
Thesis no: MSEE-2016:05 

Faculty of Engineering 
Department of Communication Systems 
Blekinge Institute of Technology 
SE-371 79 Karlskrona Sweden 

Customer Churn Predictive Heuristics 
from Operator and Users’ Perspective 

Mounika Reddy Chandiri 

 
 
 
 



i
i

This thesis is submitted to the Faculty of Computing at Blekinge Institute of Technology in 
partial fulfillment of the requirements for the degree of Electrical Engineering with emphasis 
on Telecommunication systems. The thesis is equivalent to 20 weeks of full time studies. 

Contact Information: 
Author(s): 
Mounika Reddy Chandiri 
E-mail: chandiri.monikareddy@gmail.com

University advisor: 
Prof. Dr.-Ing. Markus Fiedler 
Department of Communication Systems (DIKO) 

Faculty of Engineering 
Department of Communication Systems 
Blekinge Institute of Technology 
SE-371 79 Karlskrona, Sweden 

Internet : www.bth.se 
Phone : +46 455 38 50 00 
Fax : +46 455 38 50 57 



ABSTRACT 

Telecommunication organizations are confronting in expanding client administration weight as they 

launch various user-desired services. Conveying poor client encounters puts client connections and 

incomes at danger. One of the metrics used by telecommunications companies to determine their 

relationship with customers is “Churn”.  After substantial research in the field of churn prediction over 

many years, Big Data analytics with Data Mining techniques was found to be an efficient way for 

identifying churn. These techniques are usually applied to predict customer churn by building models, 

pattern classification and learning from historical data. Although some work has already been 

undertaken with regards to users’ perspective, it appears to be in its infancy. 

The aim of this thesis is to validate churn predictive heuristics from the operator perspective and close 

to user end. Conducting experiments with different sections of people regarding their data usage, 

designing a model, which is close to the user end and fitting with the data obtained through the survey 

done. Correlating the examined churn indicators and their validation, validation with the traffic 

volume variation with the users’ feedback collected by accompanying theses. 

A Literature review is done to analyze previous works and find out the difficulties faced in analyzing 

the users’ feeling, also to understand methodologies to get around problems in handling the churn 

prediction algorithms accuracy. Experiments are conducted with different sections of people across 

the globe. Their experiences with quality of calls, data and if they are looking to change in future, 

what would be their reasons of churn be, are analyzed. Their feedback will be validated using existing 

heuristics. The collected data set is analyzed by statistical analysis and validated for different datasets 

obtained by operators’ data. Also statistical and Big Data analysis has been done with data provided 

by an operator’s active and churned customers monthly data volume usage. A possible correlation of 

the user churn with users’ feedback will be studied by calculating the percentages and further correlate 

the results with that of the operators’ data and the data produced by the mobile app. 

The results show that the monthly volumes have not shown much decision power and the need for 

additional attributes such as higher time resolution, age, gender and others are needed. Whereas the 

survey done globally has shown similarities with the operator’s customers’ feedback and issues 

“around the globe” such a data plan issues, pricing, issues with connectivity and speed. Nevertheless, 

data preprocessing and feature selection has shown to be the key factors. Churn predictive models 

have given a better classification of 69.7 % when more attributes were provided. Telecom Operators’ 

data classification have given an accuracy of 51.7 % after preprocessing and for the variables we 

choose. Finally, a close observation of the end user revealed the possibility to yield a much higher 

classification precision of 95.2 %. 

Keywords: Churn Prediction, Data mining, 
Telecommunication. 
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1 INTRODUCTION 
 

1.1 Motivation 
 

In a competitive telecommunications market, the customers want competitive 
pricing, value for their money and above all, a high-quality service. Today’s 
customers wouldn’t hesitate to switch providers if they don’t find what they are 
looking for. 
 
Consequently, it has become crucial for Telecom providers to control churn-loss of 
customers switching from one provider to another. Customer churning is directly 
related to customer satisfaction. Since the cost of winning a new customer is far 
greater than the cost of retaining an existing one, the mobile carriers have now 
shifted their focus from customer acquisition to customer retention [1]. It is crucial to 
put in place a sustainable and robust strategy for churn retention to preserve customer 
lifetime value. One of the metrics used by telecommunication companies to 
determine their relationship with customers is “Churn” [2]. 
 
After substantial research in the field of churn prediction, Big Data analytics with 
Data Mining techniques [3] was found to be an efficient way for identifying churn. 
These techniques are usually applied to predict customer churn by building models, 
pattern classification [4] and learning from historical data [5]. However, most of 
these techniques provide a result that customers might either churn or not, but only a 
few tell us why they churn. The most generally utilized model for anticipating the 
customer churn is the binary classification model. The customers can be grouped into 
two classes: going to churn or not. Numerous strategies and calculations are utilized 
to solve this problem, for example, grouping tree, neural network and hereditary 
algorithms [1]. 
 
So far, churn has been majorly studied based on network parameters that are 
analyzed with the data sets. Very few studies have been done about the user feelings 
and ratings in relation to churn; they are mostly on user data. Also, through the 
published methods and related work, the heuristics which are close to the end user’s 
perspective to identify a better model for retaining valuable customers from churning 
has not been studied. 
 
This research through the survey is carried out to come closer to the ground truth, we 
want to ask the users, conduct experiments with arbitrary end users and what they 
think about the quality of the network, calls and analyze their risk of churning from 
the present network service provider to another. Also, analysis has been made with 
an Operator’s users’ data volume usage. This analysis regarding the churn shows us 
that the role of data needed for analyzing the users’ perspective has given us better 
results and prediction models when compared with the operators’ end. 
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1.2 Objectives 
 

 The main objective is to analyze churn prediction from users’ perspective and 
how the Quality of Experience (QoE) effect the probability of users that are 
about to churn. 

 To provide an overview of the studies made in this field of research and 
analyze how the users’ feedback is very important for building up a model 
from the survey carried out. 

 To analyze what role the survey plays in churn prediction. 
 To perform statistical and Big Data analytics with an Operator’s data of 

active and churned users’ data volumes. 
 To correlate the reasons that have been given by the users globally and 

Operator’s customers who have churned also had similar issues. 
 

1.3 Research Questions 
 

RQ 1:  What is the added value of the users’ perspective when surveyed? 
. 
RQ 2: What are the differences and similarities between the churn predictive 
analysis for data obtained through survey and operators’ data? 
 
RQ 3: What are the problems across the globe with regard to telecom providers 
leading them to churn? 

 

1.4 Main Contributions 
 

The objectives of this thesis are as follows: 
 

 Conduct experiments with different sections of people regarding their data 
usage, and receive answers to corresponding questionnaires. Based on the 
ranking, design a model which is close to user end and fitting with the data 
obtained.  

 Study the importance of Data acquisition in churn prediction. 
 Examine the correctly classified outcomes with the data acquisition through 

the survey, weekly QoE polls and volume measurements by android-based 
tool compared to that of the data volumes for churning and active users 
provided by a Telecom provider. 

