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Abstract
Customer attrition or Churn as it is popularly known in cellular 
industry is one of the major problems faced by the industry. Since 
it is often more expensive to acquire new customer than retaining 
one, timely prediction of customer churn will provide huge 
dividends in building appropriate customer retention programs 
thus prompting for a churn prediction model. Most of the churn 
prediction models proposed in the past tends to classify a customer 
strictly, as ‘Churner’ or ‘Non-Churner’, which is not appropriate 
since customer behavior are often fuzzy. To address the problem 
of fuzziness of a customer, a fuzzy approach is proposed. The 
proposed approach calculates the ‘Churn Index Score’ of each 
customer that reflects the degree of likelihood of churn of that 
customer. Based on the Churn Index Score, the customers can be 
targeted for retention programs. The performance of the model 
was tested on customer data and the results are encouraging, based 
on cumulative gains and lift chart.
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I. Introduction
The mobile communications industry is one of the rapidly growing 
industries with huge customer base. Competition is very high, 
where many players have emerged each promising and luring the 
subscribers with tempting offers. Brand image, attractive tariff 
options, signal strength or billing disputes with the present vendor 
are some of the reasons that are attributed for a subscriber to move 
away from the service provider, which is popularly termed as 
customer churn. With more options to choose from, subscribers 
can flex their purchasing power. If a service provider does not 
anticipate the market needs and henceforth improve the services, 
it is more likely for a customer to leave the service provider.
Even though the telecommunication market is almost saturated, 
we still find new players entering into the competition, making 
customer churn as a significant problem. This situation calls for 
an effective churn management program that can identify the 
customers who are likely to churn and provide suitable incentives 
to retain them. A prediction model is thus required that not only 
identifies the customer who is likely to churn but also the degree 
to which he/she is likely to churn. This degree of likelihood of 
churn which is referred to as customer’s ‘Churn Index Score’, will 
help in targeting the right customer at the right time. 
Past studies shows that data mining techniques were extensively 
used in building prediction models that predicts a customer as 
‘churner’ or ‘non-churner’.  However, some fuzziness exists with 
the human nature where a man/woman may not strictly belong to a 
particular behavioral group. He/she may exhibit the characteristics 
of different behavioral group to some extent. Similarly, a customer 
cannot be classified strictly as ‘churner’ or ‘non-churner’. A 
customer can exhibit the characteristics of both churner and non-
churner to some extent. The present study thus proposes a fuzzy 
approach in churn prediction. The next section deals with the 
work carried out by the researchers in this area.

II. Related Work
Past studies indicate that the researchers in the area of Customer 
Relationship Management have successfully used data mining 
methods. Researchers are coming up with new and effective churn 
prediction models. These models are categorized into supervised 
and unsupervised models.
Supervised models require large number of pre-labeled historic 
data as training set to build the model. The model once built is 
used to predict the new unlabeled customer as churner or non-
churner. 
Kitayama et al., [1] used a decision tree based approach to propose 
a model for customer profile analysis. The customer data was 
segmented into preferred and regular groups. Decision tree was 
then applied to these segments to determine the necessary measures 
to take to prevent customers from switching to new companies. 
Even Hwang et al., [2] used decision tree for churn prediction. 
C4.5 algorithm is a popular decision tree induction method that 
was used by Ng and Liu [3] for churn prediction. Datta et al., [4] 
developed a model called CHAMP (Churn Analysis Modelling and 
Prediction) to predict customer churn in the telecommunications 
industry. 
Rust and Zahorik., [5] used logistic function to link satisfaction 
with customer retention. Kim and Yoon, [6] developed a logit 
model to determine subscriber churn in the telecommunications 
industry, based on discrete choice theory. Verbeke et al., [7] 
proposed two advanced rule induction techniques. One was based 
on the concept of ‘Ant Colony Optimization’ and the other one 
used non-linear support vector machine. Nath [8] addressed the 
problem of customer churn by using Naïve Bayes algorithm with 
Oracle 9i data mining (ODM).
Apart from churn prediction in telecomm industry, researchers 
also studied churn prediction in other sectors as well. Mutanen 
[9] studied churn prediction in retail bank by applying logistic 
regression and used lift curve to assess the effectiveness of the 
model.  The study also indicated that the user should update the 
model to be able to produce predictions with high accuracy. 
Similarly Farquad et al., [10] studied churn prediction in bank 
credit in which they proposed a hybrid approach to extract rules 
from SVM to help in the CRM process.
Apart from supervised techniques, unsupervised techniques were 
also used as a part of hybrid model for churn prediction. Bose et 
al., [11] proposed a two-stage hybrid model with clustering and 
decision tree. The decision trees are used with boosting on two 
different datasets. The model was then evaluated in terms of top 
decile lift. Results indicate that the clustering improved the top 
decile lift when compared to benchmark case with no clustering. 
Chu et al., [12] applied the hierarchical SOM clustering technique 
to cluster churners. However, custering was performed after the 
prediction was made by the decision tree. 
A very little work has been done in the area of soft computing 
methods. Soft computing methods such as fuzzy logic, neural 
networks and genetic algorithms provide human like reasoning 
by taking care of uncertainty and imprecision. A recent work in 
this area includes that of Abbasimehr et al., [13] who devised a 
new algorithm based on neuro-fuzzy technique to identify the 
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high valued customer by taking into consideration the social 
network based variables. Application of fuzzy approach in churn 
management is mostly been used in addressing or identifying the 
issues related to customer churn [14-15]. 

