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Abstract— In the modern society, mobile communication 

became the leading medium of communication. Now the 

public policies and standardization  of  mobile 

communication allows customers to switch from one 

service provider to another service provider easily. One of 

the most critical challenges in Data and Voice 

telecommunication  service industry is retaining 

customers. The cost of getting a new customer is greater 

than the cost of retaining an existing one. So service 

providers now shifted their focus from customer 

acquisition to customer retention. As a result, churn 

prediction has emerged as the most essential Business 

Intelligence (BI) application that aims to identify the 

customers who are about to transfer their service to a 

competitor i.e. to churn. In this paper, we proposed 

Counter Propagation Neural Networks (CPNN) and 

fuzzyARTMAP to predict customer churn and non-churn 

in telecommunication sector. The dataset analyzed is 

taken from Indian Telecommunication Service Industry. 

Keywords: Machine Learning, FuzzyArtMap, Counter 

Propagation Neural Network, churn and Non-Churn. 

Introduction 

 

Banks, telephone service companies and internet service 

providers, etc. often use customer churn analysis and rates 

which play a vital role in business metrics. Over the two 

decades, the customers of telecom service provider are 

increasing day by day. The service provider provides 

different services to customers through Mobiles, 

Landlines, Wireless Phones and Internet Leased Line. In 

the telecom industry, existing customers can choose any 

multiple service providers and also they can easily switch 

from one service provider to another service provider. In 

this competitive industry customers can demand products 

and services at lower prices while the service providers 

focus on the development of their business goals. The 

factors that influence occurring of customer churn are due 

to variation in prices, Lack of customer services, Billing 

errors, lack of connection capability, lack of network 

coverage, entering of new service providers and lack of 

technology. To overcome customer churn every industry 

should concentrate on the factors that influences customer 

churn. This paper describes about predicting of customer 

churn in telecommunication dataset. 

Customer churn is also known as customer attrition, 

customer defection, or customer turnover. Churn is 

defined as the loss of customers. There are two types of 

churns. One is voluntary churn and the other is 

involuntary churn. The decision taken by the customer to 

switch from one company to another company or service 

provider is called voluntary churn. Involuntary churn 

occurs due to circumstances such as a customer's 

relocation to a long-term care facility, death, or the 

relocation to a different location. Companies make a 

distinction between voluntary churn and involuntary 

churn. In most of the applications, involuntary reasons for 

churn are excluded from the analytical models. Analysts 

tend to concentrate on voluntary churn, because it 

typically occurs due to factors of the company-customer 

relationship which companies control, such as how billing 

interactions are handled or how after-sales help is 

provided i.e., better products, better delivery methods, 

lower prices, building satisfactory customer relationships, 

better marketing and, above all, successful customer 

communications. 

 
In this paper, we propose Counter Propagation Neural 

Network and fuzzyARTMAP to predict customer churn in 

the telecom sector and we collected data from Indian 

telecommunication sectors. 

 
The rest of the paper is organized in the following 

manner. A brief discussion about Literature Survey is 

presented in section II. Section III presents the overview 

of counter propagation neural network and 

fuzzyARTMAP techniques. Section IV presents a detailed 

discussion of the results and discussions. Finally, section 

V concludes the paper. 

 
Literature Survey 

 
In recent years, Customer churn becomes a focal concern 

in Indian telecommunication markets due to the saturated 

markets and competitive business environment. The 

customer churn is not limited to just telecommunication, 
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banking and financial industries but also prevalent in 

other service industries such as mobile 

telecommunication, television viewership, etc. We present 

a brief overview of the literature involving customer 

churn prediction in different domains as well as the 

applications of fuzzyARTMAP and counter propagation 

neural network (CPNN) in diverse areas of science and 

technology. Some of the works reviewed discuss various 

models developed for the problem, whereas some other 

discusses the managerial implications of churn problem. 