 Correlate the differences and similarities of their data usage with regard to the 
users’ perspective and operators end for churning. 

 Investigate the reasons regarding QoE ticking up for churn across the globe. 
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1.5 Split of work 
 

Variation of customer experiences with regards to churn, we constructed three 
experiments. These three theses on churn prediction analysis as shown in Fig.1 have 
been done. 
 
1.5.1 From the users’ perspectives – data, surveys & analysis (Mounika Reddy) 
1.5.2 Churn indicators – using Big Data analytics (Prithvi Tanneedi). 
1.5.3 User ratings, volumes and churn on the smartphone (Hemanth). 
 
All three of us share the results and data sources amongst ourselves. There might be 
few overlaps in analysis and results, but each individual has his/her own perspective 
of their research.  
 
The analysis of data acquired has been done in collaboration with Prithvi. Overlap 
could be seen in sections 5.1.2 and 5.1.3 with the corresponding theses. 
 

 

1.6 Structure of the Thesis 
 
This thesis report is structured as follows. It has been divided into 6 chapters. They 
are Introduction, Background study, Research Methodology, Results, Discussions 
and Analysis, Conclusions and Future work. 

 Chapter 1 is the introduction which describes the problem statement, 
research aim and objectives, research questions, main contributions and the 
split of work. 

 Chapter 2 gives a brief description on churn, churn predictive models, 
methods of churn prediction, and churn prediction in telecommunications. It 
also lays the foundation regarding the fundamental concepts and procedures 
related to the thesis. 

 
 User’s session  
   Volumes 
   and Users’ 
       QoE 
      (Thesis 1.5.3) 

 
Churn predictive 
heuristics from 

telecom operator 
and users’ 
perspective 

        (Thesis 1.5.1) 

Validating 
existing 
churn 

predictors 
 (Thesis 1.5.2) 

 
 

 

 
Fig. 1 Split of work. 

 



 

4 
 

 Chapter 3 gives a picture of the methodology that has been followed for the 
survey and detailed description of the steps followed to design and 
implement the survey study as well as the analysis of data acquired from the 
operator. 

 Chapter 4, the obtained results are presented along with the detailed pictorial 
representations. 

 Analysis and discussions of the results obtained by conducting the surveys 
and data analysis are given in Chapter 5  

 Chapter 6 which provides the conclusions and future work of this thesis 
which presents an overall summary and areas of further research that could 
be carried out in the future. 
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2 RELATED WORK 
 

In this chapter, we discuss the key concepts pertaining to this thesis and the related 
research work. The primary step is to comprehend churn and its related features in 
the telecommunication industry. In addition, another key objective of the study of the 
related work is to recognize significant difficulties with churn prediction. This gives 
the researcher a satisfactory research knowledge, which helps with distinguishing the 
present churn prediction modeling procedure alongside the real difficulties in these 
prediction strategies. The difficulties have been addressed by the approaches 
mentioned above in section 1.5. 
 

2.1 Customer churn 
 
In a competitive telecommunication market, the customers want competitive pricing, 
value for their money and above all, a high-quality service. Today’s customers won’t 
hesitate to switch providers if they don’t find what they are looking for. Prepaid 
customers in mobile telecommunications are not bound by a contract and can, 
therefore, change operators (‘churn’) at their convenience and without notification 
[6]. 
 

2.2 Churn Prediction - 
 
Consequently, it has become crucial for telecom providers to control churn-loss of 
customers switching from one provider to other. Customer churning is directly 
related to customer satisfaction. Since the cost of winning a new customer is far 
greater than the cost of retaining an existing one, mobile carriers have now shifted 
their focus from customer acquisition to customer retention [1]. It is crucial to put in 
place a sustainable and robust strategy for churn retention to preserve customer 
lifetime value. 
 
In the recent years, many telecommunication companies have moved from business 
model to customer strategy model, which includes customer relationship 
management, customer retention, etc. to gain a leading edge over their competitors. 
After a substantial research in the field of churn prediction over many years, Big 
Data analytics were found to be an efficient way for identifying customer churn. Big 
Data analytics achieve better results more efficiently and receive insights that set 
alarm bells ringing before any damage could happen, giving companies an 
opportunity to take precautionary measures. This thesis aims to present commonly 
used statistical data mining techniques for the identification of customers who are 
about to churn. 
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2.3 Data mining techniques 
 
In this chapter, we address the different method and techniques that have been used 
for churn prediction on various grounds. 
 
Data mining is a suitable procedure for recognizing examples, rules and reasonable 
models of information and is a phase of knowledge disclosure. Data mining is a 
compelling procedure of numerous cases and is a profitable model. It can perform six 
different occupations: classification, estimation, prediction, group dependence, 
clustering and description [7]. Several data-mining techniques have been used for 
identification of potential customers who are about to churn. 
 
The most common and the most reliable one in the telecommunication industry is the 
decision tree. This is a simple, robust model that helps us to read the decision 
through the branches of the tree. 
 

2.3.1 Decision Trees  
These are the structured regression models. The goal of the decision tree is to create 
a model that predicts the value of a target based on several input variables. Each 
node of a decision tree represents one of the attributes given as inputs. Leaves 
represent class labels and branches represent conjunctions of features that lead to 
class labels [1]. 

 
a. CHAID: Chi-squared Automatic Interaction Detector Uses chi-square test to 

determine the next best split at each step. It mainly consists of three steps, 
merging, splitting and stopping. Predictor categories are analyzed, categories 
are merged, then altogether split into two child nodes and tree is finally 
stopped when all records have same attribute values. 

b. A variant of CHAID. Performs more merging and testing of predictors hence 
takes more computing time. 

c. CART: Classification & Regression Trees Suitable for data supporting 
continuous dependent variable and categorical predictor variable, done by 
splitting the feature space into non-overlapping regions. 

d. QUEST: Quick, Unbiased and Efficient Statistical Tree Uses ANNOVA F-
Statistical tests to choose variable and splits the node. Variable with highest 
F-statistic is chosen first. 
 
 
 
 
 
 
 
 

 
 
 

Root node 
 

Root node 

Leaf 
node 

 
Leaf 
node 

Leaf 
node 

 
Leaf 
node 

Set of possible 
answers 

 
Set of possible 

answers 

Set of possible 
answers 

 
Set of possible 

answers 

Branches 
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Fig. 2 Example of Decision tree 

 
Fig. 2 depicts a basic decision tree containing a Root node branching to leaf nodes 
and further ahead with Set of possible answers. This way of classification helps us to 
find the set of customers and go backward in analysis of what made them take the 
decision 
 
Basically, the Weka tool [8] classifier helps in creating the decision tree that is a J48 
tree. It works on the principle of 10-fold cross validation. It means that each data 
point uses data which is divided into 10 sub-parts, of it 9 parts are used for training 
and remaining 1 part is used for testing. 
 
