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ABSTRACT 
 
 
 

Customer churn has always been a problem to be addressed by the telecommunication service 

providers. So far, work done in this regard was based on analyzing historical data of the customers by 

using different data mining techniques. Investigations based on individual user behavior with a motive 

of churn prediction are expected to give an idea about the user’s point view towards churn. Data 

volumes/data usage of the users is seen as parameter to assess the satisfaction of the users with the 

service. The subjective and objective behavior of the mobile phone users has been captured by 

collecting data about the data volumes/data usage for both Wi-Fi and mobile services along with their 

ratings of Quality of Experience (QoE). 

 

The Experience Sampling Method has been deployed to collect the user data. Android tool was used 

to collect weekly data volumes of the users. A questionnaire was prepared with questions regarding 

quality, annoyance and churn risk of the users. The questionnaire was used to collect the weekly 

opinions of the users on the service. A total of 22 users participated in the study, of which 3 persons 

churned to other service provider during the study. The data collected in the study was analyzed using 

averages, correlations and decision trees. Comparisons were made between Wi-Fi and mobile 

services, churners and non-churners/active users. A 2-fold churn prediction model was proposed based 

on conclusions of the study. 
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1 INTRODUCTION 
 
With the upsurge of various services and applications on the internet, surfing became one of 
the main income sources for internet service providers (ISPs). ISPs optimize Quality of 
Service (QoS) parameters in the interest of increasing users’ experience so that they use 
more services and retain them as loyal customers. But only QoS parameters like loss, delay 
and jitter do not directly determine the feeling of users on the quality of a network. The users 
feeling is subjective and it depends on various factors, like the user’s expectation. The 
parameter that is currently in use to refer to users experience is Quality of Experience (QoE). 
ITU-T defined QoE as “the overall acceptability of an application or service, as perceived 
subjectively by the end users” [1].  
 
QoE has been so far studied using two important methods; the first one consists of asking for 
the rating of users about the service that they are using. In this method users are usually 
requested to express their opinion based on the mean opinion score. Since users are directly 
asked about their feeling, this method gives a fairly reliable outcome. The second method is 
performed through passive analysis of user’s traffic. This method is straightforward and 
doesn’t need a complicated experimental setup; consequently, it can be done frequently for 
the large number of applications that are released every time. But since the characteristics of 
traffic can also vary due to various reasons pertaining to the protocols interaction, a purely 
passive traffic analysis can result in a misleading outcome with regard to the QoE.  
 
Maintaining a good QoE is not the final target of ISPs, but rather motivating the users to use 
more services for longer time so as to increase the revenue of the ISP is the final goal. While 
there are many works on the relation between QoS and QoE, there are very few works on the 
relationship of QoE and session volume. The authors of [2] and [3] tried to analyze the 
relation between QoE and session volume. But in [2], the analysis was done only from 
passive traffic analysis perspective. In [3] the traffic analyzed was not taken from the same 
experimental set up which was used to collect the feeling of the users. 
 
With the ever growing global competition, companies active in different industries started to 
be concerned about losing their customers. With a churn rate of 30%, the 
telecommunications sector, finds its place at the top of the list. The telecommunications 
operators need to identify customers who are at risk of churning by implementing predictive 
models. The term churn refers to the change of the service provider, triggered by better rates 
or services or by the benefits offered at signup by a competitor company [22].  
 
With ever growing rise in the usage of mobile services, there has been a gigantic rise in the 
amount of customer data available with the service providers. This data records refer to the 
usage and billings details of the customers along with other subscription related details. Most 
of the churn prediction models that were developed so far made use of this huge chunks of 
data and was analyzed using different data mining techniques available in the market. One 
fact which should be accepted is that, the data that was used for the study has been historical 
data. Studies involving individual users, their opinions about the service and service usage 
behavior haven’t been done with respect to identifying potential churners. This is the 
motivation for the study of observing individual customers in a real time environment by 
collecting their opinions on QoE and also their usage behavior. After correlating QoS on 
network level with QoE, based on the formulation that “happy users use more surf” [3]. 
Hence the data usage of the mobile service usage has been taken up as the parameter to 
observe the user behavior. This parameter has been used to observe user satisfaction levels 
by correlating it with their QoE. Henceforth the effect of this parameter and QoE towards 
churning of a user was studied.  
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Since smartphone users tend to use both Wi-Fi and mobile data services to meet their 
internet needs, it was decided to analyze the difference in usage and QoE for both the 
networks.  
 

1.1 Problem Statement 
 
Customer churn has always been a problem to be addressed by the telecommunication 
service providers. Studies involving various churn prediction models using different data 
mining techniques have been done with not so beneficiary results. Not many approaches in 
such studies dealt directly with individual users in real time environment. With mobile 
phones becoming the major source of internet access for most of the users, data usage of the 
user has been seen as a parameter which is directly associated with consumer satisfaction 
[16]. This was supported by the conclusion of the paper [3]. Hence the problem of churn has 
been addressed in individual user perspective with emphasis on their data usage and QoE 
ratings. 

 
 

1.2 Aim and Objectives 
 
The aim of this thesis is to investigate and identify a potential relationship between data 
usage and QoE of users, in order to identify potential churners. The objectives of this thesis 
are as follows: 
 

 To collect mobile/Wi-Fi data usage volumes of the users using an Android based 
tool. 

 To collect user feedback about the service with the help of a questionnaire. 
 To estimate when and what frequency a user will be surveyed and data will be 

collected. 
 To analyze user behavior in different networks i.e. mobile and Wi-Fi both in terms 

of usage and QoE. 
 To correlate the data usage volumes with the user feedback. 
 To check the possibility of identifying potential churners with the available data.  

 

1.3 Research Questions 
 

A) How do the users’ weekly data usage and QoE vary for mobile and Wi-Fi networks? 
B) What is the correlation between users’ weekly mobile data usage and their feedback 

about the mobile service? 
C) In which ways do the ratings and data usage of churners differ from that of non-

churners? 
 

1.4 Methodology and Analysis. 
 
A set of 22 users belonging to different age groups, regions and service providers took part 
in the study. Experience Sampling Method (ESM) have been employed to collect user 
feedback about the service [13]. An Android-based tool namely Android Traffic Grapher 
(ATG) was installed and weekly data volumes have been collected. The feedback about the 
survey has been taken with the help of a questionnaire with a set of questions regarding 
quality of data service, user annoyance and their risk of churn. These questions were 
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answered on a scale of 1-5 for ease of analysis. The data collection process was done for a 
period of 4-8 weeks depending upon the users’ willingness to participate in the study. The 
sampling time of one week has been decided with the compromise between popular 
acceptance from the users and the requirement of having a lesser sample time than what was 
being used in adjoining theses (monthly data volumes). This data was analyzed using 
averages, correlations and decision tree analysis. 

  
1.5 Split of Work and Contribution 
 
With the scope of churn prediction being vast, three thesis topics were designed on the same 
platform. 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 perspective in 
analyzing the data. 
 
                                                    
 
 
 
                                                        
 
 
 Figure 1: Split of work. 
 
These are the three perspectives in which the theses on churn prediction analysis have been 
done. 
1)  Survey on Global scale by Mounika Reddy Chandiri [24]; 
2)  Churn prediction using Big Data analytics by Naren Naga Pavan Prithvi Tannedi [23]; 
3)  Android-based tool for weekly QoE polls and volume measurements by Hemanth Kumar 
Ravuri. 
 
The major contributions of the thesis are as follows: 

 A set 22 of users were convinced to participate in the study, where they were asked 
to share their opinions about the data services and also their weekly data volumes. 

 Three churners were found in the process. 
 An Android-based app was identified, tested and installed on user smart phones for 

collection of weekly data volumes. 
 A questionnaire was prepared with a set of questions prepared in such a way that the 

user satisfaction levels were assessed. 
 ESM was implemented to collect the data. 
 The data in the form of both user ratings and data volumes were analyzed. 
 Data volumes and user ratings of Wi-Fi and mobile networks were compared and 

clear conclusions were drawn. 
 Correlation and Decision tree analysis was done between user ratings and data 

volumes for mobile data service. 
 The data volumes and ratings of churners were compared using different analysis 

techniques. 
 A churn prediction model was proposed in the conclusion for further studies. 