Abbasimehr et al. [1] employed C 4.5, Ripper and PART 

to predict the churning of customer. In their simulated 

results Ripper outperforms in terms of accuracy and 

comprehensibility. Hossein et al.[2] employed two ANFIS 

models including ANFIS-Subtractive (subtractive 

clustering based fuzzy inference system (FIS)) and 

ANFIS-FCM (fuzzy C-means (FCM) based FIS) models 

to analyze the performance in terms of accuracy, 

specificity and sensitivity of churn prediction 

applications. Kaur et al. [3] developed the churn 

generators to understand their churn generation trends, 

which will help the researchers in selecting appropriate 

churn generator for testing their overlay application in 

OverSim simulation environment. Zhang et al. [3] 

proposed a behavior-based telecom customer churn 

prediction system which uses only customer service usage 

information to predict customer churn using SOM 

clustering algorithm. Forhad et al. [4] employed 

unsupervised learning technique called Rule-based 

learning to predict whether a customer will churn in the 

near future or not using billing data of a telecom 

company. Qin et al. [5] introduced OLAP analytic 

process of some telecom churn customer. They have 

proven that because of the multidimensional characteristic 

of OLAP, it can provide users with a multi-perspective 

and multi-level description model. Zhang et al. [6] 

employed the prediction models that are built using 

machine learning algorithms. They use a customer data 

set of a Chinese mobile telecommunication. Three 

machine-learning methods are adopted including logistic 

regression (LR), decision tree (DT) and neural network 

(NN). The tool used for training the models was SAS 

Enterprise Miner and they measured the effects of 

network attributes on prediction accuracy. Pushpa et al. 

[7] proposed Telecom Social Network Analysis (TSNA) 

for identifying structural and behavioral patterns in 

systems based on the relations between customers. They 

have mined churners and non-churners communities by 

using Regular equivalence algorithm for multi-relational 

telecom network. Jinbo et al. [8] used the AdaBoost 

which is a main branch of boosting algorithms to predict 

the customer churn. They have implemented three 

different boosting schemes: Real AdaBoost, Gentle 

AdaBoost and Modest AdaBoost which applied to a credit 

debt customer database of an anonymous commercial 

bank in China, they are proven to significantly improve 

prediction accuracy comparing with other algorithms, like 

SVM. Qi et al. [9] proposed the TreeLogit model, which 

integrates the advantage of AD tree model and logistic 

regression model to improve the predictive accuracy and 

to interpret the ability of the churn prediction model. 

Salman et al. [10] employed multi-dimensional time 

based analytical approach to capture the churn happening 

any time in the life cycle of a subscriber and they 

employed Logistic Regression as a primary classification 

technique. 

Hung et al. (2006) employed decision tree and multilayer 

perceptron on a wireless telecom company customer data 

which included customer demographics, billing 

information, contract/service status and call detail records 

and service change log. Mutanen (2006) used logistic 

regression on personal retail banking to analyze the 

churning of customer. Neslin et al. (2006) applied logistic 

regression and decision trees, anonymous wireless 

telephone carrier data and they found that Logistic 

regression and decision tree provided good accuracy. Chu 

et al. (2007) developed a churn model in 

telecommunications data using decision tree and achieved 

an accuracy of 85%. Wezel and Potharst (2007) worked 

with real-life marketing datasets and developed a 

ensemble model consisting of decision trees and logistic 

regression and results obtained by them outperformed the 

decision tree and logistic regression. Kumar and Ravi 

(2008) conducted investigation on the credit card churn 

prediction problem in bank credit cards by presenting 

ensemble system with majority voting multilayer 

perceptron, logistic regression, decision tree (J48), 

random forest, radial basis function network and support 

vector machine and result obtained by them with a 

sensitivity of 92.37%. Most recently, Naveen et al. [11] 

employed fuzzyARTMAP to predict the customer in 

banking sectors by using a Latin-American bank dataset. 

 

Therefore, it is clear that fuzzyARTMAP and CPNN has 

not yet been applied to solve problems are 

telecommunications. This paper precisely addresses that 

gap. Secondly, application of fuzzyARTMAP marks the 

beginning of the application of a tightly coupled soft 

computing system to customer churn prediction problems 

concerning telecommunication sectors. Finally, the 

impact of feature selection on fuzzyARTMAP and CPNN 

in churn prediction is an area of active investigation. 

These points form the motivation for the present study. 

