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Abstract—Customer churn analysis and prediction in
telecom sector is an issue now a days because it's very
important for telecommunication industries to
analyze behaviors of various customer to predict
which customers are about to leave the subscription
from telecom company. So data mining techniques
and algorithm plays an important role for companies
in today’s commercial conditions because gaining a
new customer’s cost is more than retaining the
existing ones. In this paper we can focuses on decision
tree techniques such as CART and Random Forest for
predicting customer churn through which we can
build the classification models and also compare the
performance of these models with logistic regression
model.
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l. INTRODUCTION

In today’s technological conditions, new data are being
produced by different sources in many sectors. However,
it is not possible to extract the useful information hidden
in these data sets, unless they are processed properly. In
order to find out these hidden information, various
analyses should be performed using data mining, which
consists of numerous methods.[6]

The Churn Analysis [4] aims to predict
customers who are going to stop using a product or
service among the customers. And, the customer churn
analysis is a data mining based work that will extract
these possibilities. Today’s competitive conditions led to
numerous companies selling the same product at quite a
similar service and product quality.
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With the Churn Analysis[7], it is possible to
precisely predict the customers who are going to stop
using services or products by assigning a probability to
each customer. This analysis can be performed according
to customer segments and amount of loss (monetary
equivalent). Following these analyses, communication
with the customers can be improved in order to persuade
the customers and increase customer loyalty. Effective
marketing campaigns for target customers can be created
by calculating the churn rate or customer attrition. In this
way, profitability can be increased significantly or the
possible damage due to customer loss can be reduced at
the same rate . For example, if a service provider which
has a total of 2 million subscribers, gains 750,000 new
subscribers and losts 275,000 customers; churn rate is
calculated as 10%. The customer churn rate has a
significant effect on the financial market value of the
company. So most of the companies keep an eye on the
value of the customer at monthly or quarterly periods.

1. LITERATURE REVIEW
According to [1],With the development and
popularization of Internet technology, e-commerce
platform has provided satisfying products for customers
and cultivated customer loyalty. Nevertheless, the loss of
user is still a popular issue in business field and academic
field. Based on logistic regression model, this paper
established an e-commerce user churn prediction model
through preliminary research on e-commerce customer
churn behavior. By using the factor analysis method, the
user's online duration, number of logins, attentions, and
other user behavior factors were analyzed which
concludes the factor affecting the loss of users. Finally,
the empirical study proved that the proposed EBURM
model can predict user churn behavior in a high
confidence level. Through the construction of the
EBURM model to predict ecommerce user churn
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behavior, it helps e-commerce platform to formulate
operational strategy more precisely, provide users with
personalized recommendations, increase user activity,
retain users, and improve the economic effects of e-
commerce platform.

In [2], Since the beginning of data mining the discovery
of knowledge from the Databases has been carried out to
solve various problems and has helped the business come
up with practical solutions. Large companies are behind
improving revenue due to the increase loss in customers.
The process where one customer leaves one company and
joins another is called as churn. This paper will be
discussing how to predict the customers that might churn,
R package is being used to do the prediction. R package
helps represent large dataset churn in the form of graphs
which will help to depict the outcome in the form of
various data visualizations. Churn is a very important
area inwhich the telecom domain can make or lose their
customers and hence the business/industry spends a lot of
time doing predictions, which in turn helps to make the
necessary business conclusions. Churn can be avoided by
studying the past history of the customers. Logistic
Regression is been used to make necessary analysis. To
proceed with logistic regression we must first eliminate
the outliers that are present, this has be achieved by
cleaning the data (for redundancy, false data etc) and the
resultant has been populated into a prediction excel using
which the analysis has been performed.

According to [3] , A big problem that encounters
businesses, especially telecommunications business is
‘customer churn'; this occurs when a customer decides to
leave a company's landline business for another cable
competitor. Therefore, our aim beyond this study to build
a model that will predict churn customer through defining
the customer's precise behaviors and attributes. We will
use data mining techniques such as clustering,
classification and association rule. The accuracy and
preciseness of the technique used is so essential to the
success of any retention attempting. After all, if the
company is not aware of a customer who is about to
leave their business; no proper action can be taken by that
company towards that customer.

In the churn analysis paper [13], 4 different core
functions have been used in the Support Vector Machines
model and performances have been compared by using a
data set consisting of 3333 customer records with 21
variables provided by a telecommunications company.

