The goal is to 

create a model that predicts the value of a target variable based on several input variables. 

An example is shown in the diagram at right. Each interior node corresponds to one of the 

input variables; there are edges to children for each of the possible values of that input 

variable. Each leaf represents a value of the target variable given the values of the input 

variables represented by the path from the root to the leaf. 

 

                 Fig 3.3  Decision Tree 

Ex. A tree showing survival of passengers on the Titanic. The figures under the leaves 

show the probability of survival and the percentage of observations in the leaf. 

A decision tree is a simple representation for classifying examples. For this section, assume 

that all of the input features have finite discrete domains, and there is a single target feature 

called the "classification". Each element of the domain of the classification is called a class. 

A decision tree or a classification tree is a tree in which each internal (non-leaf) node is 

labeled with an input feature. The arcs coming from a node labeled with an input feature 

are labeled with each of the possible values of the target or output feature or the arc leads 
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to a subordinate decision node on a different input feature. Each leaf of the tree is labeled 

with a class or a probability distribution over the classes[why?]. 

            Example: #decision tree 

          library(rpart) 

                    x <- cbind(x_train,y_train) 

                    # grow tree  

                    fit <- rpart(y_train ~ ., data = x,method="class") 

                    summary(fit) 

                    #Predict Output  

                    predicted= predict(fit,x_test) 

 

      3.1.4.4  Random Forest 

Random Forest is a versatile machine learning method capable of performing both 

regression and classification tasks. It also undertakes dimensional reduction methods, 

treats missing values, outlier values and other essential steps of data exploration, and does 

a fairly good job. It is a type of ensemble learning method, where a group of weak models 

combine to form a powerful model. 

In Random Forest, we grow multiple trees as opposed to a single tree in CART 

model. To classify a new object based on attributes, each tree gives a classification and 

we say the tree “votes” for that class. The forest chooses the classification having the most 

votes (over all the trees in the forest) and in case of regression, it takes the average of 

outputs by different trees. It works in the following manner. Each tree is planted & grown 

as follows: 

1. Assume number of cases in the training set is N. Then, sample of these N 

cases is taken at random but with replacement. This sample will be the training set for 

growing the tree.  

2. If there are M input variables, a number m<M is specified such that at each 

node, m variables are selected at random out of the M. The best split on these m is used 

to split the node. The value of m is held constant while we grow the forest.  

3. Each tree is grown to the largest extent possible and there is no pruning.  
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4. Predict new data by aggregating the predictions of the ntree trees (i.e., 

majority votes for classification, average for regression).  

                  Advantages of Random Forest: 

o This algorithm can solve both type of problems i.e. classification and regression 

and does a decent estimation at both fronts.  

o One of benefits of Random forest which excites me most is, the power of handle 

large data set with higher dimensionality. It can handle thousands of input variables 

and identify most significant variables so it is considered as one of the dimensionality 

reduction methods. Further, the model outputs Importance of variable, which can be a 

very handy feature (on some random data set).  

o It has an effective method for estimating missing data and maintains accuracy when   

a large proportion of the data are missing.  

o It has methods for balancing errors in data sets where classes are imbalanced.  

o The capabilities of the above can be extended to unlabeled data, leading to 

unsupervised clustering, data views and outlier detection.  

o Random Forest involves sampling of the input data with replacement called as 

bootstrap sampling. Here one third of the data is not used for training and can be used 

to testing. These are called the out of bag samples. Error estimated on these out of bag 

samples is known as out of bag error. Study of error estimates by Out of bag, gives 

evidence to show that the out-of-bag estimate is as accurate as using a test set of the 

same size as the training set. Therefore, using the out-of-bag error estimate removes 

the need for a set aside test set.  

Disadvantages of Random Forest: 

It surely does a good job at classification but not as good as for regression problem as 

it does not give precise continuous nature predictions. In case of regression, it doesn’t 

predict beyond the range in the training data, and that they may over-fit data sets that 

are particularly noisy.  

Random Forest can feel like a black box approach for statistical modelers – you have 

very little control on what the model does. You can at best – try different parameters 

and random seeds! 