Class imbalance [9] is another issue with such data and has to be taken care while 
preprocessing and giving the data into the tool. While training and testing the churn 
predictors it is often met with the imbalance of data. The ratio of churners is very less 
compared to the active users. Often the classification is not done apt with the 
imbalance. To balance this the data is divided into training and testing sets. The ratio 
is balanced and made suitable to testing with various class imbalance techniques. 
 

2.3.2 Random Forest  
A Random Forest consists of an arbitrary number of simple tree predictors, each 
capable of producing a response when presented with a set of predictor values. In the 
case of problems dealing with classification, it goes with the most popular class. 
While in case of the regression problem, their responses are averaged to produce a 
rough estimate of the dependent variable. 
 

2.4 Churn Prediction in Telecommunications 
 

Every sector on the global competition active in various industries is considerate 
about their customer churn. According to Gavril telecommunication sector takes first 
place with 30 % churn rate [10]. 
 

2.4.1 Data Pre-Processing and Churn Prediction Algorithms 
 
From the description in the previous chapter, it can be seen that there is few methods 
or algorithm which predicts customer churn but aren’t accurate. Every method has its 
strengths and limitations [1]. Other than the algorithms, there can be several factors 
affecting the final accuracy. The nature of the used dataset is a vital factor for 
attaining highest prediction rate [11]. The preprocessing of the dataset by the  
elimination of problems such as class imbalance [1], discarding missing values [11] 
has shown improved results. Employing the process of feature selection or reduction 
in the preprocessing stage has shown visible improvements in the accuracy [12] [11]. 
In place of the existing variables, if a derived variable (derived from two or more 
existing variables) was considered, a fair amount of increase in the accuracy was 
observed [1]. The task of churn prediction gets even more complicated with the 
involvement of other factors such as the effect of customer’s social network i.e. 
neighboring customers. When this was considered the prediction accuracy improved 



 

8 
 

considerably [13]. Another dimension can be added to this process of Churn 
prediction by digging into network-level problems, their possible effect on the 
quality of service and thus on the customers. Service providers can make use of the 
relationships between QoE and traffic characteristics such as session volumes, 
customer care complaints, customers feedback and interruption of connections to 
automatically assess the utility functions for applications. Such an estimation of QoE 
could help the service providers to continuously monitor the user satisfaction level, 
react timely and appropriately to rectify the performance problems and reduce the 
churn [14] [15]. This relationship if tapped appropriately can help in developing a 
churn prediction model with the help of big data analytics. Though the problem of 
customer churn was addressed by many researchers in numerous ways, still there is 
no standard model which addresses the issues of global telecom service providers 
accurately. There is a lot of scope for development of such a model, which could take 
the above-mentioned factors and much more into consideration. 
 

2.5 Quality of Experience 
 

Monitoring of network-level performance criteria is easier and more usual. But the 
problem is then to correlate these network-level Quality of Service (QoS) to the 
Quality of Experience (QoE) perceived by the users [14]. 

 
In this competing environment, it is crucial for telecom providers to keep up or 
develop their piece of the pie, by furnishing clients with a top notch affair as much as 
prudent on their network. Although QoE is perceived as a subjective measure of a 
user’s experience, it is the only measure that actually counts to a user of a service. It 
is essential to identify, quantify and ultimately improve the perception of QoE for a 
user [16].  
 
Ernesto and his team have given the insights of how difficult it is to extract any 
feedback or feeling of the customer from the huge chunks of data collected by the 
telecom providers. How can we measure and predict the quality of a user's 
experience on a telco network in real-time [17]? 
 

2.6 Role of Data Acquisition and User Feedback in Churn 
Prediction 

 
From the related study, we see that the various user groups across the globe have 
different telecom provider with their plans and subscription models. This makes it 
challenging for researchers to predict the churner. Reference [6] explains the impact 
of the experimental setup and what to predict, for whom and does the customer 
experience matter [6]?  
 
Van Den Poel and Lariviere [18] summarized the economic value of customer 
retention as follows [19]: 

 Rather than attracting the new customers, it’s better to focus on the existing 
ones and attaining their demands. 

 Long haul customers tend to purchase more. 
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 Positive information exchange from satisfied customers regarding the service 
is a great path for obtaining new clients. 

 Customers who have been with the provider for a longer period are easier to 
serve on the grounds of a bigger database of their demands. 

 Long haul customers are less delicate to competitors. 
 Losing customers brings about fewer sales and an expanded need to draw in 

new clients, which is five to six time costlier than the cash spent for retention 
of existing clients. 

 It is always an administrative challenge to keep up to the good customer 
relation with the clients as individuals tend to share more negative than 
positive service with companions. This diminishes the possibility of attracting 
a new customer in near future. 
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3 METHODOLOGY 
 
This section gives an insight into the motivation, description of the research 
procedure to achieve the aims and objectives that have been mentioned in Chapter 1. 
   

3.1 Motivation 
 

Customer churn is a major concern for telecom administration suppliers because of 
its related expenses. This analysis clarifies our progressing chip away at customer 
churn prediction for telecom administrations. We are dealing with data mining 
techniques [3] to precisely anticipate clients who will change and swing to another 
supplier for the same or comparative administration. The focus of this thesis lies on 
prediction Customer Experience Management [6]. Dejan and his team have given an 
outline of how the customer experience management plays a key role in prediction 
process and to retain the loyal long term customers. 
 
Client Experience Management (CEM) is firmly identified with its antecedent 
Customer Relation Management (CRM). The latter comprises a set of processes and 
enabling systems supporting a business strategy to build long-term, profitable 
relationships with specific customers [20].The refinement is to degree simulated, yet 
one could contend that CRM centers more of giving a 360 degrees perspective of the 
present relationship and while not looking proficiently into a client state of 
connection with the firm, while CEM gives devices and strategies to comprehend, 
enhance and develop a relationship by upgrading the general client experience. For 
mobile telecommunication providers, the key areas within an overall CEM strategy 
are customer acquisition, revenue stimulation for existing customers and customer 
retention management (churn management) [21]. 
 
 

3.2 Research Setup 
 

In order to examine the customer churn prediction heuristics from operators and 
users’ perspective this thesis has been divided into three parts as mentioned in 
section 1.5. The influence of customer experiences on the churn and analysis is the 
key area of interest for churn prediction in this thesis.  
 

3.2.1 Survey 
 

The survey involves a systematic approach to gathering and analyzing information 
from a representative sample of a specific population. It aims to derive a conclusion 
about the characteristics of the population under study [22] Based upon on the 
literature review that has been done to analyze the churn prediction and find out the 
difficulties faced in handling the users’ feelings. This survey has been designed in 
accordance with Customer Relation Management for churn predictive heuristics. The 
survey helps to understand methodologies to get around the problems in handling 
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churn. According to the variation of customer experiences with regards to churn, we 
constructed three experiments for data acquisition as follows. 
 