 

Churn predictive 
heuristics from 
telecom operator 
and users’ 
perspective [24]. 

Customer churn 
prediction using 
Big Data 
Analytics [23]. 

Study of users’ data 
volume as a function of 
Quality of Experience 
for churn prediction 
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2 BACKGROUND 
 
This section presents the state of art done in the field of churn prediction and also 
summarizes the works in which data volumes and ESM have been used. This section also 
presents a brief overview of certain technical terms, which will be used in later sections. 

2.1 Related Work 
 
In a competitive telecommunications 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. Consequently, it has become 
crucial for Telecom providers to control churn- loss of customers switching from one 
provider to other. In this regard lot of work has been done in developing models for churn 
prediction using different data mining techniques. In order to predict the possible churners it 
is important to understand the individual users’ perception about service and their usage 
behavior.  Very little work has been done with respect to individual users and finding out or 
establishing a relationship between user’s opinion on the service (mobile/Wi-Fi) and their 
actual behavior (using the service). The increase or decrease in data usage of a user and its 
possible relationship with opinion of the user about the service has been tapped in this study. 
The final goal of the study is to investigate the possibility of, variations in data usage of a 
customer being a possible indicator of churn. This section presents the work done in this area 
of study till date. 
 
Though the problem of customer churn was addressed by many researchers using various 
data mining techniques like studies done in [6] [8] [10], still the problem was not addressed 
to the fullest. Each of the model and techniques involved had their own limitations or 
restrictions like the nature of data set [8], preprocessing and problem of class imbalance [4], 
missing values in the data-set [7], feature selection and involving derived variable [7] [5] etc. 
Other factors such as effect of social networks on churners were also considered in a study 
[9].  
 
In paper [19], mobile data usage of different age groups belonging to different regions and 
different time frames was analyzed. Interesting trend has been observed in daily usage 
pattern of mobile in various regions across the world. It was also observed that specific 
events such as Thanksgiving and holidays have significant effect on data usage. The average 
correlation coefficient between the daily data usage of all pairs of user groups was observed 
to be 0.95. Observing data usage patterns helped the authors to give certain suggestions 
regarding the innovative pricing and efficient use of resources. 
 
In paper [12], the relationship between users attributes and measured QoE, using 
crowdsourcing, was analyzed. An Android tool was developed and made to be installed in 
the smartphones of 44 Android users. The installed tool monitors the network performance 
by calculating throughput, data volumes and transfer time of each session. QoE was 
measured using the tool and each time the QoE was degraded, the user report about what 
happened during that time was monitored. These measurements were used to find out the 
factors affecting QoE degradation. QoE degradation rates for each hour of the day were 
calculated and were compared for different gender, occupations and age groups. Difference 
in QoE has been seen for same network quality. The differences in expectations of each user 
(depending on age, occupation etc.) from the network were seen as the reason. Since user 
contexts cannot be controlled the need for forming a monitor user population was explained. 
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In the work reported in [20], data belonging to calls, SMS and Internet usage has been 
collected from 140 people (70 students and 70 teachers). This was used to identify the 
identity of the user (teacher/student). Internet usage proved to be least accurate of the 3 
parameters in identifying the user while the data about calls proved to be the best. The 
possible reasons behind this were also presented with the help of a survey. 
 
Study [16] was done to investigate the factors affecting Mobile Data Service (MDS). The 
relationship between information quality and system quality with MDS was established 
using Partial Least Square (PLS) method on 478 responses from users of mobile services. 
Information quality refers to the quality of information like videos, browsing information 
etc. System quality refers to quality of infrastructure such as cellular phones, 
telecommunication channels etc. It was established using the study that information quality 
motivates the MDS and system quality demotivates the MDS. Increase in information quality 
increased the MDS and decrease in system quality decreased the MDS. But the vice versa 
didn’t find any significance. 
 
In the work reported in [18], the problem of QoE provisioning was studied by carrying out 
investigations about the QoE of popular mobile applications such as Facebook, browsing 
through Google Chrome, WhatsApp and Google Maps. Subjective lab tests were performed 
on these applications for various users using smart phones. The effect of access downlink 
bandwidth on these services was investigated in the study. Finally an overview on the QoE 
of different applications and services with different QoS requirements was presented for 
specific smart phone users’ case.  
 
Literature related to QoE was surveyed in paper [17], with focus on QoE modelling and 
measurements. Mobile QoE was the major area of the study. The challenges in QoE 
measurement of mobile networks were briefed with respect to fixed networks. Different QoE 
measurement mechanisms such as passive monitoring on the network side, crowd sourcing 
and drive testing were discussed. Current state of in the process of measuring QoE for 
mobile networks was presented. A briefing about a study that related webpage response time 
with QoE was given.  
 
In paper [3], Network level QoS was correlated with QoE provided by the users. Various 
traffic characteristics measured on an operational network were correlated with user 
experience measured on an experimental platform. The study tried to validate hoe and to 
what extent user session volumes are related to level of user satisfaction. An experimental 
test-bed was set up at BTH where parameters like loss, delay and bandwidth could be 
controlled between a server and client. Experiments were performed downloading a webpage 
containing an image. Users were asked to rate the service on the scale of 1-5. Successive 
packet loss intensities of 0%, 2%, 4%, 6%, 8% and 10% were introduced in the experiment. 
In the next part passive measurements were made on real-time user network. The qualitative 
comparison between QoE and user session volumes via throughput and loss ratio indicate 
growing session volumes with improved QoE. It can be simply said that happy users use 
more surf.  
 
In the work reported in [11], a study was made to check whether interruptions of TCP 
connections are related to bad network performance. Correlations were made between user-
induced interruptions of TCP connections and end-to-end performance metrics. The study 
was aimed at assessing the possibility of the network operator using their customer 
experience for network monitoring. It was concluded in the study that interruption of TCP 
connections are actually related to bad network performance.  
 
In paper [13], investigations were done to derive and improve understanding of users’ QoE 
for a set of widely used mobile applications. A four-week long study on 29 Android phone 
users was made, where QoE and underlying networks’ performance metrics were measured 
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user a combination of user, application and network data, on users’ phones. Experience 
Sampling Method (ESM) was used to interact with users directly. Finally factors influencing 
QoE such as application interface design, application performance, battery efficiency, phone 
features, application and connectivity cost etc. were presented.  
 
To the best of our knowledge no work was done to relate QoE and user data volumes with an 
objective of identifying potential churners. Works done in paper [3] where it was concluded 
that happy users use more surf and paper [16] where quality was correlated to 
increase/decrease in usage of MDS, strongly motivated this study. The study involved 
investigating subjective and objective behavior of the users with respect to their weekly data 
usage and their opinions about the service. 
 

2.2 Technical Background 
 
The following are the technical terms that have been used in the thesis, and it was thought 
that a brief description would help the user understand the proceedings easily. Other 
important terms were discussed as and when they were used in the thesis.  
 
MRTG: The Multi Router Traffic Grapher (MRTG) is a network monitoring tool which 
monitors SNMP network devices and generates graphs presenting the amount of traffic 
which passes through each interface of the device. It is written in Perl and works in various 
operating systems such as Linux, Windows etc. [26]. 
 
OpenNMS: Open Network Management Software (OpenNMS) is an enterprise-grade, 
integrated, open-source platform to build network monitoring solutions. It works towards 
accelerating time to production by supporting industry standard network management 
protocols, agents, and a programmable provisioning system. The OpenNMS community 
helps to produce interoperable network monitoring solutions [30]. 
 