                   Example: #Random forest  
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                   library(randomForest) 

set.seed(71) 

rf<-randomForest(Creditability~.,data=mydata,ntree=500)  

print(rf) 

 

 

 

3.1.5 Evaluate and test the model result and performance 

Predictive Modeling works on constructive feedback principle. You build a model. Get 

feedback from metrics, make improvements and continue until you achieve a desirable 

accuracy. Evaluation metrics explain the performance of a model. An important aspects 

of evaluation metrics is their capability to discriminate among model results. We have 

used confusion matrix, ROC curve and AUC curve as evaluation metrices. 

    Parameters of judgement: 

3.1.5.1 Confusion Matrix  

A confusion matrix shows the number of correct and incorrect predictions made by the 

classification model compared to the actual outcomes (target value) in the data. The 

matrix is NxN, where N is the number of target values (classes). Performance of such 

models is commonly evaluated using the data in the matrix. The following table displays 

a 2x2 confusion matrix for two classes (Positive and Negative).  

 

Fig 3.4 Confusion Matrix 

 

 Accuracy: the proportion of the total number of predictions that were correct.  
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 Positive Predictive Value or Precision: The proportion of positive cases that were 

correctly identified.  

 Negative Predictive Value : the proportion of negative cases that were correctly 

identified.  

 Sensitivity or Recall : the proportion of actual positive cases which are correctly 

identified.  

 Specificity : the proportion of actual negative cases which are correctly identified.  

 

Example:  

 

 

Fig 3.5 Example of Confusion Matrix 

 

3.1.5.2 ROC Chart 

 The ROC chart is similar to the gain or lift charts in that they provide a means of 

comparison between classification models. The ROC chart shows false positive rate (1-

specificity) on X-axis, the probability of target=1 when its true value is 0, against true 

positive rate (sensitivity) on Y-axis, the probability of target=1 when its true value is 1. 

Ideally, the curve will climb quickly toward the top-left meaning the model correctly 

predicted the cases. 
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Fig 3.6 ROC curve 

3.1.5.3 Area Under the Curve (AUC)  

Area under ROC curve is often used as a measure of quality of the classification 

models. A random classifier has an area under the curve of 0.5, while AUC for a perfect 

classifier is equal to 1. In practice, most of the classification models have an AUC 

between 0.5 and 1.  
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Fig 3.7 ROC curve showing Area Under Curve 

 

An area under the ROC curve of 0.8, for example, means that a randomly selected case 

from the group with the target equals 1 has a score larger than that for a randomly 

chosen case from the group with the target equals 0 in 80% of the time. When a 

classifier cannot distinguish between the two groups, the area will be equal to 0.5 (the 

ROC curve will coincide with the diagonal). When there is a perfect separation of the 

two groups, i.e., no overlapping of the distributions, the area under the ROC curve 

reaches to 1 (the ROC curve will reach the upper left corner of the plot).  
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Chapter-4 

Experiment and Results 

 

4.1. About Dataset 

The dataset includes information about: 

o Customers who left within the last month – the column is called Churn 

o Services that each customer has signed up for – phone, multiple lines, internet,   

online security, online backup, device protection, tech support, and streaming TV 

and movies 

o Customer account information – how long they’ve been a customer, contract, 

payment method, paperless billing, monthly charges, and total charges 

o Demographic info about customers – gender, age range, and if they have partners 

and dependents. 

 

Fig 4.1   Fields in Dataset 
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Fig 4.2   Analysis of variables 

                 

Fig 4.3 Structure of Dataset 
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 Training and Testing data 

In order to assess the performance of the classifier we split the date into training and testing 

set .We are dividing the data set into training and testing data in 80:20 respectively.  

We achieved this ratio by using K-fold cross validation with 5 folds.  

 

4.2  Data Preprocessing 

 

 Demographic Variable 

 

 

Fig 4.4 Demographic Variable 

From Fig 4.4, we conclude that  

Here, 0 represents person is not a senior citizen while 1 denotes he/she is a senior citizen. 

 Churn rate for senior citizens is 50% more than that of others. 

 Customers without partners churn more. 

 Customers with dependents churn less. 
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 Customer Service 

 

 

 

 

Fig 4.5 Univariate analysis on basis of Customer service 

From Fig 4.5, we conclude that 
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 Customers with Fiber optic as Internet Service have a churn rate that is more than double 

of the churn rate of customers with DSL as internet service. 

 Customers with no internet service have a very low churn of only 7%. 

 Customers with tech support churn less. 