 

Methodology 

Counter Propagation Neural Network (CPNN) 

The Counter propagation Neural Networks (CPNN) were 

introduced by Hecht-Nielsen [12]. CPNN is a multilayer 

network based on the various combining structures of 

input, clustering and output layers. Counter propagation is 

http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors%3A.QT.Yongbin%20Zhang.QT.&searchWithin=p_Author_Ids%3A37538294800&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors%3A.QT.Hai-fei%20Qin.QT.&searchWithin=p_Author_Ids%3A37959996900&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors%3A.QT.Xiaohang%20Zhang.QT.&searchWithin=p_Author_Ids%3A37537453800&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors%3A.QT.Pushpa.QT.&newsearch=true
http://ieeexplore.ieee.org/search/searchresult.jsp?searchWithin=p_Authors%3A.QT.Shao%20Jinbo.QT.&newsearch=true
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a combination of two well-known algorithms: the self- 

organizing map of Kohonen and Grossberg out star. 

Counter propagation networks are trained in two stages: 

qij(new) = qij(old) + α (ai – qij(old)) 
= (1 – α) qij(old) + αai ; i=1 to n 

rkj(new) = rkj(old) + β (bk – rkj(old)); 
= (1 – β) rkj(old) + βbk ; k=1 to m 

Stage1: The input vectors are clustered based on 

Euclidean distances or dot product method. 

Stage2: The desired response is obtained by adopting the 

weights from the cluster units to the        output units. If 

the dot product method is adopted to compare vector 

pairs, normalization is must. Hence the Euclidean 

distance method is usually followed. 

 

 

Fig. 1Architecture of CPNN (with 3 units in all layers) 

 

CPNN functions in two modes: 

Normal mode: Here the input vector is accepted and 

output vector is produced. 

Training mode: Here the input vector is applied and the 

weights are adjusted to obtain desired output vector. 

The architecture of a counter propagation network is same 

as an instar and outstar model. CPNN has two input layers 

and two output layers with hidden layer common to the 

input and output layers. The model which connects the 

input layers to the hidden layers is called instar model and 

the model which connects the hidden layer to output layer 

is called Outstar model. The weights are updated in Instar 

and Outstar model. The Instar model performs the first 

phase of training and the Outstar model performs the 

second phase of training. 

Training Phases: 

First Phase: 

This phase of training is called as Instar modeled training. 

The active units here are the units in the a-input, c-cluster, 

b-input layers. The cluster unit does not assume any 

topology, but the winning unit is allowed to learn. This 

winning unit uses our standard Kohonen learning rule for 

its weight updating. 

 

The rule is as follows 

Second Phase: 

In this, we can find only the J unit remaining active in the 

cluster layer. The weights from the winning cluster unit J 

to the output units are adjusted, so that the vector of 

activation of units in the y output layer, y
*
, is an 

approximation of input vector y and x
*
 is an 

approximation of input vector x. This phase is called as 

outstar modeled training. The weight updation is done by 

the Grossberg learning rule, which is used only for outstar 

learning. In outstar learning, no competition is assumed 

among the units, and the learning occurs for all units in a 

particular layer. 

The weight updating rule is as follows, 

tjk(new) = tjk(old) + x (bk – ujk(old)) 

= (1 – x) tjk(old) + xbk ; k=1 to m 

sji(new) = sji(old) + y(ai – sji(old)) 

= (1-y) sji(old) + yai;   i=1 to n 

Training Algorithm 

The parameters used are 

a - Input training vector a = (a1….ai…an) 

b - Target output vector b = (b….bk…bm) 

cj - activation of cluster unit Cj. 

a
*
 - approximation to vector a. 

b* - approximation to vector b. 

qij – weight from x input layer to C-cluster layer. 

rjk – weight from y input layer to C-cluster layer. 

sji – weight from cluster layer to a-output layer. 

tjk – weight from cluster layer to b-output layer. 

α, β – learning rates during Kohonen learning. 

x, y – learning rates during Grossberg learning. 

Step 1: Initialize the weights, learning rates etc. 

Step 2: While stopping condition for phase 1 training is 

false, perform Step 3-8 

Step 3: For each training input pair a:b, do Steps 4-6 

Step 4: Set A input layer activations to vector a; 

Set B input layer activations to vector b; 

Step 5: Find winning cluster unit using Euclidean 

distance. 