RRD tool:  Round Robin Database (RRD) tool is an open source data logging and graphing 
system for time series data. It can be easily integrated in scripts such as Perl, Python etc. It is 
mainly useful in handling data such as number of octets that passed through an interface 
from various data sources. It helps the user log and analyze the data efficiently [28].  
 
Jrobin:  Jrobin is java implementation which is analogues to RRD. It follows same logic and 
uses similar data sources as RRD tool does. RRD tool has certain issues when used with 
Java. Hence when used in android based devices where Java comes handy, Jrobin was seen 
as good replacement to RRD tool [27].  
 
Jrobin-Inspector: This is a tool which comes with OpenNMs package which can be used to 
open and view the Jrobin database files. This tool has GUI which lets us look into the data 
stored in Jrobin files [25]. 
 
Decision Tree: Decision trees are one of the predictive approaches used extensively in data 
mining, where in a tree is used to explicitly represent decisions and decision making. The 
goal of a decision tree is to create a model that predicts the value of target variable based on 
input variables [23]. 
  
WEKA: The Waikato Environment for Knowledge Analysis (WEKA) is a free open source 
java based data mining software with a collection of various machine learning algorithms 
and classifiers determined for diverse data mining tasks. It contains tools for data pre-
processing, classification, regression, clustering, association and visualization [29]. 
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3 METHODOLOGY 
 
This chapter presents the methodology deployed for the study. Section 1.1 gives a Brief over 
view about Experience Sampling Method. Section 1.2 explains about the type of data that is 
being collected and about the tools involved in the process. Section 1.3 explains about the 
setup of the data collection process. 

3.1 Experience Sampling Method (ESM) 
 
The Experience Sampling Method (ESM) is a research method for studying user experience 
and situations. It consists of asking individuals to provide systematic self-reports of ongoing 
experiences at random/periodic occasions. This technique proved to be a reliable means of 
studying people’s experience across all parts of time, gender, and region. This is generally 
carried out by preparing a questionnaire with extensively prepared set of questions that will 
capture how situations and contexts affect people’s subjective behavior. Upon receipt of a 
random/periodic signal, participants respond to questions about their objective situation and 
their subjective state at that moment [14]. 
 
This method can be divided into three categories: interval dependent, where participants 
report at regular intervals; signal-dependent, where participants report when they receive a 
signal; and event-contingent, where participants report whenever a defined event occurs. 
This method is proved to be successful in integrating WLAN network monitoring to an 
event-based study [21]. In a study to derive and improve the understanding of users’ QoE for 
a set of widely used mobile applications in users’ natural environments and different daily 
contexts, ESM was employed to gather user’s QoE ratings at random times at a maximum of 
8-12 surveys per day [13]. 
 
Hence ESM was employed in this study to collect user feedback about the quality of mobile 
data service (both carrier and Wi-Fi) with help of a questionnaire prepared with questions 
about quality, annoyance, risk of churn. All the questions were asked to be answered on a 
scale from 1 to 5. It is important to decide a periodic interval or apply interval dependent 
ESM due to the fact that, had the feedback been collected only at the end of the observation 
period there is a chance of losing crucial data about churners (in case). Also if a small 
interval such as on hourly/daily basis was chosen, it would have annoyed the users with a 
flow of questions which would have affected the interest of users in participating in the 
study. The period of one week was selected by a compromise between willingness of the 
users to participate without any annoyance and to have a shorter time-scale compared to 
what is being used in adjoining studies, where monthly data volumes have been used.  
 
Interval driven ESM was used in the study with an interval of one week. Weekly data 
volume of the user was collected with the help of an Android based tool along with the 
feedback of the user on the mobile data service with help of questionnaire based on google 
forms. The study was carried for a period of 4-8 weeks depending upon the willingness of 
the user to participate in the study. The period was 4 weeks in case of only one user (The 
Happy user) while in other cases it was at least 5 weeks.  
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3.2 Investigated Data 
3.2.1 Data Volumes 

 
In order to collect data from the user, an Android based application called Android Traffic 
Grapher (ATG) was used. The application was developed by one Mr. Sasa D. Markovic in 
association with EUnet, which is one of leading service providers in Serbia, in the year 2011. 
 
The working of the tool is analogous to MRTG and Cacti, which are popular solutions for 
traffic monitoring on computers. It monitors both mobile and Wi-Fi interfaces and will 
create graphs with average bandwidth consumption and total amount of data transferred in 
both the directions. The background service of the application monitors the network traffic 
counters. The sampling time for reading counters can be changed. The smallest available 
interval is 30 seconds and least is 5 minutes. The sampling interval used in this study is 30 
seconds. The background service will be reading the counters continuously depending on the 
sample time and when the phone boots up, there is an option to start the service 
automatically. Similar to RRDTool, ATG uses its own RRD management library, Jrobin, a 
pure Java library, which was also created by the developer. The traffic data is updated in this 
Round-Robin-Database (RRD) files. One file per interface (mobile/Wi-Fi/Total) is created. 
The database never grows in size as the data gets aggregated for longer time spans. The 
smallest possible resolution is 2 minutes i.e. the data usage for every 2 minutes can be saved 
and this data is kept fresh for preceding 10 days in the database and the aggregation process 
starts from then on. When the data gets aggregated the resolution comes down to 10 minutes 
and then to 30 minutes. All this is done in the backend and the smallest time frame in which 
the aggregate is presented in the frontend is for past 2 hours. The data usage for every 2 
minute will be available in the database files (Jrobin).  
 
The major reasons for deploying this tool for data collection are: 
 

A) Distinguishes mobile and Wi-Fi data: some smart Android based handsets comes 
with a built in feature to monitor mobile/WiFi data usage or Total data usage in 
some cases. But all handsets may not necessarily have this feature which 
distinguishes mobile data from Wi-Fi data. This calls for the need of a specialized 
application for this purpose. 

B) Flexible sampling time (with respect to ESM): this application has an option to 
monitor and get aggregate data usage for different time frames i.e. (2, 4, 6, 8, 12, 18, 
and 24) hours, 2 days, 1 week, 1 month and 1 year. This gives a chance to change 
the sampling interval of the ESM based study at any point of time. It was 1 week in 
this study. 

C) Saves Storage Space: Since RRD database was used, the application doesn’t use up 
the storage of the handset there by reducing the chance of participants getting 
annoyed with the tool.  

 
Before the deployment of the application, it was tested for accuracy. The total usage value 
monitored by the tool and the total usage reported by the default application provided by the 
handset’s manufacturer were compared.  
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Screenshot 1 presents the values of Wi-Fi data usage on a mobile handset for a particular 
day, by both ATG and the feature provided by the manufacturer. As seen, the values present 
by ATG for input and output are 144.6MB and 4.8MB respectively and their total being 
149.4MB. The value presented by the default feature is “about” 148MB, which clearly 
shows that it is an approximate value and slight difference can be attributed to sensitivity of 
sliders seen in Figure 2 to fix the Date. Also the difference in sampling times of the tools can 
also show some impact. This sensitivity of sliders is also a reason why default feature was 
not used.  
 
 

                     
Figure 2. Screenshots of the Wireless (Wi-Fi) Data usage on Samsung Galaxy 
Nexus On Sep 7, 2016; as displayed by ATG and the feature provided by 
manufacturer respectively.                                                                                

 
Jrobin files were collected and stored from the user every week during the observation 
period. These files can be read with help of a software called Jrobin-Inspector which comes 
with OpenNMS package. In order maintain homogeneity among the usage time of users i.e. 
to collect exactly one week usage of the users the Jrobins files were used. The data from 
12.00 AM on Sunday to 12.00 AM on next Sunday is selected and totaled. Users were asked 
to rate the service during that one week period.  
 
 The Figures 2, 3, and 4 in Appendix shows the screenshots of database file opened in Jrobin-
Inspector. It shows the data volume usage for every two minutes. The data volume of the 
user from May 1st, Sunday 00:00:00 to May 8th, Sunday 00:00:00 via a screen shot showing 
usage during the week can be seen. 