The test dataset, which we used for our analyses has been aggregated by the survey 
conducted across the globe with genuine feedback. The research methodology 
followed in this thesis involves both qualitative and quantitative studies in given in 
following steps 
  

3.2.2 Survey Formulation 
 

Van den Poel and Lariviere [19] presented four sets of data variables: Customer 
behavior, customer perceptions, customer demographics and macro environment 
variables. 
 
Customer behaviour: This variable gives us an insight into the customer product-
specific ownership regarding their mobile used, their call rate plans and contract 
plan. This is quite difficult to get through a survey as it is confidential for the 
customers’ to give out their details. We have formulated this using three views on 
Telecom providers to get to the insights of their usage indirectly. 
 
Customer perceptions are defined as the way a customer apprehends the service. 
This can be measured with customer’s surveys and include data on overall 
satisfaction, quality of service, problems experienced, satisfaction with problem 
handling, pricing, locational convenience, perception on the dependency of operator 
[19] [21]. This variable has been studied through following question in the survey as 
mentioned in the next section regarding the experiences, calls and data plan. 
 
Customer demographics: The users’ age, place of stay come under this category 
and often the most used for churn prediction. These variables play a vital role not 
only in heuristics but also to have background knowledge of the model building. 
 
Customer macro environment variables:  The customers’ present and previously 
used telecom providers, their loyalty to the provider is also an important variable as 
to know whether they are in plans to change in near future.  
 
3.2.3 Views on the Telecom Provider 

 
The survey setup is composed of two parts: 
 
Part 1: 

a. The foremost question they answer is whether they have ever changed their 
Telecom provider. The later question would decide whether they are about to 
change or likely to change. 

b. Here the user would be heading to the next part of questions, only if they 
have intentions of changing i.e, churning. This has been designed in such a 
way that, when the customer for the primary question hits a yes or a no has 
plans of changing their network. Then they would answer the second question 
with yes or likely to change depicted in Fig 5. These customers are our prime 
focus and would give reasons for their move. 
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Part 2: 
This section is divided into three questions which would give us an insight of the 
major problems experienced by the customers that are making them churn. 
 

i. Experiences: This question analyzes the general problems that will make or 
made them change such as disturbances in calls or video streaming, bad 
customer care support and bad signal-strength/coverage. 
 

ii. Calls: This question gives us the insight to analyze about the problems faced 
with calls such as call drops or miss-connections and regarding the call rates 
being too high. 

 
iii. Data: Our primary focus question which would relate to the accompanying 

thesis is regarding the data usage. This would help us to predict whether 
customers’ facing a tough time with the data plans and are opting to churn to 
another network. This contains a list of day-to-day complaints given by 
various customers like expensive data plan, disturbances, too long 
connectivity or loading time and insufficient speed. 

3.3 Data Acquisition 
 
Three sets of data sources were acquired to carry out the theses. These include: 
 

a. Monthly data volumes for churned and active users from October 2015 to 
March 2016, provided by an anonymous telecom operator. 

b. Results of a global telecom survey carried out by accompanying thesis. 
c. Individual analysis results from Android based tool for weekly QoE polls and 

volume measurements [28]. 

3.3.1 Data received from the Telecom operator 
 

We have approached several telecom operators with our proposal to analyze churn 
prediction and need for customers’ data providing details regarding their plan, their 
views about the provider, complaints, usage details and attributes that the customer 
was in contact with the customer care. 
 
Many have denied providing us the data needed to analyze with certain variables and 
other details being too confidential about the customers and security reasons of the 
company. However, luckily, one Telecom provider has agreed to provide with 
anonymized data of the customers with following details given below: 

 
Preliminarily, churned customers who have already left the operator and few of them 
who have given the reason for their churn has been provided. It has customers’ 
monthly data usage in Megabytes for the period of 6 months (October – March 2016) 
Later it was augmented by the monthly usage data of the active users as it was very 
difficult to analyze the churn prediction just with the help of just churned user’s 
details. The augmented active user’s data was also anonymized and had the same 
details as churned users in the form of monthly data volume usage  
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3.3.2 Data acquired from the survey 
 

While having the above trials of customers’ data with telecom providers we have 
started to formulate a survey. The main of the survey formulation was to get deeper 
insights from the users’ perspective and to test Customer Relation Management 
could be in later stages of analysis. 
 
With the advent of freely accessible tools for taking Web surveys, it is easy to obtain 
formative feedback [24]. This survey was conducted with the help of google forms or 
web surveys. It had several parts of questions based on different parameters, as 
mentioned above. A trial survey was done, it was answered by 40 people in India and 
in Sweden. From this, we tried to analyze whether we were able to infer the 
predictive analysis. Few changes were made and more specific details were added to 
the options and got a deeper insight of user feelings. This survey sheet has been sent 
across the globe through various means. Social networking has helped to gather a 
diverse feedback throughout the world. Thus the survey took place from April – 
August 2016 on a global scale. It was answered by 788 people in total across the 
globe. 
 

3.4 Analysis 
 

The dataset has a number of elements, cases and deficient qualities. As the initial 
step, we utilize a few strategies to pre-process the cases, for its defects. At that point, 
we look into a different group and single classifiers. Umayaparvathi and Iyakutti [25] 
performed churn prediction using Artificial Neural Networks (ANNs) and decision 
trees. They found that ANNs are totally out beaten by decision trees compared to the 
accuracy level. They divided their project into five parts as portrayed below [1] in 
Fig 3.  

 
 

      Fig. 3 Five steps followed by [24] for data modelling 

DATA 
ACQUISITION 

DATA 
PREPARATION 

DERIVED 
VARIABLES 

EXTRACTING 
VARIABLES 

MODEL 
CONSTRUCTION 
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3.4.1 Data Pre-processing for the Telecom Operators’ Data 

3.4.1.1 Data Cleaning  
 
The pre-processing or data cleaning have shown to be very important. When we have 
analyzed the above data with absolute values, we haven’t got any prominent results. 
A step by step pre-processing has been done to make the data model to attain results 
required. 
 

 Customers with zero volumes during two or three months were eliminated. 
 The obvious duplicates, having the same values, were removed. 
 If a customer had just one month of usage recorded, while recordings for the 

other months were missing, it was eliminated. 

3.4.1.2 Data Normalization 
 
Various options have been tried. Preliminarily, only data of the churners was 
provided. The month’s data has been taken and the graphs for mean, median and 
standard deviation, correlations have been calculated. Could see a general trend and 
not a stabilized variation. There was a slight variation in the curve during December 
and January for the churners as well as active customers.  
 
Later the whole data has been normalized with the average of all the 6 months’ data 
and a slightly better trend has been observed compared with that of absolute values. 
But when notified by the Operator, the churners have made their decision in the first 
3 months (Oct – Dec 2015) and are given a lay-off period for 3 more months (Jan – 
Mar 2016). Data has been then normalized with the averages for the months Oct – 
Dec 2015 and Jan – Mar 2016. We could see a better trend among all the trials for 
normalization that has been done for the period Jan – Mar 2016. 
 