 As the contact duration increases, the churn rate goes down. 

 Based on payment method, Electronic check has the highest churn followed by Mailed 

check which is less than half on the former.                                   

 Bivariate Analysis 

 

Fig 4.6   Bivariate Analysis of categorical variable 

 Churn rate is decreasing with increase in total charges of the services. 

 

4.3 Implementation 

4.3.1   Logistic Regression Model  

 

1. Model 1 
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Fig 4.7   Training Data 

Fig 4.7 shows precision of the model we implemented by comparing it with actual results. 

• True negative- Customers who were not likely to churn and our model predicted them 

correctly 

• True positive- Customers who were likely to churn and our model predicted them 

correctly. 

• False positive- Customers who were likely to churn but our model predicted about 

them incorrectly. 

• False negative- Customers who were not likely to churn but our model predicted about 

them incorrectly. 

Higher density of dots in True positive and True negative indicates that our model had a 

decent accuracy. 

2. Model 2 : using stepAIC 

 

    

3. Model 3 
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4. Model4    

 

 

5. Model 5: 

 

 

6. Model 6 

 



  

36 
 

Model AIC 

Model1 3571.83 

Model2 3571.79 

Model3 3571.54 

Model4 3569.79 

Model5 3566.37 

Model6 3565.54 

       Table 4.1 Accuracy of models used in Logistic Regression 

Table 4.1 shows 6 different model and among which we get 6 different AIC value. 

AIC. The Akaike information criterion (AIC) is an estimator of the relative quality of 

statistical models for a given set of data. Given a collection of models for the data, AIC 

estimates the quality of each model, relative to each of the other models. Thus, AIC 

provides a means for model selection. The lesser the AIC value, the better will be the 

model. 

 

Since model 6 has the min AIC that is 468.34 it is selected.Model 6:

 

 Model6 summary suggest that all the factors are important such tenure, contract, 

internet service. Factor such as internet service are positive means as these factor 

increases the chances of churn increases. While tenure, contract has negative 

coefficient means higher tenure or contract decrease the chance of churn. 
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                     Fig 4.8       Confusion Matrix for Logistic Regression           

From Fig 4.8, we get confusion matrix from which we can derive accuracy, precision 

and recall of our model as shown in figure.                      

 

      ROC CURVE: 

 

                    

                   

                                   Fig 4.9 ROC Curve for Logistic Regression 

Fig 4.9 is a plot of ROC curve which shows that Area Under Curve (AUC) is 82.76% 

which means prediction probability of our model will be 0.82. 
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4.3.2 Classification and Regression Trees       set 

 

                                             Fig 4.10 Decision tree 

Our decision tree defines contract with customers as initial splitting variable, next splitting 

variable is internet service, then, tech support and so on and the leaf node represents 

whether customer will churn or not. 
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                                   Fig 4.11      ROC Curve for Classification Tree 

In Fig 4.11, ROC curve for decision tree is plotted and we get Area Under Curve equal to 

81.48%. 

 

4.3.3 Random Forest 
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                                  Fig 4.12 Variables in order of importance 

Random Forest generates multiple decision tree using different splitting variables and has 

identified 10 variables of importance as shown in Fig 4.12. 

    

                                         Fig 4.13 ROC curve for Random Forest 

In Fig 4.13, Area Under Curve for ROC curve is 84.11% which indicates correct prediction 

probability of model is 0.84. 
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4.3.4 Artificial Neural Network with keras 
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Fig 4.14 Confusion Matrix for Neural Network 

Fig 4.14 shows that as neural network model is deployed, initially there is data loss and 

accuracy is also poor. But, at later stages accuracy increases and become constant while 

loss decreases and become constant. At last accuracy is 80% as shown in confusion matrix. 

 

4.4 Result 

Four models used for analysis are Logistic regression, Decision tree, Random Forest, 

Artificial Neural Network. 