III. Methodology
Fuzzy logic is based on the concept that an object need not belong 
to a single set but can belong to different sets with some degree 
of membership between ‘0’ and ‘1’. Since some fuzziness exists 
in a customer, fuzzy logic is used as the technique for not only 
identifying customer churn but even the degree of likelihood of the 
customer churning. To calculate the degree of likelihood of churn 
of a customer one must understand the behavioral characteristics 
of a churner and a non-churner. Such understanding can easily be 
derived when the customers are naturally grouped based on their 
characteristics using clustering techniques. 
Clustering is an unsupervised technique which does not require 
any labeled examples. However, a dataset can be clustered in 
different ways based on the context or purpose. A customer dataset 
can be clustered based on their spending patterns or habits, their 
location or ethnicity or it may be clustered based on their living 
styles. Since the context of the clustering in this case is to group 
the customers based on their likelihood of churning, it is proposed 
to use data of customers who are already known to churn (labeled 
examples) to guide the clustering process. Such clustering that 
uses labeled examples to form clusters is referred to as supervised 
clustering.

A. Formation of Supervised Clusters
When it comes to unsupervised or natural clustering, K-means is 
a popular algorithm that partitions a dataset into k clusters, locally 
minimizing the average squared distance between the data points 
and cluster centers. 
Given a set of data points X={x1, x2,…, xN}, xi  Rd and objective 
function Φ = 2, K-means algorithm creates K 
partitioning of X  and  set of centroids C = {µ1, …, µK} that 
minimizes the objective function. 
It uses Euclidean distance metric to find the distance between two 
data points. The equation is given in 1. 

d(i,j) =    (1) 
where i= (xi1, x12,…, xip) and j=(xj1, xj2,…, xjp)
For unsupervised clustering, Equation (1) is an efficient distance 
metric where all the variables are considered equally important in 
forming the clusters. However, to create clusters that can group 
the data based as churners or non-churners, only relevant variables 
need to be considered. Some weights can be given to the variables 
to show their significance. The relative significance of different 
variables will contribute to the distance function. This is termed 
as weighted distance metric. A weighted Euclidean distance metric 
is given in equation (2). 

δw (xi, xj) =    (2)
where wm indicates the weight of the variable. If the significance 
of the variable is more, its weight will be more. 
In the literature many different approaches were proposed for 
measuring weights such as using weights based on what is judged 
as important by researchers’ understanding of the data or using 
information gain to give weights to the variables [11]. Most of 
the research studies show that the researcher starts with some 
initial value for weight and then iteratively modifies the weight in 

accordance with the fitness function defined for the cluster. Eick 
et al [12] used average distance between majority class examples 
and overall examples as the measure for weight determination and 
fitness function. Harbi and Smith [13] suggest simulated annealing 
to determine the appropriate set of weights. 
All these approaches initially start with a guess/random weights 
and proceeds further to determine the more acceptable weights. 
Instead of starting with some arbitrary values, the model uses 
discriminant analysis function to derive the initial weights of the 
variables.
Discriminant analysis is a dimensional reduction technique which 
can be used to find the predictors that can discriminate between 
groups. Discriminant analysis linear equation:
D=V1X1 + V2X2 + ….. + ViXi + a   (3)