3.2.2 Questionnaire 
 
The questionnaire was prepared using Google Forms, in such a way that it will capture the 
overall experience of the user about both mobile and Wi-Fi data services during the week. 
The Questions that were posed are mainly related to Quality, Annoyance and Churn Risk.  
 
The questionnaire starts with questions about general information of the user such as Name, 
age and present telecom service provide. The age is grouped in accordance with the 
questionnaire that was used in adjoining thesis into 6 classes i.e. (18-25), (25-35), (35-45), 
(45-55) and (55 and above). 
 
Next part of the questionnaire starts with the question about Quality. The question posed was 
“How was your mobile's internet quality in the past week?” The user was asked to rate the 
quality on a scale of 1 to 5, where 1 represents “bad” and 5 represents “excellent”. Next 
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question was about annoyance where the question was, “How annoyed were you with your 
mobile's internet service in the past week?” The user was asked to rate the annoyance on a 
scale of 1 to 5 where 1 represents “not at all annoyed” and 5 represents “very annoyed”. The 
final question was about churn risk where the question was, “Would these experiences drive 
you to change your mobile service provider??” The user was asked to answer on a scale of 1 
to 5 where, 1 represents “No, I would wait” and 5 represents “yes, for sure”. Finally the user 
was asked about problems with data services in past week with the question being, 
“Problems that you have faced frequently with your internet service in the past week? 
(Please select all that applies)”. The user was given the following options, “Waiting time and 
buffering”, “Insufficient speed”, “Too long connecting or loading time”. All the questions 
were asked in both the cases i.e. mobile and Wi-Fi. 
 
The question regarding annoyance was asked along with quality to check for their inter 
dependence. The question about churn was seen as the measure of tolerance of the customer 
to variations in quality and annoyance. The following link shows the questionnaire: 
https://docs.google.com/forms/d/e/1FAIpQLScyF2opzYP7MpCKZZ-ESJF-
Jewo8OZ64lQQ1V6PkHPyQ8XBxw/viewform. 
 

3.3 Setup  
 

A total of 22 Android mobile phone users participated in the study for a period of 5 to 8 
weeks. 
Depending upon their willingness to participate during the months of May, 2016 to July, 
2016. All the users were asked to install ATG to monitor their data usage. ESM was deployed 
to collect the data with a period of one week. During the end of every week users were asked 
to share their total data usage along with the RRD files. They were given the link of the 
questionnaire and were asked to answer it at the time of data collection. They were asked to 
give an overall view about the quality during that particular week. This is to avoid any kind of 
momentary annoyance during the time of answering the questionnaire due to bad internet. 
Once the Jrobin files were shared, they were asked to rate the service. Jrobin files were used 
to make sure that exactly one week usage was selected, totaled and used in the study.   
 

The following is the distribution of users based on various factors such as age, region and 
gender: 

 
A) Gender: There were 12 female users and 10 male users. 
B) Place: 13 users were residing in Sweden while 8 were in India and 1 was in 

USA during the observation period. 
C) Age: 18 users belonged to the age group 18-25; 3 from 35-45 and 1 was above 

55. 
 

The diversification of users into different categories was done to see the impact of such    
factors on the both objective behavior of the user (Data usage) and their QoE.   
 
  

https://docs.google.com/forms/d/e/1FAIpQLScyF2opzYP7MpCKZZ-ESJF-Jewo8OZ64lQQ1V6PkHPyQ8XBxw/viewform
https://docs.google.com/forms/d/e/1FAIpQLScyF2opzYP7MpCKZZ-ESJF-Jewo8OZ64lQQ1V6PkHPyQ8XBxw/viewform
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4 RESULTS 
 
This section presents the results obtained in the study, while a detailed analysis will be done 
in the next section. Subsection 4.1 presents about the information about users who took part 
in study and their classification. Subsection 4.2 describes the comparison of Wi-Fi with 
mobile data service. Section 4.3 gives comparison of churned users with active customers. 
Section 4.4 presents the results obtained when a decision tree was implemented on this data.  

4.1 Users 
 
A total of 22 users participated in the survey. All of them were Android users. The following 
table represents the number of weeks a user took part in the study. User Ids represent the IDs 
of the users presented in the final analysis table in Appendix. The variation in the number of  
 

Number of Weeks    Number of Users           User Ids 
           4               1                 22 
           5               6         2,5,11,17,19,20 
           6               8    4,8,9,10,12,14,16,21 
           7                 4            1,6,13,18 
           8               3               3,7,15 

            Table 1: Information about duration of user participation in the study. 
   
Weeks a user participated can be attributed to their willingness to participate in the study. 
User number 1, 2, 3 changed their mobile service provider during the study unexpectedly 
and hence are considered as Churners. The table 1 in the appendix is divided into 3 parts 
depending upon the type of user: Churner, Active and Happy. Active users are the users who 
didn’t change their service provider during the observation period. Happy user is a special 
case in active users whose QoE rating didn’t vary during the observation period and rated 
highest ratings (Happy). 

 
4.1.1 Churners 
 
Except user number 22, none of the users who took part in the study were bound to the 
service provider by a contract. This reiterates the fact that these users have all the possibility 
to churn if they are not happy with the service since they don’t have any time bound 
restriction. In the due course of the study there were 3 unexpected churners. The following 
table gives details about the churned users. 
 
 

  User ID       Gender       Country Service Provider        Age  
       1        female      Sweden       Telia        18-25 
       2        female        USA       AT&T        18-25 
       3        female        India       Airtel        18-25 

          Table 2: Basic information of the churners. 

 

From the table it can be seen that, all the three churned users were females within the age 
group of 18-25 years. Each user resided in a different country during the observation period. 
User 1 was in Sweden, User 2 was in USA and User 3 was in India. From Table 1, it can be 
seen that user 1 participated in the study for 7 weeks i.e. after 7 weeks of the study the user 
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churned to other service provider. In case of user 2 it is 5 weeks and it is 8 weeks in case of 
user 3. 

 

4.1.2 Active Users 
 
Active users are those users who didn’t change their service provider during the observation 
period. Of the 22 users, 19 users were active during the observation period. Of the 19 active 
users, 12 users were residing in Sweden, 7 were in India during the observation period. 
Further details about the users can be seen from table 1 in Appendix. 
 

4.1.3 Happy User 
 

Of the 19 active users, there was a special case of 1 user whose ratings on QoE didn’t change 
with respect to time. The following table gives details about the user ratings and Data 
volumes. 
 
User 
Id 

Age Week Service 
Provider 

Gen-
der 

Country Quality 
Rating 

Annoyance 
Rating 

Churn 
Risk 
Rating 

Data volume 
[Kb] 

22 35-
45 

    1 Telia Male Sweden 5 2 1 11974745 

      2    5 1 1 12378414 
      3    5 1 1 12248932 
      4    5 1 1 13486897 

         Table 3: Detailed information about the happy user. 
 
As seen in Table 1, this user participated in the study for 4 weeks. Table 3 shows the details 
of user along with his weekly ratings for quality, annoyance, churn risk and weekly data 
usage. This is considered as a special case because there is no significant change in the 
ratings of the user. Also the usage of the user was almost same during each week. Quality 
was rated to be excellent, annoyance was 2 during first week and no annoyance was seen 
later on. The user had no intention of churning during any point of time of the study. Also 
the usage of this user was observed to be the highest among all the users. Hence this user 
was considered as a happy user.  

4.2 Wi-Fi and Mobile Data Comparison 
 
Data has been collected on both Wi-Fi and Mobile Services. Out of the 22 users, one user 
from India, user number 17 doesn’t use Wi-Fi at all. Data of all the users is presented in the 
form of graphs. Both ratings and data volumes of users were averaged in order to compare 
Wi-Fi and Mobile services.  
 

      Service Quality Range  
(span of averages) 

Annoyance Range 
(span of averages) 

Churn Risk Range  
(span of averages) 

Mobile         3.00 - 5.00        1.25 - 3.43       1.00 - 2.75 
Wi-Fi         3.16 - 4.75        1.00 - 3.16       1.00 - 2.00 

Table 4: ranges of averages values for the three ratings in Mobile and Wi-Fi 
services. 

