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Abstract— Customer churn has one of the most 

critical issues in telecommunication industries. 

In telecommunication industries, it is very costly 

to attract new customers towards their network 

as compared to retaining existing customers. So, 

it is very crucial to predict customer churn and 

develop strategies to stop customers from 

changing their current service provider. There 

are several customer churn prediction models 

and techniques developed by different 

researchers that are successful to much extent. 

Data mining techniques had played a beneficial 

role to predict the customers in advance who are 

going to change their telecommunication service 

providers. Using this prediction, the 

telecommunication industry can bring into 

practice several plans for customer retention. In 

this paper, a review of several data mining 

techniques for churn prediction is elaborated.  
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1. INTRODUCTION 

 

In the business world of telecommunication, 

Customer churn is a deliberate issue. Churn in the 

telecommunication industry refers to customers 

leaving their current service providers either due to 

better services or less costly services provided by 

the competing service providers. Customers have 

the right to choose from a vast number of service 

providers. So, the current telecommunication 

company faces a huge loss in revenue and profit. 

The companies employ data mining techniques to 

predict the customers who are most likely to 

change their service providers. Hence, by analyzing 

these predictions, the companies can set up various 

techniques to retain their present subscribers intact. 

This is called Churn Prediction. 

Data mining techniques or specifically predictive 

modeling techniques are found to be very effective 

in predicting customer churn. Various researchers 

have proved that various data mining models have 

proved beneficial for the telecommunication 

industry. Constructing the churn prediction model 

involves identifying the adequate feature set from 

the data of customers and feeding this feature set to 

the adequate data modeling technique. The data 

collected by telecom industries include Democratic 

data, the pattern of customer calls, customer 

profiling in addition to the network data. Using this 

data, telecom industries can make out the 

customers' intention and their likeliness to switch to 

different service providers. 

 

There are broadly two types of churners(Fig. 1). 

These are voluntary churners and involuntary 

churners. Voluntary churners themselves, initiate 

the service termination from their current service 

providers. These are further divided into deliberate 

and incidental churners. Incidental churners are 

those that change their service provider due to 

some incidents such as a change in location or 

change in financial position. Deliberate churners 

are the most impending churners which are of 

concern for companies. These churners deliberately 

move to other service providers due to changes in 

technology or price rate. Involuntary churners are 

those that are removed by the company from their 

subscribers' list either due to some kind of fraud or 

non-payment of bills etc.  

 

The churn prediction model includes feeding of 

data about past calls of customers and the related 

data that is with the company. The data is 

preprocessed, the required features are extracted 

and then the model for prediction is developed and 

cross-validated. Further, the accuracy of prediction 

is calculated and variable importance is identified. 

Finally, customer retention policies are suggested 

to CRM executives. 

The paper is organized as follows. Section 2 

elaborates on the work done by various researchers 
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in the field of churn prediction. Section 3 describes 

future work and conclusion.  

 

Fig. 1. Types of churners 

2. PREDICTIVE TECHNIQUES FOR 

CUSTOMER CHURN PREDICTION 

Machine learning models like Artificial Neural 

Network, Support Vector Machines have been 

extensively used for churn prediction. Some 

researchers worked on filtering the data samples 

through preprocessing and including social 

features[2]. Many authors have developed surveys 

on this churn prediction model [1],[3], [4],[5] 

Balanced data was proved important for increasing 

the accuracy of churn prediction [6].  Data was 

balanced using random and advanced under-

sampling, weighted random forests and gradient 

boosting mechanism. But in this case, random 

sampling reduced the accuracy of churn prediction. 

So, researchers proposed a combination of 

sampling and Weighted Random Forest(WRF) for 

balancing datasets [7]. The sampling process is a 

combination of under-sampling and 

SMOTE(Synthetic Minority Oversampling 

Technique). However, the usage of under-sampling 

was not significant. 

Boosting based churn prediction model was 

proposed that used logistic regression as a basis 

learner and Gentle Adaboost for boosting [8]. But 

the rarity of classes was not considered. 