3.4.1.3 Statistical Analysis 
 
Statistical analysis is the science of collecting, exploring and presenting large 
amounts of data to discover underlying patterns and trends [26]. Telecom companies 
use statistics to optimize network resources, improve service and reduce customer 
churn by gaining greater insight into subscriber requirements. Mean, standard 
deviation, standard error, lag-1 autocorrelation and 95 % confidence intervals have 
been calculated for various combinations. 
 

a) Mean: Statistical average of a dataset. It usually depicts the central value of a 
set of numbers.  
 

b) Variance:  Variance is the average of squared differences from the mean. 
 

c) Standard deviation: The Standard Deviation is a measure of the spread of 
the values around the mean. It’s the square root of the variance. 
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d) Standard error: Standard error is defined as the standard deviation of 
sampling distribution (mean). Mathematically, the division of standard 
deviation and square root of number of total instances of sampled data gives 
the standard error. 
 

e) 95 % confidence intervals: Confidence Intervals are a type of interval 
estimates that gives the most likely range of an unknown population. 
Confidence intervals consist of different ranges of values, 90%, 95% and 
99%. In practice, confidence intervals are usually stated at 95% confidence 
level, 95 being not too far away from 100. Statistically, if there is a large 
overlap in confidence intervals, difference is not significant; whereas if the 
intervals do not overlap, there is a difference with 95% confidence value.  
Mathematically, CI=  , where  means Mean,  is percentile of 

Normal distribution,  is estimation of variance of Mean,  is half-size 
of confidence interval. 
 

f) Lag-1 autocorrelation: Autocorrelation is the correlation of a series of data 
points with those points at a specific distance. It often refers to the correlation 
of a time series with its own past and future values. In our case, lag-1 stands 
for the immediate neighbor (at a distance of 1). Autocorrelation is also 
sometimes called “lagged correlation” or “serial correlation”, which refers to 
the correlation between members of a series of numbers arranged in time 
[27]. 

 

3.4.2 Data Preprocessing for survey Data 

3.4.2.1 Data Cleaning for survey data 
 
The data that has been collected was recorded into an excel sheet. 770 people have 
answered the survey in total. The cleaning was done through eliminating people who 
have given meaningless answers, blank spaces and duplicated rows. Furthermore, 
answers that were not relevant to the network have been eliminated. After cleaning, it 
the data set had reduced to 710. 
 
Preliminary changes were made to the questionnaire and have had two versions. 

a) Training: This was prepared with 7 parts of questions. A trainer survey 
to check whether this will help us to analyze the churn prediction. 

b) Testing: This was the final survey that has been done, after making 
certain changes with the questions and answers pertaining mostly to 
technical reasons for them to churn. 

3.4.2.2 Data analysis 
 

The whole data received was in the form of words and there are no numerical 
involved to perform a statistical analysis. It is difficult to convert mean opinion 
scores to binary numbers for analysis. As per the statistical analysis, no number 
could be given to any category as the value of the number is not defined. We have 
just categorized them based on the answers given by abbreviated names. 
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3.4.3 Data Mining in WEKA 
 

Several Data-mining techniques have been used for identification of customers who 
are about to churn apart from the statistical analysis. The churn prediction model 
most suitable for our application has been chosen to be a decision tree. Every data set 
has certain requirements and predictive methods, which give a better solution. 
 
Weka is a machine learning software, which is a Java-based tool. This consists of 
various classifiers, algorithms, and numerous other features [8].  
 
Confusion Matrix: The confusion matrix depicts the instances of correctly classified 
and predicted classification [1]. The diagonal shows the correct instances of 
classification. Whereas the adjacent elements show the false negative instances 
which have been classified wrong. 
 

Confusion Matrix Predicted Active Predicted Churn 
Actual Active a b 
Actual Churn c d 

       Table 1 Confusion Matrix 
 
From the above Table 1, a and d are the diagonal elements which depict the numbers 
of correctly classified instances. The number false positive of active elements that are 
predicted as churn is depicted by b. Similarly, c shows the false positive of actual 
churn customers depicted as active users. 
 
According to [3], the repeated training and testing process that takes place in the 
Weka tool is depicted below in Fig. 4. 
 

Fig. 4 Steps for training and testing in Weka tool 
 

 

Getting started with Weka 
 
Getting started with Weka 

Evaluation 
 

Evaluation 
Select a classifier 

 
Select a classifier 

Training and Testing 
 

10-fold Cross Validation 
 

 
Cross-validation Results 
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4 RESULTS 
 

This chapter presents the results obtained from the survey conducted, analysis done 
with the data obtained from telecom operator and correlation between the results 
obtained by corresponding theses mentioned in section 1.5. 

4.1 Results Obtained from the Telecom Survey 
 

Q1:       Where are you from? 
 

This answers a part of the demographic feature of the data acquisition. This helps us 
to understand the model and majority of people who are having similar troubles with 
the telecom providers and will be churning to another network. 
  
Table 2 shows that the highest percentage of survey answers was received from 
India, followed by Sweden and others. 
 

 
 

PLACE 
PERCENTAGE OF 

PEOPLE 

India 83.1 % 

Sweden 9.6 % 

Others                  7.3 % 

 
Table 2 Percentage of people and their place of origin 

 
 

Q2:        Have you ever changed your Telecom Provider? 
 
This question helps us to first check whether the target customers have answered the 
question and a preliminary step to predict the churners.  
 
We can see that in Table 3, 57.2 % had various issues and have churned out or are 
planning to churn in near future. 
 

 
YES/NO 

 
PERCENTAGE OF PEOPLE 

 
Yes!! I had too 

 
57.2 % 

 
No!! I have the best 

 
42.8 % 

 
Table 3 Percentage of people who have answered regarding change of Telecom 

Provider 
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Q3:      Age is just a number and your number is? 
 
This is another question that comes under the customer demographic category and it 
is one of the key questions to get a picture in mind about the target users to attract 
and retain from churning. The age plays a vital role in building up a churn prediction 
model. 
 
This survey was answered by the youth (18-25) and have decreased in ascending 
order as shown in Table 4. This gives a slight insight that the customers aged 
between 18-35 are ready to shift from one provider to the other for better offers and 
other reasons according to our survey. 

 
AGE PERCENTAGE OF PEOPLE 

18-25 58.1 % 

25-35 21.7 % 

35-45 10.1 % 
45-55 7.9 % 

55 above 2.1 % 

 
Table 4 Age groups of people. 

 
 
Q4:      Looking to change the provider in the future? 
 
This is a second part of the question which confirms the customers who are planning 
to shift their telecom provider. These customers who have answered yes and likely 
are our primes focus in this research.  
 
This table 5 shows us the results in the form of pie where 2/3 percent of people are 
happy with their current providers and 1/3 are likely to change, 1/3 have already 
decided to shift. 

