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Abstract:  The problem to be investigated in 

this research is that of predicting customers who are 

at risk of leaving the company, a term called churn 

prediction in telecommunication. The aim of this 

research is to predict customer churn and further 

focus on creating customer lifetime profiles. These 

profiles will allow the company to fit their customer 

base into n categories and make a long estimation 

on when a customer is potentially going to terminate 

their service with the company. The research then 

proceeds to provide a comparative analysis of neural 

networks and survival analysis in their capabilities 

of predicting customer churn and lifetime. 
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I. INTRODUCTION 

 

Churn' is a word derived from change and 

turn [42]. It means the discontinuation of a contract. 

The biggest revenue leakages in the telecom industry 

are increasing customers churn behavior. Such 

customers create an undesired and unnecessary 

financial burden on the company.This financial 

burden results in to huge loss of the company and 

ultimately may lead to sickness of the company, 

detecting such customers well in advance is an 

objective of this research.  

Major concern in customer relationship 

management in telecommunications companies is the 

ease with which customers can move to a competitor, 

a process called “churning”. Churning is a costly 

process for the company, as it is much cheaper to 

retain a customer than to acquire a new one [43]. It is 

stated that the costs of acquiring a new customer is 

five to ten times greater than that of retaining an 

existing one [1]. Also, the results of Dawkins and 

Reichheld’s research shows that only five percent 

increase in retention rate yields in about 25 to 95 

percent increase in the net present value of customers 

across a wide range of industries, such as credit cards, 

auto services, insurance brokerage, etc [37].  

As a result of these and similar facts, 

enterprises are getting more and more interested in 

customer retention instead of acquiring new 

customers. Indeed, firms are concluding that the best 

core marketing strategy for the future is to retain 

existing customers and avoid customer churn ([35] 

and [36]). 

This is exactly what churn management 

does. “Churn management consists of developing 

techniques that enable firms to keep their profitable 

customers and it aims at increasing customer loyalty.” 

[34] That is, treating customers such that “they 

remain client of their original supplier even if a 

competitor proposes more advantageous conditions.” 

[34]. Churn prediction models are developed by 

academics and practitioners to effectively manage 

and control customer churn in order to retain existing 

customers. As churn management is an important 

activity for companies to retain loyal customers, the 

ability to correctly predict customer churn is 

necessary.  

Statistical and data mining techniques have 

been utilized to construct the churn prediction 

models. The data mining techniques can be used to 

discover interesting patterns or relationships in the 

data, and predict or classify the behavior by fitting a 
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model based on available data. In other words, it is an 

interdisciplinary area with a general objective of 

predicting outcomes and employing sophisticated 

data processing algorithms to discover mainly hidden 

patterns, associations, anomalies, and/or structure 

from extensive data stored in data warehouses or 

other information repositories [40] . There are several 

data mining techniques that are proposed to predict 

potential customers that are most likely to churn. 

Amongthe popular techniques to predict customer 

churn are: neural networks, support vector machines 

and logistic regression models [41]. 

 

The goal of most churn prediction model is 

to distinguish churners from non-churners as much 

aspossible. Although in general this approach gives 

satisfying results, the time aspect as to when churning 

will take place often is neglected. Similarly, 

companies are increasingly  viewing customers in 

terms of their lifetime value.   

Customer lifetime profiling  therefore helps 

to establish customer segementation model which 

defines customer types in terms of lifetime value 

(LTV) or loyalty index. Not only do the 

telecommunications companies distinguish between 

which customers stay longer and which ones stay 

shorter, they also distinguish between which 

customers are highly profitable and which ones are 

low profitable or not profitable. 

This research investigates a comparative 

analysyis of neural network and survival analysis in 

predicting customer churn and lifetime. 

 

II. LITERATURE REVIEW 

 

Building an effective customer churn 

prediction model using various techniques has 

become a decisive topic for business and academics 

in recent years [1]. Table 1 list relevant papers and the 

data mining model/technique applied in them. 

