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Abstract 

Churn is a biggest threat for the company which is important to manage 

in particular to industries forced by strong competition and saturated 

markets such as cellular telecommunication industry. The customers of 

cellular network are of either pre-paid or post-paid nature. Postpaid 

customers are bounded by contract where as prepaid subscribers are not 

bound by a contract, therefore, they can churn at their convenience .The 

process of predicting the nature and time of churn is a difficult task. This 

paper aims to churn prediction analysis in cellular communication sector 

using supervised data mining techniques. The possible churners can be 

identified with the patterns generated as a result of techniques such as 

rule based learning, neural networks, decision trees and regression 

analysis. Finally, the present state of research and novel emerging 

algorithms are discussed. 
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1. INTRODUCTION 
 

 Businesses that can competently transform data into useful 

information that can use them to make effective and quicker 

decisions to formulate better actionable business policies which will 

give them a competitive edge. In recent years, the application of 

information technology (IT) is applied to produce better 

performance in the business domain is all pervasive. However, the 

existing research methodologies suggests that not all investments in 

IT made by businesses result in an improved manner. Reasonably, a 

great conversion effectiveness of the IT investments is necessary to 

measurable the business purposes before a positive impact can be 

attained [1]. The process of developing an intelligence from 

customer data is referred as analytical customer relationship 

management. 

 Generally, Churn prediction is the major concern in a telecom 

companies. It is influenced by the factors such as Market Saturation 

and Dynamic Market Changes. The process of obtaining the new 

customer takes more expensive than holding the existing customer 

base Dynamic market changes in competitors, technologies and 

regulations could cause better opportunities for customers to leave 

for another company. The actual task is to predict the FUTURE 

customer behavior and take action with the customers based on that 

prediction. The data mining method can be able to address the 

business issues such as identifying the customers are going to leave 

and growth of retention policy to avoid the desirable customers 

from leaving. Churn is normally the action of the customer to leave 

the company for some purposes.  There are two ways in which the 

churn can happen. They are 1. Voluntary and 2. In voluntary 

Churners [9]. In voluntary Churn, the Customer initiates the churn, 

e.g. technology change, h and set change, service quality, 

competition, financial problems, contract expiration, professional 

churn, and regulation change. It leads to impossibility of payment; 

or change of the geographical location of the customer to a place 

where the company is not present or the service is engaged. For 

Involuntary Churn, a company initiates the action, like credit 

problems. The churn should be managed to decrease the potential 

losses to the company. The prediction of possible churners might 

guide the management to support the retention activities. 

2. LITERATURE SUPPORT 

 The domain driven data mining technologies are going away 

from the conventional data mining methods. It includes the 

application of relevant intelligence nearby the business such as 

domain intelligence, human intelligence, organizational/social 

intelligence, network intelligence and the mixture of such relevant 

intelligence into a whole human computer cooperated problem 

solving system[2].The importance of human intelligence in data 

mining was examined by S. Sharma and K. Osei-Bryson [3]. The 

researchers identified that the human intelligence need twelve data 

mining processes. In order to generate the valid and meaningful 

results, they suggested that the data mining requires human 

intelligence. 

 Lima et al. presented how to make data mining models 

established for churn prediction more comprehensible and 

compliant by integrating it with the relevant domain knowledge. 

Further, they exhibited how the analysis of coefficient signs in 

logistic regression and the monotonicity analysis of DTs can be 

used to check whether the knowledge contained in data mining 

methods. It was based in accordance with the domain knowledge, 

and how to correct any inconsistencies found. The idea is to assist 

the companies to determine the valuable customers and help them 

by identifying the main elements in their data that can contribute 

positively or negatively to the relationship with the customer.  
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Customer churn is one of the major threads in this field. The 

behavioral patterns of customers churn by the existing data is 

something that is long lasting in some industries such as 

telecommunications, banking, journalism, film industry, retail 

industry has taken place[5]. 

3. CHURN PREDICTION METHODOLOGY 

 The challenge of predicting why the customer wants to churn is 

more difficult than the problem of predicting the people who is 

going to churn. 