 
Table 4 presents the range of average values of each of the three parameters for both Wi-Fi 
and mobile services. In all the three cases best rating is seen in case of Wi-Fi (except quality) 
and least is seen in case of mobile service.   
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Average Quality rating (per week) is shown in Figure 3 for both Wi-Fi and mobile services 
for each user. The following values give the percentage of total users who rated one service 
better than the other. This can be comprehended clearly from Figure 7. 
 
Average Quality (mobile) > Average Quality (Wi-Fi) for 5 out of 21 users (23.8%) 
Average Quality (mobile) = Average Quality (Wi-Fi) for 1 out of 21 users (4.8%) 
Average Quality (mobile) < Average Quality (Wi-Fi) for 15 out of 21 users (71.6%) 
 
Comparison of Average annoyance ratings of the users (per week) for both mobile and Wi-Fi 
services are shown in Figure 4. It can be deduced from the graph that:  

 
Average Annoyance (mobile) > Average Annoyance (Wi-Fi) for 15 out of 21 users (71.4%) 
Average Annoyance (mobile) = Average Annoyance (Wi-Fi) for 3 out of 21 users (14.3%)     
Average Annoyance (mobile) < Average Annoyance (Wi-Fi) for 3 out of 21 users (14.3%) 

 
 
 

                            
                   Figure 3: Average quality rating of all the users (Mobile & Wi-Fi) 

 

                               
                Figure 4: Average annoyance rating of all the users (Mobile & Wi-Fi) 
  
Comparison of average churn risk rating (per week) of each user for both Wi-Fi and mobile 
services, is presented in Figure 5. It can be deduced from the graph that:  
 
Average Churn Risk (mobile) > Average Churn Risk (Wi-Fi) for 14 out of 21 users (66.66%) 
Average Churn Risk (mobile) = Average Churn Risk (Wi-Fi) for 4 out of 21 users (19.04%)     
Average Churn Risk (mobile) < Average Churn Risk (Wi-Fi) for 3 out of 21 users (14.3%) 
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Data volumes are presented in the form percentages due to the fact that each user had 
different scale of data usage. If the graph was presented with average values, it will be 
difficult to get the required message from the graph due to highly uneven bars for each user.    
 
This problem was rectified with the current form of graphs. Here, the percentage of Wi-Fi 
usage and Mobile service usage has been calculated out of the total data usage. This will 
normalize the graphs giving a clear picture of the dominant data service between Wi-Fi and 
Mobile services. Data volumes for both Wi-Fi and mobile service were not compared as 
averages but as percentage of their contribution to over usage. If average data volume of Wi-
Fi service for a user A is X and that of mobile service is Y, then the total usage of the user is 
X+Y. The percentage contribution of Wi-Fi can be calculated as [X/(X+Y)]*100 and it is 
[Y/(X+Y)]*100 for mobile. This was done since the average usage of all the users were not 
of same scale. There is variation to the factor of 50 in few cases. In order to normalize the 
graphs for the ease of analysis this method was used. This can be seen in Figure 6. 
 
 
 
 

 
            Figure 5: Average churn risk rating of all the users (Mobile & Wi-Fi) 
 

     
Figure 6: percentage contribution of Mobile & Wi-Fi services to total data 
usage of                     each user. 
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From Figure 6, it can deduced easily that Wi-Fi has been the highly dominant service which 
accounted to major share of data usage in all the user cases. In case of user 18, only Wi-Fi is 
seen but no mobile is visible due to scaling reasons. The mobile data usage is so small 
compared to Wi-Fi that it cannot be seen in the bar. It can be seen that only 3 users had 
mobile data usage share near to 40% while Wi-Fi service dominated clearly in all the other 
cases.  The average values of ratings of each user can be seen Table 1 in Appendix. 
 

4.3 Churners and Active users Comparison 
 
The data of churners and Active users have been compared in three ways. It was done by 
comparing averages, correlation coefficients and decision trees. The results obtained in these 
three cases are presented in the following sections. 
 

4.3.1 Averages 
 
The user ratings for quality, annoyance and churn risk were averaged across the weeks along 
with their weekly data volumes. These values of each user can be seen in Table 1 in the 
Appendix. The averages are calculated in the following way: 
 
Average (Quality/Annoyance/Churn Risk) = (Sum of the particular ratings presented by the 
user every week) / (Total number of weeks that user participated)  
Average data volumes are also calculated in the similar way. 
 
The ranges of these values have been presented in the Table 5 for ease of analysis.  
 
User Type Average Quality Average Annoyance  Average Churn Risk 
Churned         3.0-3.8       2.625-3.43        2.6-2.75 
Active        3.14-5.0        1.25-2.85         1-2.57 
     Table 5: Range of average rating ratings in churners and active users. 
 
From the range of values presented in Table 5, worst quality rating (3) is seen in case of 
churners and best quality rating (5) is seen case of active users. Similarly, peak value of 
annoyance is seen in case of churners (3.43) and least value of annoyance is seen case of 
active users (1.25). The most prominent result can be observed in case of churn risk where 
highest of rating were seen in case of churners and least churn risk is seen in case of active 
users. 
 

  
                 Figure 7: Average quality and churn risk ratings of each user. 
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Figure 7 depicts the average quality and churn risk of all the users. Clear dip in quality and 
rise in annoyance is observed in case of users 1 and 3 who are also churners. A case similar 
to this is observed in user 6 and this will be discussed in detail in further sections. Higher 
annoyance is seen in case of user 2 but also a better quality rating seen in case of this user 
who is also a churner. Annoyance was not considered in this graph due to an observation that 
average annoyance isn’t revealing much about churn since the higher values of annoyance 
were observed in case of both churners and active users where quality ratings were also high. 
It should not be forgotten that highest values were observed in case of churners as well, so 
this parameter can only be considered to certain extent. 
 
 
 

4.3.2 Correlation 
 
Correlation refers to a statistical method of establishing degree of linear relationship between 
two random variables. Two variables can be positively correlated or negatively correlated. 
Positive correlation simply indicates that a variable V1 increases with increase in variable 
V2 and vice versa. Ideal value for positive correlation is +1. Here positive sign indicates a 
positive correlation and how strong the correlation is indicated by the affinity of the value to 
ideal value. Negative correlation simply indicates that a variable V1 decreases with increase 
in variable V2 and vice versa. Ideal value for negative correlation is -1. Here negative sign 
indicates negative correlation and how strong the correlation is indicated by the affinity of 
the value to the ideal value. The value which is being considered here for correlation is 
called the correlation coefficient ‘r’. This can be calculated using the following formula [3]: 
 
                                    
                       

 

           
                                              Where, r = correlation coefficient 
                                         n = Number of pairs of variables (x,y) 
                  ∑  = sum of products of paired variables 
                                         ∑     = sum of x variable values 
                                         ∑     = sum of y variable values 
                                         ∑     = sum of squares of x variable values 
                                         ∑    = sum of squares of y variable values. 
  

This formula has been applied to different combination of variables, Quality (Q), Annoyance 
(A), Churn Risk (C), and Volumes (V) for each user. Correlation between Q-V, A-V, C-V, 
Q-C, A-C, and Q-A was done for all the users and the values are tabulated in Table 1 of 
appendix. For ease of analysis the range of values for churners and actives users are 
presented in the following Table 6. Values of individual users can be seen in Table 1 in 
Appendix. 
 