For evaluation of performance of all models, we have applied k-fold cross validation 

method with fold equals to 5. 
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Accuracy Precision Recall AUC 

Fold 1 81.4 64.6 58.6 0.86 

Fold 2 81.4 68 57.9 0.856 

Fold 3 77.7 61.4 49.2 0.809 

Fold 4 79.6 68.7 51.9 0.835 

Fold 5 80.5 60.9 62.5 0.861 

Table 4.2   Evaluation metrics for different samples in Logistic   

Regression 

 
Accuracy Precision Recall AUC 

Fold 1 77.9 66.6 36 0.787 

Fold 2 79.2 69 47.3 0.832 

Fold 3 78.6 63.4 53.9 0.806 

Fold 4 79. 61.7 44.8 0.785 

Fold 5 79.4 61.9 47.3 0.807 

Table 4.3   Evaluation metrics for different samples in Decision    

Tree 
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Accuracy Precision Recall AUC 

Fold 1 79.2 67.3 45.6 0.838 

Fold 2 80 68.8 50.8 0.837 

Fold 3 80.5 64.5 52.7 0.845 

Fold 4 80.7 69.3 49.4 0.842 

Fold 5 80.9 68.1 49.3 0.842 

Table 4.4   Evaluation metrics for different samples in Random   

Forest 

 

 
Accuracy Precision Recall AUC 

Fold 1 80.5 67.3 51.6 0.838 

Fold 2 80 68.8 50.8 0.837 

Fold 3 81.25 63.5 52.7 0.855 

Fold 4 82 62.3 49.4 0.852 

Fold 5 83 64.1 49.3 0.862 

Table 4.5   Evaluation metrics for different samples in Neural   

Network 
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Four models used for analysis are Logistic regression, Decision tree, Random Forest, 

Artificial Neural Network. The summary is as follows:  

 
Accuracy Precision Recall AUC 

Logistic 

Regression 

79 80 48.48 0.8276 

Decision 

Tree 

78.99 53.99 61.07 0.8148 

Random 

Forest 

79.986 65.14 51.88 0.8411 

ANN 80 65.3 51.9 0.85061 

                                       Table 4.6 Overall Performance of all models 

 

              

                           Fig 4.15 Plot for accuracy of all models  
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                                   Fig 4.16 Plot for precision of all models 

                   

                                     Fig 4.17 Plot for recall of all models 

                  

                                      Fig 4.18 Plot for AUC of all models 
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Chapter-5 

Conclusion and Future Enhancements 

Telecommunication industry always suffers from a very high churn rates when one industry 

offers a better plan than the previous there is a high possibility of the customer churning 

from the present due to a better plan in such a scenario it is very difficult to avoid losses but 

through prediction we can keep it to a minimal level. 

In this project the method we have used is Logistic Regression, Decision trees, Random 

Forest , Artificial Neural network and this helps to identify the probable churn customers 

and then make the necessary business decisions. 

 Learning and achievement from the project 

Steps which can help in reducing churn rate: 

• Target customers with less than 12 month tenure 

• Offer promotion to switch to long term contracts. 

• Customers may be dissatisfied with fiber optic service. 

• Offer customers a promotion to switch to automatic payments. 

• Target users in the lower age demographic. 

• Promote online security and other packages that increase retention rates. 

  Limitations                   

1. Data mining models have a relatively short expiry life .The mobile market faces           

new technologies on a daily basis. As a result, historical data become less valuable 

for   prediction. 

2. Churn relates to complex interactions within population. Examining all the factors 

affecting customer churn simultaneously and jointly by building a model is not 

applicable. 

3. The level of the analysis in the data mining models decreases the ability to capture 

the heterogeneity of the customers. New techniques are thus required to support 

customer churn analysis to bypass the cons of the data mining techniques. 
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 Future Scope 

                         To improve churn analysis: 

a. Include customer interaction in customer churn analysis. 

b. Include tools that take account of the heterogeneity of customers. 

c. Use new and more advanced algorithms using deep learning and hybrid 

classification techniques. 

             The result and accuracy can be bettered if we use more variables in the data. 
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Appendix A: 

 

 

Fig A.1 Homepage 

 

 

Fig A.2 Loading file 
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Fig A.3 Data Summary 

 

 

Fig A.4 ROC curve for Logistic Regression 
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Fig A.5  ROC curve for Logistic Regression with different splitting criteria 

 

 

Fig A.6  Result of Logistic Regression 
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Fig A.7  Confusion Matrix for Logistic Regression 

 

 

 

Fig A.8  Confusion Matrix for Decision Tree 
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Fig A.9  Confusion Matrix for Random Forest 

 

 

 

 

Fig A.10  Confusion Matrix for Neural Network 
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