And among these models, the one with the polynomial
core function has been reported to have the best result by
88.56%.

In paper [14] theydiscusses a homophily-based customer
churn analysis implementation, described as the tendency
of individuals to demonstrate similar behavior to those in
their social network environment, as well as investigating
the details of phone call records of individuals. They
have used a data set of 6 months’ call records of 1 million
customers with 111-variable including data such as
which customer had a conversation with whom, how
many times, and for how long, which is used to depict
their social network provided by a GSM operator. They
have stated that the test results of these combined factors
were more successful than of the individual test cases.
. PROBLEM DEFINITION

From the problems obligatory through market saturation
and value implications, there has been associate
identification of a desire for a computer based mostly
churn prediction methodology that's capable of accurately
distinctive a loss of client ahead, so proactive retention
ways is deployed during a bid to retain the client. The
churn prediction should be correct as a result of retention
ways is pricey. A limitation of current analysis is that
alternative studies have focused virtually solely on churn
capture, neglecting the problem of misclassification of
non-churn ~as churn. Retention campaigns usually
embrace creating service based mostly offers to
customers during a bid to retain them.

V. PROPOSED WORK

In the proposed system R [8] programming will be used
to build the model for churn prediction. It is widely used
among statisticians and data miners for developing
statistical software and data analysis. R is freely available
and a powerful statistical analysis tool which has not yet
been explored for building models for churn
prediction[3].
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Figurel. Churn Prediction Framework

In this paper, we proposed different decision tree
algorithms to analyze customer churn analysis. Through
which we can multiple different models are employed to
accurately predict those churn customers in the data set.
These models are CART and Random Forest.

Our Steps or Algorithm Steps will follow:
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.

Data Preparation

h

Data Preprocessing

¥
Data Extraction

h J

Decision

'

Figure 2. Analysis Steps

1. Dataset:- A telecom dataset is taken for predicting
churn which to identify trends in customer churn at a
telecom company and the data which we taken is in .csv
format. The data given to us contains 3333 observations
and 21 variables extracted from a datasets.

2. Data Preparation: Since the dataset acquired cannot be
applied directly to the churn prediction models, so we can
naming each attributes.

3. Data Preprocessing: Data preprocessing is the most
important phase in prediction models as the data consists
of ambiguities, errors, redundancy and transformation
which needs to be cleaned beforehand.

4. Data Extraction: The attributes are identified for
classifying process.

5. Decision: Based on data extraction and classification

models we can take a decision whether the employee is

churner or not.
V. EXPERIMENTAL & RESULT
ANALYSIS

All the experiments were performed using an i5-2410M
CPU @ 2.30 GHz processor and 4 GB of RAM running
Windows. After that we can install r base core on
windows and Rstudio and then to identify trends in
customer churn at a telecom company. The data given to
us contains 3,333 observations and 21 variables extracted
from a data warehouse. These variables are shown in
figure 2.

S.No. Attribute name
1 State

2 Account. Length
3 Area Code

4 Phone

5 Int 1 Plan

6 VMail.Plan

7 VMail Message
8 Day.Mins

9 Day.Calls

10 Day.Charge

11 Eve Mins

12 Eve Calls

13 Eve.Charge

14 Night Mins

15 Night Calls

16 Night Charge
17 Intl Mins

18 Intl Calls

19 Intl. Charge

20 CustServ.Calls
21 Churn.

Figure 3. Telecom dataset attribute

Than we build our classification model based on
classification and regression tree (CART) algorithm.So
the model first perform feature selection method in which
its select the best attributes which is used to create a
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decision tree. Figure 3 show the classification tree result.

mode
s(treemodel)

ary(treenodel)

1 <= tree{thurn, -, -State-phone, data =

Classification tree:
tree{formula = Churn, - ,
variables actually used in

- State - Phone, data = telacom)
tree construction:

[1] "oay.Mins "Custserv.calls" "int, l.Plan’ Eve,mins
[5] "wmail.Plan "intl.calls” "ntl.mins"
Number of terminal nodes: 12
Residual mean deviance: 0.3772 = 1253 3
3333

misclassification error rate: 0.05911 = 197

Figure 4. Classification tree

In figure 3 we get the classification tree result, in which
the model choose 7 variables which are actually used in
tree construction. These attribute selection is depend on
values contains by attributes because these values may be
continuous or categorical so the attribute selection
method calculate the gini index of these attributes and
select the best attributes through which we can construct
the decision tree. Then we use the plot function and plot
the classification decision tree which is shown in figure
4.