User type Q-V A-V C-V Q-C A-C Q-A 
Churned 0.72 to 0.9 -0.49 to  

-0.73 
-0.58 to  
-0.80 

-0.76 to  
-0.87 

0.42 to 0.94 -0.71 to  
-0.84 

Active 0.4 to 0.92 -0.42 to  
-0.93 

-0.38 to  
-0.99 

-0.26 to  
-0.98 

0.5 to 0.96 -0.45 to  
-0.96 

Table 6: Range of Correlation coefficients for different correlations performed 
between Q, V, A and C. 
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The sign of the values of the correlation coefficient in Table 6 indicates the type of 
correlation between the variables. There is clear trend seen with respect to the sign of values. 
There are variations seen in case of strength of correlation (value of correlation coefficient) 
from the table. This is discussed in more detail in later sections.  
 

4.4 Decision Trees 
 
The goal of 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 related to 
the user. Leaves represent class labels and branches represent conjunctions of features that 
lead to class labels. 
 
A decision tree is a tree like graph as seen in Figure 8. In this each internal node represents a 
test on an attribute, each branch represent the outcome of the test, and each leaf node 
represents a class label i.e. the decision taken after computing all the attributes or simply a 
set of possible answers. 
 
 

 
                                   Figure 8: A simple decision tree. 
 
 
A decision tree was implemented on the data with annoyance, quality and churn risk as 
churn indicators in order to identify the churned users, in the adjoining thesis [23].Since the 
data set was small complicated algorithms such as KNN, SVM or Random Forest were not 
used. Simple decision trees were obtained with different accuracies for each indicator, in 
churn prediction process. This has been tabulated in Table 7. 
 

Indicator Accuracy 
Quality 76.19% 
Annoyance 71.42% 
Churn Risk 95.23% 

           Table 7: Accuracy of each parameter in churner identification.  
 
 Weka tool has been used to implement the decision tree. J48 algorithm has been used to 
implement the tree. 10-fold cross-validation process was used by default to qualify the model 
i.e. to provide the level precision one can expect out of the application. The decision tree 
with highest accuracy is presented in section 5.4, Figure 12.  
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5 ANALYSIS AND DISCUSSION 
 
This section deals with analysis of the results presented in the preceding section. Section 5.1 
provides insights about different types of users in the study. Section 5.2 presents the analysis 
about comparing Wi-Fi and mobile data services. Section 5.3 presents analysis about 
comparison of Churners and Active users. Section 5.4 presents about decision tree analysis. 
 

5.1 Users 
 
Out of the 22 users who took part in the study, 3 users changed their mobile service provider 
(churned). In the remaining 19 users, 1 user was seen as a special case (happy user) since 
there was no change in the user ratings over the time. Mobile data usage was also in the same 
range with no significant change in the range of values. It was also considered as a special 
case because correlation analysis between parameters Q, A, C, V is not possible. That 
specific user was considered to be happy since the user rated the quality to be excellent, the 
annoyance to be least with least risk of churn. 
 
In case of churners, waiting time, buffering and insufficient speed are seen as major 
problems submitted during all the weeks by user number 3, who resided in India during 
observation period. The same reasons were seen in case of users 1 and 2 but not during all 
the weeks but towards the end of observation period.  
 

5.2 Wi-Fi and mobile service comparison 
 
Out of the 22 customers, 1 user (user number 17) didn’t use Wi-Fi during the observation 
period. From Table 4, it can be seen that except in case of quality where least and best 
quality rating are seen in case of mobile service; Wi-Fi service has been rated to be better 
than mobile service. Least annoyance (1) was seen in case of Wi-Fi and peak annoyance is 
seen in case of mobile service. Peak churn risk is seen in case of mobile service.  
 
When the average ratings for quality in case of mobile and Wi-Fi service were compared per 
user as seen in the Figure 3, majority of users (71.6%) rated Wi-Fi to better than Mobile in 
terms of average quality rating. 
 

 
Figure 9: Comparison of Wi-Fi and Mobile services based on ratings. 

 
When the individual ratings of users for average annoyance are considered (Figure 4), 
majority of users (71.4 %) were annoyed with mobile service. Similarly churn risk was also 
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observed to be high in case of mobile service (66.66%) than Wi-Fi (Figure 5). These 
percentages have been compared and depicted in Figure 9. It can be clearly seen that 
majority of users rated Wi-Fi better than Mobile. 
 
Correlation analysis was not done due to the fact that users need not necessarily use the same 
Wi-Fi all the time. Each place will be having different Wi-Fi service and hence user was 
asked to rate the best of the service in order to compare the impact of Wi-Fi and mobile 
services on their data usage. Also it was considered that the user cannot necessarily change 
the service provider in all the places where Wi-Fi was used. Hence correlating the values of 
ratings with data volumes is not expected to yield the required results. Hence only averages 
were compared just to see the difference in usage patterns and their opinions on these 
services. When users were asked about churn risk of Wi-Fi service they were asked to 
consider the service which can be changed by them (the one present at residence). 
 
It is evident from Figure 6 that Wi-Fi service contributes majorly to the total data usage of 
the users. It is only in 3 cases (user 3, 13 and 22) that mobile data contribution is near to 40% 
of total data usage of the users. This clearly shows that the service with better quality, lesser 
annoyance and lesser churn risk contributes to the major share of data usage of the user. It 
can also be understood that a mobile service, with the option that it can be changed by the 
users, exhibits a greater risk of churn. 

5.2.1 A Case Study 
 
The next section deals with identification of churners and comparison of churners with active 
users. A case study was presented in that section which deals with comparison of churner 
and an active user with behavior similar to that of a churner. Hence it was thought that it 
would be interesting to compare how ratings and data volumes varied over time for both user 
in case of Wi-Fi and mobile services. 
 
Figure 10 presents the comparison ratings and volumes for both mobile and Wi-Fi services 
of user 1 who is a churner and user 2(user id 6 Table 1 of appendix) who is an active user 
(since this user was also residing in the same country, belongs to the same age group and 
uses the mobile service provided by same Telecom provider and the average ratings and 
correlations followed a similar trend, refer Table 1 in Appendix). 
 
Quality: In case of user 1, quality ratings of Wi-Fi is clearly above the quality of mobile 
service during all the weeks of observation period. In the last three weeks, a clear fall in 
ratings for the mobile and rise in ratings for the Wi-Fi can be seen. Where as in case of user 
2, there are variations seen in quality ratings. It can be seen that the quality ratings during the 
last three weeks for Wi-Fi service are clearly above the ratings for mobile service. 
 
Annoyance: In case of user 1, annoyance ratings of mobile service are clearly above the 
annoyance ratings of Wi-Fi service during all the weeks of observation period. In case of 
user 2 variations can be seen during the initial weeks of study, but during the last 4 weeks of 
study, there is clear decline in annoyance ratings for Wi-Fi and rise in annoyance ratings for 
mobile service. 
 
Churn Risk: In case of user 1, churn risk ratings of mobile service are clearly above the 
churn risk ratings of Wi-Fi during all the weeks of observation period. But in case of user 2, 
variation can be seen during initial weeks but during last 4 weeks of the study, churn risk 
ratings for the mobile service are clearly above that of Wi-Fi ratings.  
 
It can also be observed that there is clear fall in churn risk during that time for Wi-Fi and rise 
In churn risk for mobile service can be seen. 
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Data Volumes: Data volumes for Wi-Fi are clearly above that of mobile service during all 
the weeks of observation period. During the initial weeks a parallel behavior is observed. 
 

 

 

 

 
Figure 10: Comparison of ratings and data volumes of user 1 (churner) and user 6 
(active) for both mobile and Wi-Fi services. 

 
Both mobile and data volumes followed the same trend during first 4 weeks. After 4 weeks a 
clear fall in the usage of mobile data and clear increase in the usage of Wi-Fi service is seen. 
In case of user 2, mobile data was seen to dominate the usage for initial 4 weeks and then a 
complimentary behavior is observed. With decrease in mobile data usage, Wi-Fi data usage 
increased. This is also in line with annoyance, quality and churn ratings of these services.  
 
From the above analysis it can be said that, in case of churner who is not satisfied with 
mobile service a clear dominance of Wi-Fi service can be seen. Especially during the last 
three weeks a clear decline in usage and quality of mobile service is complimented by clear 
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increase in usage and ratings of Wi-Fi. In case of active user, a clear complimentary behavior 
is visible. When the usage and ratings of one service fall, there is a rise in usage and ratings 
of the other service. 