 

 

Table 1: RELATED WORKS  

 Data Mining Technique References 

Neural Network [4], [5], [6], [7], [12], [13], [14], [16], 

[17], [22], [23], [25], [26], [27], [28] 

Decision Tree [3], [4], [6], [9], [10], [11], [12], [13], 

[14], [16], [19], [25], [28] 

Logistic Regression [2], [6], [11], [13], [18], [19], [20], 

[23], [28], [29], [30], [31], [33] 

Random Forests [2], [16], [18], [20], [23], [31], [32] 

Support Vector Machine [2], [13], [14], [16], [18], [19], [20] 

Survival Analysis [22], [24], [32] 

Bayesian Network [4], [13], [15] 

Self Organizing Maps [3], [5] 

AdaCost [28] 

Gradient Boosting Machine [20] 

Linear Discriminant Analysis [14] 

AdaBoost [14] 

Rough Set Theory [8] 

K-Nearest Neighbor [6] 

K Means [12] 

Time series  [33] 

Tailor-Butina [33] 

ROCK (Robust Clustering using linKs) [25] 

Regression Forests [31] 

Linear Regression  [31] 

Association Rules [5] 

Sequence Discovery [21] 
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As it is seen in table 1, a list of all reviewed 

references that have exploited each method is 

identified. Classes are sorted based on two factors: 

number of papers in that field and the recency of 

publication. For each of the top-nine techniques, an 

example paper, which is indicated by bolded font in 

the table, is briefly explained. The rationale for 

selecting explained papers is based on recency and 

benchmarking results; that is, the latest published 

paper in each category, in which the related model has 

exhibited the best performance amongst other 

benchmarks, is summarized.  

Reference [17] uses Genetic Algorithm to 

improve Neural Network by optimizing the network 

weights. This research is conducted in the context of 

a mobile telecommunications company and has 

developed two models with fitness functions based on 

cross entropy (log maximum likelihood) and model 

accuracy. For optimizing these two models, authors 

have exploited the crossvalidation method.  

In [11], first input variables, which are 

selected according to receiver operating curve (ROC) 

of a single input predictor, are divided into several 

groups (e.g. demographic, bill information, etc.) 

based on the concepts they describe. Then each group 

is used as the input of a dependent Alternative 

Decision Trees (ADTrees) model, which is an 

improvement to decision trees. The outputs of 

ADTrees models constitute the inputs of a Logit 

model that will predict the churn. Recursive feature 

elimination (RFE) method is exploited for 

eliminating ineffective features in this stage. This 

model is benchmarked with TreeNet model (i.e. 

winner of Gold Prize) on a telecom company dataset 

and has recorded a very similar performance 

according to ROC.  

Reference [6] assumes a complex 

relationship between the independent and target 

variables. It proposes using K-Nearest Neighbor 

(KNN) method as a solution for dealing with such 

challenge. It first exploits a single input KNN for 

changing the values of each independent feature. 

Then the new dataset is used for training and using 

Logit model. The proposed method has outperformed 

LR, C4.5, and RBF regarding a test on four distinct 

datasets and accuracy and ROC criteria.  

 

 

 

By combining the cost-sensitive learning 

method of Weighted Random Forests with the over-

sampling technique used in Balanced Random 

Forests, [16] has implemented Improved Balanced 

Random Forests. In the new approach, repeated 

sampling and higher penalties for wrong 

classifications of members of minority class helps in 

selecting the best subset of input features. The chief 

aim of this method is to deal with class imbalance in 

applications like churn management. The results of 

comparing the new method with Weighted Random 

Forests, Balanced Random Forests, Decision Tree, 

Neural Network and SVM illustrates its better 

accuracy, lift and lift curve.  

In [19] a two step framework for using SVM 

in churn prediction is suggested. In the first step, the 

best C (i.e. a SVM model parameter) and subset of 

features are chosen by applying RFE and L2-SVM 

techniques on the primary C candidates and set of 

features. Also sampling is conducted in this step by 

Support Vector Sampling. Then the selected variable 

C, the subset of features, and the primary sample are 

used to train a nonlinear model called RBF-SVM in 

the next step. Also other features of RBF-SVM are 

determined in this stage. The final model is the best 

one among the two linear and nonlinear generated 

models. Authors has taken the help of auxiliary 

methods like 10-fold cross-validation, line and 

pattern search in order to improve their results which 

have outperformed that of Logit, C4.5, L1-SVM and 

CART regarding AUC measure.  