Step 6: Update weight for winning unit. 

qij(new) = qij(old) + α (ai – qij(old)) ; i=1 to n 

rkj(new) = rkj(old) + β (bk – rkj(old)); k=1 to m 
Step 7: Reduce learning rates α and β. 

Step 8: Test stopping condition for phase1 training. 

Step 9: While stopping condition for phase 2 training is 

false, perform Steps 10-16. 

Step 10: For each training input pair a:b, do Steps 11-14. 

Step 11: Set A input layer activations to vector a; 

Set B input layer activations to vector b; 
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Step 12: Find winning cluster unit using Euclidean 

distance 

Step 13: Updating the weights for winning unit, the value 

of α and β in this phase are constant. 

qij(new) = qij(old) + α (ai – qij(old)) ; i=1 to n 

rkj(new) = rkj(old) + β (bk – rkj(old)); k=1 to m 
Step 14: Update weights from unit cj to the output layers 

tjk(new) = tjk(old) + x (bk – ujk(old)); k=1 to m 

sji(new) = sji(old) + y (ai – sji(old)); i=1 to n 
Step 15: Learning rates x and y are to be reduced. 

Step 16: Test the selection condition for phase 2 training. 

Euclidean distance is calculated as follows 

 

Dj=∑i(ai – q ij)
2
 + ∑k(bk – rkj )

2
 

 

The square of whose distance from the input vector is 

smaller the winner. In case of a tie between the selections 

of the winning unit, the unit with the smallest in desk is 

selected. The stop condition may be the number of 

iterations or the reduction in the learning rate up to a 

certain level. 

 
Fuzzy ARTMAP 

The fuzzy ARTMAP is an unsupervised neural network 

that performs supervised learning for recognising 

categories and multidimensional maps in response to 

input vectors (Carpenter et al., 1992). Earlier adaptive 

resonance theory models consisted of ART1 and ART2 of 

learning systems which classify inputs by fuzzy set 

features with membership value between 0 and 1. This 

learning system is achieved by replacing the ART1 

modules (Carpenter and Grossberg, 1987, 1991) of the 

binary ARTMAP system with fuzzy A T modules 

(Carpenter et al., 1992). The structure of fuzzyARTMAP 

is shown in Fig.1. 

fuzzyARTMAP algorithm: 

The fuzzyART neural network consists of two layers of 

nodes called F1 and F2. F1 represents an input layer and 

F2 represents the competitive layer. A set of real valued 

weight 

  is 

related to F1 to F2 layers. In F2 node, j represents a 

recognition category that learns a prototype vector wj 

=(w1j, w2j...,wmj).F2 layer is connected through learning 

associative links to an L node map field F
ab

, where L is 

the number of classes in the output space. A set of binary 

weights W
ab

 

={ is 

associate dh the F2    to F
ab

 connections. The vector 

 Links F2 node j to one of 

the L output classes. During training, ARTMAP performs 

mapping between training set vectors a=(a1, a2,...,am) and 

output levels t=(t1, t2, ...,tL), where tk=1 if K is the largest 

class label for a and zero elsewhere(Granger et al., 2001). 
The fuzzyARTMAP algorithm(Granger et al.,2001) is 

described as follows: 

Step 1 Initialisation: Initially, all of the f2 nodes are 

uncommitted. All weight values  are set to 0. An F2 

node becomes committed when it is selected to code an 

input vector a and is then linked to a F
ab

 node. The user 

initializes the values of the learning rate β ϵ [0, 1],the 
choice parameter α>0 and the baseline vigilance 

parameter . 

Step 2: Input pattern coding: When a training pair(a, t) is 

presented to the network, a undergoes a transformation 

called complement coding, which doubles its number of 

components.The complement coded input pattern has 

M=2m dimensions and is defined by A=(a.a
c
)=(a1, a2, 

...,am; ),    where    and ai 

  The vigilance parameter is set to its baseline 

value . 

Step3: Prototype Selection: The pattern A activates layer 

F1and is propagated through weighted connection W to 

layer F2. Activation of each node j in the f2 layer is 

determined by the weber law choice function. 