 
 

 
YES/ LIKELY TO SHIFT/ 

NO 

 
PERCENTAGE OF PEOPLE 

 
Yes 

 
16.7 % 

 
Likely to shift 

 
17.0 % 

 
No 

 
66.3 % 

 
Table 5 Answers to Q4 in survey regarding shifting provider in future. 
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                                             OUTPUT 
 
                                       YES 
       
     YES      LIKELY       OUTPUT 
       NO                                 
                                                                                  
                                           NO                                    
          NO OUTPUT 
 

 
Fig. 5 Logic Used for survey modeling 

 
Fig. 5 depicts the flow of questions pattern to get to the target users and find out the 
reasons for their churn. The survey was designed using a logical flow by diving the 
questions into two parts. The preliminary questions are regarding their age, place of 
origin and current telecom provider. The major question to reach the target customers 
that are looking to change are analyzed by answering a yes for the question- “Have 
you ever changed your telecom provider?”. When these customers are giving 
answers yes and likely for the next question- “Are you planning to change your 
telecom provider in future?” are forwarded to the next part of questions.  
 
The following section is divided into three questions which would give us an insight 
of the major problems experienced by the customers that are making them churn with 
regard to: 
 

1. Experiences 
2. Calls 
3. Data plan 

 
 
VIEWS ON YOUR PROVIDER 
 
Q5:  What are the experiences that will make/made you change? 
 

EXPERIENCES PERCENTAGE OF 
PEOPLE 

RANKING 

Disturbances in call or video 
streaming 

90 (37.2 %) II 

Bad customer care support 77 (31.8 %) III 

Bad Signal-
strength/Coverage 

151 (62.4 %) I 

Other 24 (9.9 %) IV 
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Table 6 Experiences that made them change 

 
Table 6 shows the percentage of people who have given the highest reason for their 
change with regard to the experiences faced due to a technical problem of Bad signal 
strength/Coverage ahead of Disturbances in call or video streaming and Bad 
customer care support. 
Q6:      The main problems with calls that will make/ made you change? 
 

 
MAIN PROBLEMS 

WITH CALLS 
 

 
PERCENTAGE OF 

PEOPLE 

 
RANKING 

Call drops or miss 
connections 

123 (50.8 %) II 

Call rates too high 151 (62.4 %) I 

Other 12 (5.0 %) III 

 
Table 7 Problems with calls 

 
Table 7 depicts the percentage of people who have given the highest reason for their 
change with regard to the main problems with calls due to a non-technical problem 
of pricing ahead of Call drops or miss connections. 
 
Q7:   Problems with Data plan that will make/made you change? 
 

 
PROBLEMS WITH DATA 

PLAN 

 
PERCENTAGE OF 

PEOPLE 

 
RANKING 

Expensive Data plan 135 (55.8 %) I 

Disturbances (Buffering, 
Freezes, waiting time) 

73 (30.2 %) IV 

Too long Connectivity or 
loading time 

103 (42.6 %) II 

Insufficient speed 93 (38.4 %) III 

Other 5 (2.1 %) V 

 
Table 8 Problems with data  

 
 
Here from Table 8, we can analyze that the problem is yet again a non-technical one, 
which is the issue with expensive data plan ahead of connectivity, disturbances and 
speed issues. 
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Apart from these seven questions, the customers also answered regarding their 
present Telecom Provider and if they ever churned from provider which they were 
using. 
 
The most important feedback that helped us model a churn predictive analysis is 
regarding the data plan problems.  
 
 
Modelling:  
 
This has been done by using Weka tool. The input data is converted in CSV format 
and is given as input to the classifier. It has been done before and after pre-
processing. When the dataset (preprocessed) it is loaded into the tool, it read the 
attributes given as inputs and created a model with selected classifier. Here we have 
done the modeling using J48 Decision tree. 
 
Several iterations trials have been run with different attributes and features. Varied 
outcomes and not a notable accuracy made us add a lot of attributes. It has been 
noted that preprocessing has given better results of accuracy along with added 
attributes. Indeed, the confusion matrix plays a key role in analyzing the churners. 
This matrix gives figures of the correctly classified and false-positive instances. 
 
For the above obtained mentioned data set in section 4.1 and after preprocessing it 
has given us correctly classified instances as 69.7 % [27] for surveyed data. 
 

4.2   Results obtained from data of Telecom Operator [27] 
 
Preliminarily the data is preprocessed. The obtained data construes the actual reasons 
given by the churners for an anonymous Telecom provider. Only 673 out of total 
4106 have given the reasons for churn. The majority of the reasons cover altered 
needs followed by better price and poor service. After the data pre-processing, only 
454 out of total 2670 churners remained with reasons for churn. Majority were 
altered needs, followed by better pricing options and poor service. 
Statistical Analysis for the total 4106 churners during Oct 2015 -Mar 2016, mean, 
standard deviation, 95% confidence intervals and lag1 autocorrelations were 
calculated for the monthly data usage volumes.  
 
The statistical results for the churned customers after the data pre-processing, for a 
total of 2670 customers has been done. Data pre-processing includes deduction of 
unwanted entries, zeros, duplicates and missing values. It eliminates the unnecessary 
redundant entries. 
 
Table 9 and 10 portray the statistical analytics for churned and active customers after 
data pre-processing, data preparation and normalization respectively. They illustrate 
the correlation factors that are the best results obtained from the data provided for 
churners and active users.  
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CHURNERS Oct. 2015 Nov. 2015 Dec. 2015 
Mean 1.004 1.023 0.969 

95 % CI 0-984 – 1.024 1.006 – 1.040 0.950 – 0.988 
Lag 1-autocorr +5.0 % +4.6 % +5.0 % 

Table 9 Mean, 95% CI and Lag 1-autocorrelation for Churners 
 
 
 
ACTIVE USERS Oct. 2015 Nov. 2015 Dec. 2015 
Mean 1.039 0.977 0.983 

95 % CI 1.018 – 1.060 0.959 – 0.995 0.962 – 1.004 
Lag 1-autocorr +1.7 % –0.9 % +0.2 % 

Table 10 Mean, 95 % CI and Lag 1-autocorrelation for Active users 
 
Table 11 depicts the classification of the decision tree and their predicted values. 
Along with preprocessing (Normalization) [27]. 

 
 

Group 
 

Prediction of 
 

Normalization 
Correctly 
Classified 

Churners only Reasons for Churn No 31.5 % 

Churners only Reasons for Churn Yes 33.4 % 

Active & churners Churn vs Active Yes 51.7 % 

 
Table 11 Classification of the decision tree and their predicted values. Along with 
preprocessing(Normalization). 
 
Confusion matrix for the above group: Active and churners [27] shown in Table 12 
Here the confusion matrix for the best-classified percentage has been given. We 
could see the diagonal elements which are the correct classified instances that are 
supposed to be greater than the wrongly classified whereas all of them belong to 
similar range. Also, depicts that the classification has not been done correctly as 
predicted, since churn value is higher than the actual churner count. 
 