    

5.3 Churners and active users comparison 
 

5.3.1 Averages 
 
The range of average values of ratings for churners and active users were tabulated in Table 
5. It can be clearly seen that the best quality rating is seen in the case of active users and the 
least quality rating is seen in churner’s case. Similarly peak annoyance is seen in the case of 
churners and least annoyance in case of active users. When it comes to churn risk, all three 
highest values were present in case of churners and least values in case of active users. This 
clearly shows that churn risk parameter is a better indicator of churn. As stated earlier this 
can be seen as a measure of tolerance of a user to varying quality and annoyance metrics.  
Higher rating for annoyance is seen few active users as well. Better quality rating is seen 
case of user 2 who is also a churner (refer Table 1 in appendix). Such discrepancies were not 
seen in case of churn risk ratings. 
 
In Figure 7, average quality and annoyance ratings of each user were plotted. In case of users 
1 and 3 a dip in the average quality rating and peak in the churn rating can be seen. When 
these to ratings converge, a churner is identified. But in case of user 2 who is also a churner, 
a higher value of quality rating is seen though the churn risk was also on the higher side.  But 
it can be comfortably said that a user has a high probability of being on the verge of churning 
if the average quality and churn risk ratings converge towards each other. 

5.3.1.1 A Case Study 
As specified above, a user can be identified as a potential churner if the average quality and 
churn risk rating converge towards each other. A case similar to above defined scenario can 
be seen in user 6 who is an active user during the observation period. Though average quality 
rating is less, still the annoyance was higher in case of actual churners. Let us compare the 
parameters Q, C, A, V for user 6 (since this user was also residing in the same country, 
belongs to the same age group and uses the mobile service provided by same Telecom 
provider, refer Table 1 in Appendix) with a churner such as user 1.  
 
Figure 11 represents the comparison of parameters Q, C, A, V for user 1 and user 6. In case 
of quality ratings, they do not show any strong trend in the initial week. Though they 
increase during the first week and decrease during the next three weeks, the values are not of 
same range. But in case of the churner (user 1), quality ratings are seen to be going down 
during the last three weeks (weeks 5-7). The quality ratings are observed to be increasing 
during that time for user 6. Annoyance of the churner is dominating that of the active user 
during most of the observation period and also a clear increase in the trend can be seen 
during the last three weeks. For user 6 annoyance ratings were seen to be decreasing during 
the last three weeks, but not to a very small value.  
 
In case of churn risk rating, both the users followed the same trend during first 4 weeks and 
then the churn risk of the churner went on to increase while that of user 6 was constant and 
decreased during last week. When data volumes of both the users are compared, there are 
highly significant variations in the usage of the churner, with a study decrease in the usage of 
during the last three weeks. The variations are not very significant in case of the active user 
with a slight increase in the data volumes. 
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        Figure 11:  Comparison of ratings and Data volume of user 1 and user 6.                                                                       

       
From the above comparison the last three weeks of the study period can be considered to be 
pivotal in decision making process of the churner where the trend was significantly different 
in case of the active user. Still the behavior of the user 6 was analogous to user 1 in cases 
such as quality and churn risk ratings during initial weeks. Hence this user can be seen as a 
user with more probability to churn compared to other users. 
 

5.3.2 Correlation Analysis 
 
As described in section 4.3.2, correlation analysis was done to identify the relationship 
between Quality (Q), Annoyance (A), Churn Risk (C), and Data Volume (V). As seen in the 
Table 6, correlation analysis was done between Q-V, A-V, C-V, Q-C, A-C and Q-A.   
 
The correlation analysis between Q-V, A-V, and C-V is done to establish a relationship 
between subjective feelings of the user about the mobile data service and the user’s objective 
behavior (data volumes). Correlation analysis between Q-C and A-C has been done to 
establish a relationship between the variable (C) which is seen as measure of tolerance of the 
user and Q, A which are seen as the factors affecting the tolerance of user. Correlation 
analysis is done between Q-A to check if they are dependent or the strength of dependence.  
 
User 
Type 

     Q-V     A-V     C-V     Q-C     A-C     Q-A 

Churner        +       -       -        -        +        - 
Active         +       -       -        -        +        - 

Table 8: Signs of correlation coefficients for analysis done between different 
parameters. 
 
There are two important aspects in correlation analysis. When a correlation coefficient is 
seen, it has a sign either positive or negative and the value. The sign of correlation 
coefficient gives the type of correlation either positive or negative. The value of correlation 
coefficient gives the strength of correlation i.e. it states how strongly the variables are 
correlated. Ideal values for positive and negative correlation are +1 and -1 respectively. The 
nearer the value of the coefficient to the ideal values the stronger will be the correlation. 
 
When Q and V are correlated irrespective of the type of user (churner/active) the sign was 
positive i.e. positive correlation. Hence it can be said that with the increase in the quality the 
data volumes also increases. From Table 6 it can be seen that, in case of churners the range 
of values was 0.72 to 0.9 and it was 0.4 to 0.92 in case of active users. A strong positive 
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correlation can be seen in case of churners, which reiterates the importance of quality 
parameter in order to identify potential churners. 
 
When A and V are correlated irrespective of the type of user the correlation was negative. 
Hence it can be said that, with increase in annoyance data volumes decreases. The range of 
values in case of churners was -0.49 to -0.73 and it was -0.42 to -0.93 for active users. The 
range of values is large and hence nothing can be deduced about the strength of correlation. 
 
When C and V are correlated irrespective of the type of user the correlation was negative. 
Hence it can be said that, with decrease in data volume, churn risk increases. The range of 
values in case churners was -0.58 to -0.80 and it was -0.38 to -0.99 for active users. 
Correlation between C and V is moderately strong in case of churners.  
 
When Q and C are correlated irrespective of the type of user the correlation was negative. 
Hence it can be said that, with decrease in quality, churn risk increases. The range of values 
in case churners was -0.76 to -0.87 and it was -0.26 to -0.98 for active users. Correlation 
between Q and C is strong in case of churners.  
 
When A and C are correlated irrespective of the type of user the correlation was positive. 
Hence it can be said that, with increase in annoyance, churn risk increases. The range of 
values in case churners was 0.42 to 0.94 and it was 0.5 to 0.96 for active users. Since the 
range of values is large in both the cases, no strong deduction can be made about strength of 
correlation. 
 
When Q and A are correlated irrespective of the type of user the correlation was negative. 
Hence it can be said that, with decrease in quality, annoyance increases. The range of values 
in case churners was -0.71 to -0.84 and it was -0.45 to -0.96 for active users. Correlation 
between Q and A is strong in case of churners. 
 
When correlation was made between Quality and Volume, Annoyance and Volume, Churn 
Risk and Volume it is seen that a strong correlation can be seen in case of Quality and 
Volume; also Churn Risk and Volume, for churners. This shows that variations in data 
volumes over time (weekly) has a strong relationship with quality and churn risk, which was 
seen and explained with averages in Figure 7. It can be stated that as quality decreases data 
volumes decrease thereby increasing churn risk. 
 
When correlation was made between Quality and Churn Risk and Annoyance and Churn 
Risk, strong negative correlation was seen in case of Quality and Churn Risk for churners. 
When correlation was made between Annoyance and Churn Risk, positive correlations was 
seen but a strong statement about strength of correlation can be made. As it was stated earlier 
that churn risk can be seen as a measure of tolerance of the user to changes in quality and 
corresponding annoyance, the effect of quality on tolerance is seen to be more significant 
than annoyance in order to identify a potential churner. 
 

5.4 Decision Tree analysis 
 
 
When a decision tree analysis was run on the data in order to identify the churned users in 
the co-thesis [23], by giving Annoyance, Quality and Churn Risk as attributes to make a 
decision, the accuracy of each parameter in churner identification was shown in Table 7. 
 