Where
D=Discriminant Function
V= the discriminant coefficient or weight of that variable
X= respondent’s score for that variable
a = a constant
i = the number of predictor variable

Good predictors will have large coefficients. Hence discriminant 
analysis not only determines the relevant variables but also reflects 
how relevant the variable is.
In the proposed model, the values of the variables are normalized 
with Z-scores to perform discriminant analysis and standardized 
coefficients thus obtained were considered as the discriminant 
coefficients. These coefficients were considered as initial weights 
of the variable.
Labeled examples are used to find the discriminant functions and 
thus the initial weights of the variables. The labeled examples 
are clustered using K-means algorithm with weighted Euclidean 
metric as distance function. Each cluster is given a class label 
based on the majority labeled examples found in the cluster. The 
number of clusters is taken to be more than 2 (number of possible 
classes) to ensure intra class differences and the natural grouping 
or profiling within the same class examples. 
Cluster Purity (CP) is defined as the percentage of examples that 
are correctly classified to the respective cluster as indicated in 
equation (4). 

CP =  x 100 (4) 

For each variable, cluster purity without the variable is measured. 
This is done to see how much the variable is contributing to the 
cluster purity. If the new cluster purity is less than the initial cluster 
purity, it indicates that the absence of the variable has worsened 
the cluster purity and hence the variable is more significant, and 
thus its weight is increased. If the new cluster purity is more than 
the initial cluster purity, it indicates that the variable is not that 
relevant and thus is removed. The modified weights are normalized 
such that the sum of weights is 1. Once again, we run k-means with 
the modified weights and cluster purity is calculated. If there is 
improvement in the cluster purity, the new weights are accepted. 
The process continues until there is no change in the cluster purity. 
It thus follows a step wise refinement in weights. 
Weight modification is done by considering the amount of 
improvement obtained in the cluster purity with and without the 
variable as given in equation (5).

Winew =    (5)
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Once the final clusters and weights are defined, the percentage 
of churners compared with non-churners is calculated for each 
cluster. The churner percentage is taken as the churn propensity 
score of the cluster.

B. Fuzzy Clustering to Calculate Churn Score of the 
Customer
Given a set of data points X={x1, x2,…..,xn} where each xi is an 
n-dimensional point ie., xi={xi1, xi2,….,xin}.
A collection of fuzzy clusters C1, C2,…., Ck is a subset of all possible 
fuzzy subsets of X i.e., xi has varying degree of membership 
between 0 and 1 in each cluster Cj with following conditions:
1. All the weights for a given point, xi, add upto 1.

1
1

=∑
=

k

j
ijw  for each xi; where wij is the weight of data point in  

      
cluster j (Cj).
(ii). Each cluster Cj, contains with non zero weight at least one 
data point but does not contain, with weight of 1, all the points  
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=
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 < m     (6)
 
The fuzzy version of K- means algorithm is termed as fuzzy C 
means which is interpreted as attempting to minimize the Sum 
of Squared Error (SSE), although FCM is based on the fuzzy 
version of SSE.
Weights for a record ‘xi’ in a cluster ‘j’ is calculated as follows
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The weight wij, which indicates the degree of membership of a 
record xi in cluster Cj, should be relatively high if xi is closer to 
centroid cj and relatively low, if xi is far from centroid cj. 
For each customer ‘i’, Churn Index Score (CIS) is calculated as 
given in equation (9).

CIS =   (9)
The customers are then arranged in the decreasing order of Churn 
Index score and are contacted by the marketing department for 
promotional schemes.

C. Dataset
Customer dataset of a telecommunication service was obtained 
from Teradata Center of Customer Relation Management (CRM) 
at Fuqua School of Business at Duke University. 
The dataset consists of 62,860 records with 78 variables for 
subscriber usage statistics, personal data, credit rating, location, 
occupation, preferences, and communication with the retention 
team.
The data was divided into training set of 40,000 records and 
22,860 records of test set. The training dataset was balanced with 
oversampling and the test set was highly imbalanced with 97.4 % 
of the records belonging to non-churners class and 2.6% of the 
records belonging to churners class.