 Prepaid service is most commonly used service in terms of pre-

payment facility. The money in the customer’s account and instant 

updation for the usage and remaining balance are driving forces 

behind pre-paid service usage. Nowadays instant top-up facility in 

various modes like easy, online is available for the pre-paid 

account. As more flexibility in usage, there is also more possibility 

for pre-paid customers to switch to a different cellular service 

provider. This is normally happens when their pre-paid account 

nearing zero credit balance. Chrun in cellular pre-paid service can 

be considered when the cellular service provider losing a customer 

account. 

 The advent of Mobile Number Portability (MNP) in India is a 

biggest challenge for CSP to retain the customers with the strategies 

to reduce churn rates. As for as pre-paid service is concerned, 

fifteen days of grace period from the date of expiry of validity is 

given by the CSP for the customer. If the customer does the 

recharge within the grace period, he can avail the unutilized 

previous balance with the net call value of new recharge coupon. 
Access to Toll-free and IVR call is not limited to pre-paid 

customers during the grace period. As for as government telecom 

circle Bharath Sanchar Nigam Limited (BSNL) cellular service 

provider provides the additional grace period of sixty days (after the 

normal grace period of fifteen days),for retaining the prepaid 

connection. The BSNL prepaid cellular connection will be lapsed, if 

the customer fails to recharge within the additional grace period of 

sixty days. Prepaid customers are deemed as churned if they are no 

longer ‘active’ for a certain period of time [14]. The commercial 

natures of churn analysis in cellular communication, previous work 

are relatively scare. 

 

 If the customers have two consecutive months of no activity, 

these customers are identified to have churned. The modeling 

process should set boundaries for the population. The population 

considers the prepaid subscribers whose first activity is at least four 

months before and they have one registered activity in the last 15 

days. 

 These conditions look into avoidance of subscribers who can 

already be classified as churners in addition to avoiding frequent 

churners. 

Our supervised methodology is applied and tested on a 

prediction of churn analysis of prepaid users in cellular 

communication. As prepaid segment does not impose any 

contractual obligation between a telecom operator and users, 

predicting prepaid churn is not as easy as post paid churn. 

The process of predicting the customers who are and why are they 

likely to churn needs the classification of customers. Comparison 

between the existing churners and current customers towards the 

reasons for churn is the basis for analysis. Cellular service providers 

should have four sets of data variable to begin the prediction task. 

They are 

 Macro environment attributes  

 Demographic attributes  

 Perception attributes and 

 Behavior attributes. 

 The macro environment variables refers to changes in 

industry, government policies, laws and norms of the telecom sector 

which affects service usage of customers. 

 The demographic attributes such as gender, age group, social 

status, marital status and geographical area etc.The perception 

attributes concern with the way customer views the service 

characteristics. The satisfaction level of customer, quality attributes, 

problem recovery, pricing, locational convenience, reputation of the 

company, dependency of the vendor are the factors contributes to 

perception level of customer as shown in table 1. 

 The behavior attributes refers to usage specific characteristics 

of customer like number of calls, period between calls, length of the 

calls, type of calls etc. 

 The distinctive approach to the problem of churn prediction 

based on a sufficiently large data set, which contains churning and 

non-churning customers. This set is further being examined to 

construct a classifier. The classifier decides, a given customer data 

set, if churn is more or less likely. Such classifiers are constructed 

based on the Neural Networks, Bayesian statistics or decision trees 

constructed with the he heuristics like CART or C4.5. 

Table.1 Categories of Churn Prediction 

 Actual churners Non-churners 

Predicted 

churners 

True Positive False Positive 

Predicted 

Non-

churners 

False Negative True Negative 

4. CONCLUSION 

 As lifetime value of customer in a company depends on the 

retention efforts, the prediction of churn of pre-paid cellular 

customers can be an effective tool to anticipate the demands of their 

key customers. Although churn is inevitable, it can be coped and 

kept in an acceptable level. There are many diverse ways of churn 

prediction and new techniques are still emerging. A good prediction 

models have to be continually developed and a combination of the 

proposed methods have to be used. Hence, the valuable customers 
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have to be identified, thus leading to a combination of churn 

prediction systems with customer lifetime value technique. 
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