Figure 5. Decision tree
Based on the decision tree the model predicts the
outcomes in two category false (non churn) or true
(churn). So we can compare the predicted outcomes to
the actual outcomes and the outcomes are shown in

figure 5.
Console
! e ik I B L e P
Actual
Predicted False. True.
False. 2811 158
True. 39 325
-

= Accuracy <- print({cm[2,2]+cm[1,1])/sum{cm) * 100)
[1] 94.08941

>

= sensitivity<—print{cm[2,2]/(cm[2,2]+cm[1,2])*100)
[1] &7.2877

-

= Specificity<-print{cm[1,1]/(cm{1,1]+cm[2,1])=100)
[1] 98.63158

>

Figure 6. CART outcomes

In the output we can seen that there are predicted values
comes along with actual value, means in that we
predicted right that 2811 customers cannot churn, and we
predicted 325 peoples are churn. And based on the
confusion matrix we can calculate the performance
measure of CART model.

After computing performance of CART model we
explore an another decision tree based algorithm which is
random forest. The CART model predict the outcomes
based on the single tree whereas random forest takes
multiple recursive tree for predicting the outcomes. We
can train the random forest model by applying telecom
dataset to these model by providing 75% data for training
and 25% for testing , figure 6 shows the training steps for
random forest model.

Console =

> churnirainSrhone<-wi

Figure 7.Random forest classifier

After the model gets trained we can test the model on
testing dataset and the outcomes which we get are shown
in figure 7.

Conmoe
Referunce
Prediction False, True.

False E4.8 4.0

True. 1.0 10.3

Accuracy (Average) 0.9%

prede-predict {rimode], res
formats {x{pred, chuenTestiChy

confusion Matrix and statts

canf

heterence
Prediction False, True
False 00 L
e 12

948 1 ¢
NO Information Rate 0,
- NIm] @ L.

r-value

[acc

Kappa : 00,7451
-Valuw

09
Neg Prad valuw :
Fravalence :
Detection Rate :
Detection Prevalence

Balanced Accuracy

fosttive’ Class @

Figure 8. Random Forest outcomes
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CROSS-VALIDATION
Confusion Matrix

From the confusion matrix there are exactly 4 possible
outcomes from a binomial classifier model. The total
number of positive instances in the matrix is T = FP + TP
and the total number of negative instances is F = TN
+FN. The most common evaluation metrics are overall
accuracy, true positive rate and false positive rate.

Predicted classes

Class=Yes/+/ Chum Class=No/-/No-chum

Class=Yes/+/ Chum P FN
Actual classes (true positive)

P

(false negative)
Class=No/-/ No-churn N

(false positive) (true negative)

Accuracy= TP+TN/TOTAL
Sensitivity = TP/(TP+FN)
Specificity= TN/(TN+FP)

We can compute the classifier performance measure
which we get from confusion matrix and the measures of
CART and Random forest and compare the performance
of these models with Logistic regression model [1] and
the comparison result are shown in table-1.

Techniques Accuracy Specificity Sensitivity
LOGISTIC 93.60 96.03 9522
REGRESSION
CART 94.08 98.63 67.29
RANDOM FOREST 95.10 70.00 98.31

Table 1. Classification measures

When comparing these result into the above table it is
clear that we can the predicting churn is more accurate in
random forest because it gives 98.31% sensitivity. The
true positive rate known as the sensitivity or probability
of detection measures the proportion of positives that are
correctly identified as churn.

Models

B Logistic Regression & CART

S48
34 pis
o
n
"
Accuracy

Figure9. Accuracy Comparison

» Random Forest

Models

won W CART
9883

Sgecificity

® |ngstc Regras * Rwedam forest

100

o0

0

10

Figure 10. Specificity Comparison
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Figure 11. Sensitivity Comparison

VI. CONCLUSION

In order to retain existing customers, Telecom providers
need to know the reasons of churn, which can be realized
through the knowledge extracted from Telecom data.In
this paper, we builds a classifiers based on decision tree
techniques such as CART and Random Forest and
compare the performance with Logistic Regression
model. Based on the result we can say that random forest
perform better in customer churn prediction because it
has better sensitivity as compared to CART and Logistic
Regression models. Future work will be applying rules
based techniques on telecom datasets and compare the
results with some of the most commonly used techniques
in churn prediction as they are very suitable tools for data
mining applications.
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