. 
Confusion Matrix Predicted Active Predicted Churn 
Actual Active 1026 1428 
Actual Churn 1044 1625 
 

Table 12 Confusion Matrix for Operators’ data 
 
 
Table 13 shows the Reasons for Churn and number of customers who have   opted 
for those reasons in the operators’ data. 
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REASONS TO CHURN NO. OF CUSTOMERS 

Poor service 65 
Better Price 148 
Altered Needs 312 
No contact 4 
Information 31 
Coverage problem 38 
Parallel Subscription 12 
Consumer 8 
Interconnections 3 
Already has another subscription 31 
Reference 4 
Wrong info in buying 2 
Fixed broadband 6 
Not aware of the order 2 
Retains previous subscription 3 
Changing orders 3 
 

Table 13 Reasons for Churn as indicated by the customers. 
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5 ANALYSIS AND DISCUSSION 

5.1 Validation of Results 
 

5.1.1 Survey Data Analysis 
 
A total of 788 customers from about 15 countries participated in our survey. 
Numerous details of a total of 770 customers with about 45 Telecom providers from 
various countries were tabulated, they have been reduced to 710 after pre-processing. 
Customers that have given their views on the telecom provider and are in the 
category of customers who are planning to churn are 246. Reasons include the 
experiences that made or make them change, problems with data and calls that made 
them churn that has been shown in tree diagram in Appendix A3. 

 
Also, we have derived variables: We have classified and modeled the decision tree 
based on the Telecom provider they have previously used and also gives us details of 
customers who have already churned from which provider they have churned. 
 
The feedback from customers across the globe, categorizing the answers of 
customers by data preprocessing and data preparation, large decision tree and 
confusion matrix have been obtained. The tree was huge and could be referred from 
the Appendix A4. The tree illustrates the current Telecom provider to which the user 
might tend to churn. 
 
Without a clear distinction between the reasons for problems with call and data, we 
get an accuracy of 41.7 %. [27]. With a clear distinction between their classes, we get 
an accuracy of 69.7 %. [27]. These percentages show the importance of pre-
processing, feature selection Decision Tree — Base node selected is to which 
telecom provider the user is likely to churn 

 

5.1.2 Telecom Operator Data Analysis 
 
Data Set 1:  
 
Various options have been tried. Preliminarily only data of the churners was 
provided. Statistical Analysis has been made and decision trees have been produced 
with focus on churn data and the given churn reasons by 623 customers. 
 
The monthly data has been taken and the graphs for mean, median and standard 
deviation, correlations have been calculated. We could see a general trend and not a 
stabilized variation. This is the raw data without any data pre-processing. It could be 
seen that the mean volumes for all the months were of similar order ranging from 
2551 to 3221 MB. Same is the case with standard deviations as well. Calculating the 
95% confidence intervals, it could be observed that, there is either a significant 
overlap of the intervals, or the intervals ranging very close by. 
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Using just six months of data and dividing the data into technical and non-technical 
reasons did not allow for a decision tree with many branches and only a minimum 
number of nodes (actually one) with a sole branching of technical and non-technical.  
This is due to lack of attributes. 
 
Later, the results were varied by increasing the attributes and by adding the 
difference of months. This couldn’t give a better result, but could give a trend to look 
at. But no solid comments could be done on these results. 

 
Data Set 2:  
 
Based on the above results and trials, we haven’t got a strong trend to comment on 
churn prediction. Thus, we have requested the operator for active users’ data and few 
more attributes. 
 
We have been given with anonymized active users’ data volumes in Megabytes 
(MB) for the same months as churned users from October 2015 to Mar 2016. The 
churners have made their decision in the first 3 months (Oct – Dec 2015) and are 
given a lay-off period for 3 more months (Jan – Mar 2016).  
 
From the total 4106 churners data provided initially, only 673 customers have given 
the actual reasons for churn, which is just 16% of the total churners. A total of 16 
different reasons for churn could be found in Appendix A1. These churned customers 
who were kind enough to cordially give a proper reason for churn. After data-
processing removing zeros and missing values, only 454 remained with reasons, 
which is still just about 17% of the total 2670 churners. There were quite many 
duplicates in these 454 churners with reasons. Excluding these duplicates, there 
remained only 404 churners with reasons.     

As discussed earlier, only the last quarter of 2015 became the deciding factor of 
churn, preeminent emphasis was laid on December, November and October. There is 
a decrease in autocorrelation from October to December, which is a rather positive 
sign that provides more satisfying confidence intervals, but the confidence intervals 
of December and October are completely overlapping each other, along with three 
quarter shared overlap with the interval of November. Therefore, no strong 
affirmations could be given. The same is the case with regards to the active users. 
There is a complete overlap in the confidence intervals of October and December, 
with more than half overlap with November. Autocorrelations are quite small, which 
is underpinning the credibility of the confidence intervals, but this autocorrelation 
decreases from October to November, and again it increases from November to 
December. Such overlaps of confidence intervals in spite of small autocorrelations 
indicate unclear trends [27]. 
 
Data has been then normalized with the averages for the fourth quarter of 2015 and 
first quarter of 2016. We could see a better trend among all the trials for 
normalization that has been done in fourth quarter of 2015, in particular as compared 
to the unnormalized case. 
 
A decision tree analysis has been made for various datasets for experiment 1 and 2 
after it has been augmented by active churn users. Due to the lack of attributes that 
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have been given, we could get only 51.7 % of correctly classified instances for the 
trail were active and churners data has been loaded, it has been predicted for the 
churn vs active [27]. We could also see from the above table that the loaded data for 
only churners and predicted for reasons for churn with no normalization has given a 
poor classification of 33.4 %. 
 
On the whole, we could note that the preprocessing of data has played a vital role in 
given better percentages. That could be noted from the table above where when 
normalized has given better classification. 

 
Reason for Churn 
From the reasons given by the customers depicted in Appendix A1, it can be seen 
that majority of them have changed their operator due to altered needs, better price 
provided by another provider and poor service, followed by various others. 
 
 

5.1.3 Android-based tool [28] 
 
The aim of this thesis was to measure and investigate the users’ session volumes as a 
function of QoE. 
 
The method followed was the Experience Sampling Method (ESM), implemented as 
sampling through an Android tool once every week. Up to 6–8 weeks, volumes of 
data used by users have been collected on a weekly basis. They were 22 Android 
users who took part in this experiment (12 females and 10 males; 13 from Sweden, 8 
from India, and 1 from USA; 18 aged 18–25, 3 aged 35–45, and 1 above 55 years 
old). Surprisingly they were 3 churners among this group. Details on the setup and 
employment of ESM are reported in [28]. The feedback of the users was categorized 
in a similar way for the survey that was sent across to users to check their Mean 
Opinion Score (MOS) regarding their satisfactory levels and annoyance, the risk of 
churn and other factors. 
 