Reference [22] has exploited the Neural 

Network method to predict the hazard and survival 

rate of customers. For doing so, first the hazard rate 

is calculated by Kaplan-Meier equation. Then the 

resulting values are set as the target value in training 

a Neural Network model. The new model is named 

BP ANN & Survival Analysis. The second 

contribution of this paper is establishing a customer 

segmentation model which defines six customer types 

based on Life Time Value (LTV) and Customer 

Survival Phase. The latter measure is computed 

regarding a proposed curve, which is derived from 

Product Life Cycle. The authors suggest appropriate 

retention strategies for each segment. 
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In [15] the simple Bayesian method is 

improved by applying Genetic Algorithm (GA) to it. 

In fact, GA is employed to optimize the structure of 

the network and the weights of its edges. Comparing 

this method with Bayesian Networks, TAN and APRI 

in the context of a credit company and regarding True 

Positives, True Negatives, True Positive Rate and 

True Negative Rate, the new method shows an 

outstanding performance.  

Reference [3] constructs a two step model in 

which first the probability of attrition is calculated for 

a customer and then, if required, an appropriate 

retention strategy is proposed according to the cluster 

that includes the customer. The authors use C5.0 and 

Growing Hierarchical Self Organizing Map 

(GHSOM) respectively in the two sequential steps. 

They also amend the GHSOM method and also 

improve C5.0 results by exploiting cross-validation 

based on entropy and gain rate.  

Reference [28] explains a research 

conducted in the context of financial service. It 

provides a new definition for churn, which is 

slumping LTV. It also defines a new loss function 

based on the profit and uses it to propose a new model 

evaluation criterion called area under profit curve 

(AUPROC). Another contribution of this research is 

improving the traditional AdaBoost (i.e. a model 

improvement method) technique to a newer one 

called AdaCost, which incorporates the new loss 

function in calculations. Taking the AUPROC, AUC, 

cumulative profit percentage and model accuracy into 

account for different models with time horizons of 3 

and 6 months, AdaCost outperforms other models. 

Reference [38] identifies the variables that 

affect churn in reverence of customer complaints data 

and provides a comparative analysis of neural 

networks, regression trees and regression in their 

capabilities of predicting customer churn. It showed  

significant accuracy for predicting customer churn 

using repairs and complaints data, proving that 

repairs and complaints influence customer’s 

decisions to stay with their service providers. 

Reference [39], proposed a neural network 

(NN) based approach to predict customer churn in 

subscription of cellular wireless services. The results 

of experiments indicate that neural network based 

approach can predict customer churn with accuracy 

more than 92%.  

 

Further, it was observed that medium sized 

NNs perform best for the customer churn prediction 

when different neural network’s top ologies were 

experimented. 

 

III. RESEARCH OBJECTIVES 

 

The objectives of this reserach are to develop models 

to predict customer churn/survival using neural 

network and survival analysis. The second one is to 

demonstrate/test the 2 models. The final objective is 

compare the results from the 2 techniques. 

 

IV. RESEARCH METHODOLOGY 

 

Records from a Telecommunications company will 

be used in this research. These pertinent records will 

be generated from its database like billing and 

customer service database. Required input fields or 

variables will be generated from these records which 

will be divided into the training and testing sets. This 

research will be done in two stages The first stage is 

to generate a prediction model for each of the chosen 

techniques (Survival analysis and Neural Network). 

Each of the models will constructed using the same 

training dataset. Testing dataset will then be used to 

evaluate the perfomance of these models. The goal of 

this stage is to determine which customers would 

churn or otherwise. The second stage will involve 

analysing and predicting customer lifetime using the 

same techniques and dataset. The goal at this stage is 

to determine the length of time that the customers will 

stay with the company. The performance of the 

techniques are then compared in terms of accuracy in 

their predictions.  
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