 
 

Where is the norm 

operator. = 

 
is the user friendly choice parameter. The f2 layer 

produces a binary, winner takes all pattern of activity 

y=(  j=J with the 

greatest   activation   value   J=arg   max{    J=1,2,...,N) 

remains active. Thus,   and , j≠J. If more 

than one   is maximum the node j with the smallest 

index is chosen.Node J propagates its top down 

expectations, or prototype vector   back on to F1 and 

the vigilance test is preferred. This test compares the 

degree   of   match   between     and   A   against   the 

dimensionless vigilance parameter : 
 

 
Step4: Class Prediction: The pattern t is fed directly to 

map field , while F2 category y learns to activate the 

map field via associative weight . The   layer 

produces        a        binary        pattern        of        activity 

=(   in which the most active 

node K yield the class prediction(K=k(J)). If node K 
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produces the incorrect class prediction, then a match 

tracking signal raises the vigilance parameter just 

enough to introduce another search among F2 nodes in 

step 3. 

Step 5 Learning: The learning input involves updating 

protOTYPE VECTOR   and if J corresponds to a newly 

committed node, creating an associative link to  . The 

prototype vector F2 node is updated according to 

 
where the  value is a fixed learning rate parameter. The 

algorithm can be set to slow learning with  or 

to fast learning =1. A new association between F2 node 

J and node K(k(J)=K) is learned by setting  

for k=K, where K is the target class label for a and 0 
otherwise. Once weight w have converged for the training 

set patterns. ARTMAP can predict a class label for an 

input pattern by doing step 2-4 without any vigilance. 

During testing, a pattern a can activates node J is 

predicted to belong to class K=k(J) 

 

 

Fig.2 Architecture of FuzzyArtMap 

 

2 METHODOLOGY 

 

We used real world dataset for our experiment. The 

dataset is related to the DATATRIEVE product, which 

was developed in a hybrid BLISS and ‘C’ programming 

language 

(http://promise.site.uottawa.ca/SERepository/datasets- 

page.htmld). There are 9 attributes and 130 samples in the 

dataset. The first 8 attributes contain various LOC 

measures and project team knowledge of modules, and 

the last attribute is the decision attribute which takes a 

binary value depending on whether faults were found in a 

module or not. Out of 130 samples, 119 samples did not 

contain any faults and remaining samples contained some 

faults. Table 1 describes the attributes for the dataset. We 

performed a 10 fold cross validation in the entire 

experimentation. 

The quantities employed to measure the quality of the 

classifiers are sensitivity, specificity and accuracy, which 

are defined as follows [6]: 

 

Sensitivity is the proportion of the true positives, which 

are correctly identified. 

Sensitivity =  

Specificity is the proportion of true negatives, which are 

correctly identified. 

Specificity =  

Accuracy is the proportion of true positives and true 

negatives, which are correctly identified. 

Accuracy = 

 
 

As the classifier becomes more sensitive it will identify 

a greater proportion of true positive instances, but the 

number of false negatives will rise. Similarly, as a 

classification model more specific, the number of false 

positive classification will also rise. 

 

 
Results and Discussion 

In this paper, the dataset collected from Indian 

telecommunication sector is divided into three folds. Each 

fold is given as input to Counter Propagation Neural 

Network (CPNN), CART, J4.8 and fuzzyARTMAP. We 

employed “Counter-propagation neural networks" in 

Matlab environment to carry our experiments. Two 

third(2/3
rd

 ) of samples of dataset have been used for 

training the network and one third (1/3
rd

 ) of the samples 

of dataset have been used for testing. From our 

experiment, we observed that, the average sensitivity is 

89.83% but in fold2, the sensitivity is 100% and followed 

by fold3 of 91.30% and fold1 of 78.20%, respectively. 

The average specificity is 76.92% but the specificity is 

92.30% which is much higher compared to other two 

folds which is shown in Table 1.The average accuracy is 

85.18% but fold2 resulted little higher of 88.88% 

compared to other two. 

Here test samples are used to test the trained CPNN, 

where 6 samples from the test were misclassified. It is 

observed that out of 6 samples, 5 samples are from the 

http://promise.site.uottawa.ca/SERepository/datasets-page.htmld
http://promise.site.uottawa.ca/SERepository/datasets-page.htmld
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churn and 1 sample is from the non-churn. The total 

number of samples which belongs to class churn and non- 

chrun in test samples are 23 and 13 respectively. The 

sensitivity, specificity and accuracy of this dataset are 

listed in Table1. 