 
 
Results: 
 
After data-preprocessing and statistical analysis by Hemanth [28] it was found that 
the average quality ratings from churners were ranging from 3.00 to 3.80 and for 
non-churners from 3.14 to 5.00. Average annoyance ratings for churners were found 
in the range from 2.63 to 3.43, and for non-churners in the range from 1.25 to 2.85. 
Average churn risk for churners amounted to 2.60 to 2.75, and for non-churners from 
1.00 to 2.57. 
 
The following Correlations were made from the 8-week data that have been 
tabulated. 

 Quality Against Data Volume: Positive correlation (Churners: 72% to 
90%; Non-Churners: 40% to 92%) 

 Annoyance Against Data Volume: Negative correlation (Churners: -49% to   
-73%; Non-Churners: -42% to -93%) 
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 Churn Risk Against Data Volume: Negative correlation (Churners: -58% to   
-89%; Non-Churners: -38 % to -99 %) 

 
Outputs: 
 
From the above mentioned statistics it has been analyzed that average quality, 
average churn risk and – to some extent – annoyance statements together may point 
out a probable churner. 
 
With respect to average churn risk score, we get a decision accuracy of 95.23%. With 
churn risk score less than or equal to 2.57, eighteen users were active and for churn 
risk greater than 2.57, three turned to churn out [28]. 

Confirmed trends through correlations could state that as Quality increases, Volume 
increases, accordingly Annoyance and Churn risk decreases [28]. 
 

5.2 Correlation  
 
From the above results, it can be seen that they have been certain similarities 
between the three analysis groups. 
 
1. Need for more attributes 

a. From the telecom operators’ data, it is evident that a number of attributes are 
needed to get a better churn prediction model and accuracy of the confusion 
matrix. 

b. As when the churn prediction was analyzed for Telecom survey data it has 
given an accuracy of 69.7 % which is better than that of Telecom Providers’ 
data confusion matrix 51.7 % for the best fit of data analyzed. 

c. From the data obtained and decision trees obtained from the Android based 
tool we got a decision tree with an accuracy of 95.2 % 

 
2. Similarities between reasons of churn 
The primary three reasons that have been given by majority of the customers through 
Telecom survey are:  

i. Bad Signal strength 
ii. Call Rates too high 

iii. Expensive data plan 
The primary three reasons that have been given by majority of the customers through 
the Telecom Operators’ data are:  

i.  Coverage problems 
ii. Better prices provided by others 

iii. Poor service 
 
 
3. Volumes of data utilized 
This gives us two different versions from the volumes of data used by customers in 
different scenarios. 
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a. From Telecom operator customers’ monthly data volumes, the statistical 
analysis could not lead to better understanding and no strong comments could 
be made regarding customer churn. Similar trends were observed from the 
active users’ perspective. Monthly data volumes of churners with the 
condition of three months’ prior notice haven’t helped us yield the insight to 
differentiate the usage patterns. 

b. Whereas from thesis [28] we could see that the data volumes collected on a 
weekly basis have shown some correlation patterns along with some reasons 
that have given us insights into the importance of intervals to look into 
decisions. Given by the relation that the customer who was happy with the 
service has used more (Active users’) and less in the case of annoyance, 
which further led to churn. 

 

5.3 Answers to the Research Questions 
 
 

RQ 1:  What is the added value of the users’ perspective when surveyed? 
 
Asking the users, conducting experiments with arbitrary end users, what they think 
about the quality of the network, calls, and analyze their risk of churning from the 
present network service provider to another through an interlinked question has 
helped us focus on the customers’ who were going to churn soon. When surveyed in 
this way, it helps the telecom providers to have a closer look at the problems they 
report in the survey and also attract them with special plans to retain. Along with 
survey, if a deeper analysis is made regarding the outgoing calls, usage of data and 
other service and shows a dip in the curve then churn predictors are striking positive. 

 
RQ 2: What are the differences and similarities between the churn predictive 
analysis for data obtained through survey and operators’ data? 
            
When correlated the data obtained from the operator and through surveyed data, we 
could see certain similarities and differences. 
 
Similarities: Considering the reasons to churn applied to any customer with a varied 
place of origin; coverage problems, problems with pricing, better offers from the 
other networks are the top rated reasons. They have been proven with the survey 
conducted approving the Telecom provider’s data as well. In both the cases, the 
usage of data by the happy customer is more than the customer who is about the 
churn. 
 
Differences: The major difference with the data obtained from the survey is that, it is 
close to users’ feedback and has given a clear view on various problems faced by 
customers. Whereas, the operators’ data has shown the data usage of customers’ on a 
monthly basis, but could not comment strongly on users’ feelings. The study with 
monthly usage of data volumes with very few reasons haven’t given any strong 
results to predict based on the trends to differentiate the active and churned users. 

 
RQ 3: What are the problems across the globe with regard to telecom providers 
leading them to churn? 
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Problems across the globe being that, for customers hailing from diverse background, 
have their set of regional problems. Most common problem being pricing for calls 
and data plans too high. 
 
Problems faced by Indian customers are reflected in reasons for churn that mainly 
depend on factors such as misconnections or call drops. Whereas in other countries 
such as in USA and Sweden they were no feedback regarding call drops. On the 
other hand, customers from these countries have complained about customer care 
problems and family phone plan problems. 
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6 CONCLUSION AND FUTURE WORK 
 
The necessity to understand and model the risk of churn has caught our interest. 
Based on our experience so far, we believed in an approach involving users’ 
feedback for QoE as well as usage volume to validate the churn prediction from 
users’ perspective. 
An overview of the studies made in this field of research and analyze how the users’ 
feedback has played a very important for building up a model for the survey carried 
out. 

The role of survey in churn prediction has been analyzed. Statistical and Big Data 
analytics with an Operator’s data of active and churned users’ data volumes has been 
done. 

Correlation of the reasons that have been given by the users globally and 
Operator’s customers who have churned also had similar issues has been analyzed. 
 
  
Future work: 
 
Customers volumes of data of those who have churned towards some other 
operator/s along with their age, gender and the place they are hailing from would 
have given a clear picture in analyzing churn. In particular, we suspect changes of 
usage volumes and patterns during a set of weeks before the actual churn takes place. 
It would be even helpful to see to what extent these users were in contact with 
customer care before they actually churned, their age, calls plan and other 
parameters.  
 
In the course of this theses we expected to be able to develop and generate a churn 
predictive model, however due to lack of attributes and time constraints we couldn’t 
develop a new churn predictor. With above-mentioned attributes and changes to 
study the criteria of churn could help predict the risk of churn at a rather early stage. 
The increase number of attributes and apt data acquisition intervals through survey 
could be an approach for future to predict better models of churn. Also, various 
churn predictive models could be analyzed using different data mining tools. 
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APPENDIX 
 

 
 

A1. Graph depicting Customers to Reasons for churn  
 

 
 
 
A2. Answers to Telecom survey 
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A3. Figure Depicting the tree for categorized reasons for churn from Telecom survey. 
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A4. Decision tree for surveyed data. 
 
 

 