IV. Results 
The training dataset is clustered using the proposed supervised 
clustering method and the churn propensity score of each cluster 
is calculated. The membership degree of each customer record in 
the test set with each of the cluster is calculated as per equation 8 
and finally the churn index score for each customer was calculated. 
Once the churn index score of each customer was calculated, the 
customers were sorted in the decreasing order of their churn index 
score. This ensures that the customers with the highest churn index 
scores are targeted first. 
Given that the dataset is highly imbalanced and a marketing 
campaign programme usually targets a fraction of customer, the 
model is evaluated based on Cumulative gains and lift chart which 
are the visual aids for measuring model performance. Both charts 
consist of a lift curve and a baseline where lift is a measure of the 
effectiveness of a predictive model calculated as the ratio between 
the results obtained with and without the model. The greater the 
area between the lift curve and the baseline, the better the model. In 
Cumulative Gains Chart, y-axis shows the percentage of positive 
responses and x-axis shows the percentage of samples selected. 
The Baseline (overall response rate) is defined as “If we select X% 
of samples then we will receive X% of the total positive responses” 
and Lift Curve is a mapping between the percentage of positive 
responses as per the prediction model and the percent of samples 
contacted.
Since the customer base of a telecommunication company will 
usually be high, only a percentage of customers, often taken in 
terms of decile (10%) are targeted. Table 1 shows the percentage 
of churners identified in each decile where the customers are 
chosen based on the their churn index score. 

Table 1: Percentage of churners identified in each decile
% customers 
contacted

Actual No 
of churners

Cumulative no 
of churners

% of churners 
identified

10 216 216 36
20 56 272 45.33
30 54 326 54.33
40 57 383 63.83
50 54 437 72.83
60 47 484 80.66
70 38 522 87
80 33 555 92.5
90 21 576 96
100 24 600 100
Total 600

Based on Table 1, cumulative gains chart is generated which is 
shown in fig 1.

Fig. 1: Cumulative Gains Chart
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The detailed response decile analysis is shown in Table 2.

Table 2: Response Decile Analysis

Decile No. of 
customers

No. of 
churners

Decile 
response 
rate

Cumulative 
response 
rate

Cumulative 
lift

1 2286 216 9.44 9.44 361

2 2286 56 2.44 5.94 227

3 2286 54 2.36 4.75 181

4 2286 57 2.49 4.18 160

5 2286 54 2.36 3.82 146

6 2286 47 2.05 3.52 135

7 2286 38 1.66 3.26 125

8 2286 33 1.44 3.03 116

9 2286 21 0.91 2.79 107

10 2286 24 1.04 2.62 100

Total 22860 600    

Cumulative lift measures how much better one can expect to 
do with the model than without a model. A Cum Lift of 361 for 
the top decile means that when soliciting to the top 10% of the 
customers based on the model, one can expect 3.61 times the total 
number of responders found by randomly soliciting 10% of the 
customers. The Cum Lift of 227 for top two deciles, means that 
when soliciting to 20% of the customers based on the model, one 
can expect 2.27 times the total number of responders found by 
soliciting 20% of the customers without a model. Similarly for 
the remaining deciles. 
The lift chart is prepared for the given decile analysis

Fig. 2: Lift Chart

From the results, it can be established that the prediction model 
developed gives a better performance or response rate than 
contacting the customers without any model.

V. Conclusion
Customer churn is a problem which has a huge impact on the 
customer life time value and revenue generation. This holds very 
much true in saturated markets like telecommunications. Timely 
predictions of churn will the help the service provider to come up 
with retention strategies. But finding a fraction of customers from 
a large customer database is a tough task and hence marketing 
campaigns should be taken up for some percentage of customers 
usually segmented into 10 deciles of 10% each. The model was 

able to show that the probability of targeting the possible churners 
is more than targeting the customers in random fashion without 
any model. The top decile lift of the model is 3.61 which is quite 
encouraging. 
Further work must be carried out on to further improve the top 
decile lift. The model is further need to be tested on a larger and 
high dimensional dataset. The model which was developed for 
churn prediction can be generalized to cater to other needs of the 
business firm. Data can be segmented for customer profiling. It can 
be also be used to predict loan defaulters and credit card frauds.
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