Table 1 Sensitivity, Specificity and Accuracy of 

FuzzyArtMap 

Measures Fold1 Fold2 Fold3 Average 

Sensitivity 78.20 100 91.30 89.83 

Specificity 92.30 69.23 69.23 76.92 

Accuracy 83.33 88.88 83.33 85.18 

 

Table 2 Sensitivity of Machine Learning Techniques 

Techniq 
ues 

Fold1 

(%) 

Fold2(% 
) 

Fold3(% 
) 

Average 

(%) 

CPNN 78.20 100 91.30 89.83 

fuzzyAR 
TMAP 

93.75 93.75 87.5 91.67 

CART 94.03 94.03 94.03 94.03 

J4.8 86.36 77.27 82.60 82.07 

 

From our simulation study, we observed that average 

sensitivity in the case of CPNN is 89.83%. If we compare 

three different fields, fold2 resulted 100% sensitivity 

compared to other two folds. The average sensitivity of 

CART is 94.03% and an average sensitivity of J4.8 is 

82.07%. The fuzzyARTMAP is also resulted average 

sensitivity of 92.08%. Out of four techniques, CART 

outperformed all other techniques in terms of sensitivity is 

concerned. 

Table 3 Specificity of Machine Learning Techniques 
Techniques Fold1(%) Fold2 Fold3 Average 

CPNN 92.30 69.23 69.23 76.92 

fuzzyARTMAP 100 100 95 98.33 

CART 77.05 77.05 77.05 77.05 

J4.8 37.5 81.25 93.75 70.83 

 

From Table 2, we observed that, the average specificity is 

higher in CART as compared to other techniques, but 

fold1, in case of CPNN resulted 92.30% which is best 

specificity compared to other techniques of other folds. 

 

Table 4 Accuracy of Machine Learning Techniques 

In Table 3, the accuracy of fuzzyARTMAP resulted 

94.11%, which is better than any other techniques and the 

other folds. As long as accuracy is concerned, CPNN and 

CART resulted approximately same results and J4.8 

resulted the least results. The accuracy of fold2 is 

outperforming all other techniques. The parameters used 

in fuzzyARTMAP are shown in Table 4. 

 
 

Fig. 3 CPPNN classification 

We have developed the code for fuzzyARTMAP. In 

fuzzyARTMAP 70% of the samples have been used for 

training and 30% of the samples have been used for 

testing. Following are the parameters which are used in 

fuzzyARTMAP. With these parameters we have carried 

our experiments for all the folds. The results for the three 

folds are listed in table 2. 

We conducted further investigations on the dataset in 

order to come out with a ‘rule-based’ expert system. This 

is where the rules extracted by CART and J48, presented 

in Tables 6 and 7 respectively. A close look at the rules 

induced by both CART and J48 indicates that WSRF 

dominates the entire scene and the rules do not depend on 

any other attribute. 

 
 

Table 5. Rules generated by CART 

Rule No Rule 
Antecedents 

Classification 

1 If x4<=0.98 
then 

True 

2 If x4>.0.98 false 

 

Table 6 Rules generated by J4.8 

Rule 
No 

Rule Antecedents Classification 

1 If x4<=0.95 and x2<=0.95 and 
x2<=0.75 and x5>0 and 

True 

Techniques Fold1 Fold2 Fold3 Average 

CPNN 83.33 88.88 83.33 85.18 

fuzzyARTMAP 97.22 100 94.11 97.11 

CART 86.95 86.95 86.95 86.95 

J4.8 65.78 78.94 87.17 77.29 
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Table 7. Parameters used for Classification in 

FuzzyArtMap 
Sl.No Parameters values 

1 Dimensionality of the input space 5 

2 Dimensionality of the output space 2 

3 Number of training patterns 81 

4 Number of test patterns 34 

5 Total number of patterns 115 

6 Alpha (α) 0.001 

7 Epsilon (ε) 0.001 

8 ART-A rho (ρ) 0.0 

9 ART-B rho (ρ) 1.0 

10 Noise rate 0.0 

 
 

Table 8 Telecom dataset results obtained from 

fuzzyARTMAP 

 

 

 

 

 

 

 

 

Conclusion 

classify different customers into different categories. This 

is the significance of the study. 
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