From Table 7, it can be seen that the churn risk rating was highly accurate (95.2%) followed 
by quality rating (76.2%) and finally annoyance (71.42%). As seen in the case of analysis 
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based on averages (Figure 7) and correlation analysis, the churn risk rating forms the crux in 
churner identification process along with the quality rating. 
 
From Table 9, the confusion matrix for the decision tree, the rightly classified cases can be 
Seen. The matrix can be understood in the following way. Out of the 3 actual churners, all 
the three were predicted to churn. Out of the 3 churners none (0) were predicted to be active. 
Out of the one 18 active users (excluding Happy user), 1 was predicted to be churner. This 
person can be a possible churner. Out of 18 active users, 17 users were predicted to be 
active.  

   
Figure 12: A screenshot a decision tree in Weka (churn risk). 

 
 Predicted Churn Predicted Active 
Actual Churn 3 0 
Actual Active 1 17 

   Table 9: Confusion Matrix for the decision tree. 
 
Figure 12 shows the screenshot of a simple decision tree obtained from the data when churn 
risk (average) was used as an attribute to identify the churner. From the tree it can be seen 
the classification of churners and active users was done in such a way that only the average 
churn risk rating value greater than 2.57 is considered as churner. The range of average 
churn risk as seen in Table 5 is (2.6-2.75). The threshold value of 2.57 is very near to the 
lower bound of the range showing that churn risk rating is very sensitive i.e. slightest of the 
changes shouldn’t be ignored. It shows that user tolerance is very sensitive and it can make a 
decision between a churner and active user with very small change in the value. 

5.5 Answers to research questions 
 

1) How does the users’ weekly data usage and QoE vary for mobile and Wi-Fi 
networks? 

In order to observe how the weekly data usage and QoE varied a case study was made in 
section 5.2.1. From the analysis it was seen that, in case of churner who is not satisfied with 
mobile service, a clear domination of Wi-Fi service is seen both in ratings and data volumes. 
During the last 3 weeks a complimentary behavior was observed i.e. with clear fall in data 
usage and ratings of the mobile service, a clear rise in ratings and data usage of Wi-Fi 
service is observed. In case of the active user, a complimentary behavior is observed such 
that if ratings and usage of one service falls there was a growth observed in ratings and usage 
of other service over time. 
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When a more generalized study was made, the results of this study were presented in Section 
4.2 and were analyzed in Section 5.2. From the investigations and analysis it can be said that 
Wi-Fi has been rated as a better service between Wi-Fi and mobile services, by the majority 
of users. On an average, 71.6% users rated Wi-Fi to be having better quality than mobile data 
service. 71.4% users rated mobile service to be more annoying than Wi-Fi. 66.7% had higher 
risk of churning in mobile than Wi-Fi.   When average data volumes are compared, Wi-Fi 
contributed to major part of total data usage, where only in 3 cases it was observed that 
mobile data accounted for nearly 40% of total usage. This can be clearly seen from figure 4. 
This shows that majority of the users are more satisfied with Wi-Fi than mobile network. 
This further supports the chances of churn in mobile services which is more volatile as 
compared to Wi-Fi service. 

 
2) What is the correlation between users’ weekly mobile data usage and their feedback 

about the mobile service? 
 

The results of correlation between weekly mobile data usage and their feedback were 
presented in Section 4.3.2 and were analyzed in Section 5.3.2. Three parameters were 
considered while taking user feedback i.e. quality (Q), annoyance (A) and churn risk (C). 
When they are correlated with data volumes (V) the following results are obtained: 
 
Correlation between quality and data volumes is observed to be positive, annoyance and data 
volumes is observed to be negative and churn risk and data volumes is observed to be 
negative.From the above findings, the following are the confirmed trends through 
correlations: As quality increases, the data volumes also increases, while annoyance and 
churn risk decrease. 

 
3) In which ways do the ratings and data usage of churners differ from that of non-

churners? 
 

The results for this study were presented in Section 4.3 and analyzed in Section 5.3. When 
range average values are considered, as seen in Table 5, best value in the range is present in 
active users’ case and worst value is present in churners’ case. Though peak values of 
annoyance are seen in churners’ case’ values, with a similar range as the one seen in the 
active users’ case. When average quality and churn risk are plotted for all the users, the 
points where average quality and churn risk converge the most, and thus pointed out the 
churners.  

 
When correlation analysis for quality, annoyance and churn risk with data volumes was 
done, trends shown in answer to the research question 2 were observed. But also, a strong 
correlation (correlation coefficient) for correlation between quality and data volumes; churn 
risk and data volumes was observed in case of churners.   
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6 CONCLUSION AND FUTURE WORK 
 

6.1 Conclusion 
 
From the investigation done and analysis made in the study, a set of conclusions can be 
drawn. Firstly, Wi-Fi service satisfied the users better than mobile service. Wi-Fi service 
accounted for the major part of total data usage. It can be concluded that the risk of a user 
churning from a mobile service is very high compared to Wi-Fi service. The average quality 
and average churn risk parameters proved to be strong enough in identifying the churners. 
These findings have been reiterated with decision tree analysis. From correlation analysis it 
can be concluded that, as mobile quality increases, data volumes increases while annoyance 
and churn risk decreases. This trend has been stronger in case of churners when compared to 
active users. Since it was already stated that churn risk parameter should be seen as tolerance 
of the user to changes in quality and annoyance, using correlation analysis it was seen that 
the effect of quality is more significant on tolerance compared to annoyance. But the 
correlation was in the expected trend for both the cases.  It was seen that a strong trend is 
observed between correlation of quality and annoyance in case of churners. When a case of 
an active user who had trends similar to churner was studied with respect to a churner, it 
found that the major change between both the cases was in the last three weeks of the 
observation period. It was during these three weeks, that a significant degradation was 
observed in churner’s ratings, while they were constant or improving in case of active user. 
 

6.2 Future Work 
 
From the above discussion a two-fold churn prediction model can be developed. The model 
may function in the following way.  
 
In the first stage of the process, weekly data volumes of the users have to be monitored 
continuously. If a sudden fall in data volumes for more than three weeks is encountered then 
the user can be identified as a potential churner. In the next stage the user should be 
requested to rate the service in terms of quality, annoyance and churn risk on a daily basis. 
The data obtained in the second stage are daily user ratings for the service provided. The user 
ratings should be collected for a week, and the quality and churn risk parameters should be 
compared to identify if the customer is not happy. This 2-fold model developed from the 
study may identify a potential churner in one month. This model is expected to be best 
applicable for users who are not bound by any contract. For this model to be functional and 
tested specific set of users are to be identified with some willingness to churn in near future.  
 
As the study was restricted to Android users, it can be extended to other users such as IOS 
and Windows. There is a need for more samples to increase confidence in the quantitative 
results. This study can further be extended to contract-bound users for better understanding 
of the situation. 
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APPENDIX 
 
 

 
 

Table 1: Total Information about the users 
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In the above table: 
‘Corr’ - Refers to correlation between 
Q – Refers to quality rating 
C – Refers to churn rating 
A – Refers to annoyance rating 
V – Refers to data volumes (Kb) 
Avg – Refers to average 
R2 value is taken from the regression analysis done. Nothing significant has been inferred 
from it. ‘Exp’ refers to the exponential curve and ‘lin’ refers to linear. 
Fields highlighted in “red” indicate churned users 
Fields highlighted in “green” indicate active users 
Fields highlighted in “yellow” indicates happy user 
 
The fields highlighted in light grey color to the right indicate the values for Wi-Fi service. 
 
 

 
 
Figure 2: Screenshot in Jrobin inspector (starting of the week). 
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Figure 3: Screenshot in Jrobin inspector (between the week). 
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Figure 3: Screenshot in Jrobin inspector (end of the week). 

 
Figures 2, 3, and 4 shows the screen shots of the data in Jrobin files of a user between 1st 
May 12:00 AM and 8th May 12:00 AM. 

 
 