The researchers proposed a combination of 

improved SMOTE and Adaboost for churn 

prediction [9]. Improved SMOTE balanced the 

imbalanced data and Adaboost classified the data 

and predicted customer churn in e-commerce.  

Machine learning algorithms were employed for 

fraud detection in insurance companies and 

predicting customer churn[10]. One class SVM was 

used for under-sampling the data and later 

classification was performed using several machine 

learning algorithms in which decision trees 

performed the best. 

Further, few researchers found out the there are no 

scientific, system theory and methods of churn 

prediction [11]. So, they suggested that attribute 

pruning using orientation ordering pruning Method 

(OOPM) can serve the purpose rather than simple 

attribute selection. Feature extraction using 

Random Forest and Transduction (FE RF and T) 

was performed. This complete process increased 

the accuracy of churn prediction considerably. 

Feature fusion using feature factorization and 

feature construction was proposed for improving 

the accuracy of churn prediction [12]. High 

dimensionality problem was addressed but the 

problem of unbalanced data reemerged.  

Prediction accuracy was increased by selecting 

features with consideration on profit [13].  Then the 

classification was performed using SVM based on 

profit. 

Local and social features are combined using an 

ensemble approach to increase prediction 

accuracy[14].  Data used for evaluation is also a 

combination of customer data and social data. The 

spreading activation algorithm spreads the local and 

social variables among the relational and local 

models. Though the churn prediction accuracy is 

increased, effectiveness is reduced because non-

customer nodes are omitted while the creation of a 

call graph due to the larger volume of data. Also, the 

negative energies are not included in  the social 

network. 

Further few researchers proposed that social 

network analysis can increase the accuracy of churn 

prediction[15]. Real-time and local attributes are 

extracted from social network data and fed into an 

ensemble model. Though the prediction accuracy is 

increased in terms of AUC and lift percentage 

evaluation of additional datasets put the net- work’s 

high degree of homophily under scrutiny. 

Ensemble approaches are used by the au- thors[16]. 

Decision trees and its ensembles, Gradient boost 

trees and random forest are used for building a 

binary classifier. Customer usage and related 

information are given as input. Residual feedback 

improvement based Gradient boosted tree gave the 

best accuracy but the ensemble model has limited 
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reliability because it is not tested on real-time 

data.  

Further, the authors also used big data for churn 

prediction although the usage of big data for this 

prediction is difficult [17]. Telco big data was used 

for prediction. Feature engineering techniques were 

employed and classifiers such as LIBFM, LIB- 

LINEAR, RF, and BDT were used.  But,  this can 

be used for large business organizations only 

because it is hardware-based and less affordable by 

small organizations. Also, if the hardware fails, 

special maintenance staff is required. 

Customer segmentation is utilized on big data for 

churn prediction[18]. It is performed using the K-

means method and later the classification is done 

using C5.0 with the misclassification cost. Though 

the approach is simple and efficient and enhanced 

the churn prediction accuracy the feature selection 

process is not available in clustering. 

Many of the researchers used machine learning 

methods such as SVM, random forests, etc. SVM 

is used for structural risk minimization [19]. Risks 

associated with infrastructure are predicted and the 

relationship between them and customer churn is 

predicted. Though the accuracy achieved is quite 

high but selecting kernel function and weighting 

customer samples is not done properly and 

processing of high dimensional data and non-linear 

time series data is not done properly. Improved 

Balanced Random Forests(IBF) was proposed for 

churn prediction [20]. Sampling techniques and 

cost-sensitive learning are integrated with random 

forests. However, the performance is hampered 

because time-varying variables are not considered. 

Customer churn is predicted in cellular wireless 

service subscriptions using a neural network 

implemented using Clementine 12.0 [21]. Training 

data is randomly selected to reduce the problem of 

overtraining. The accuracy achieved is 92% which 

is higher than other machine learning techniques. 

Bayesian Belief Networks (BBN) was employed for 

churn prediction[22]. Continuous data variables are 

discretized by using CHAID (Chi-squared 

Automatic Interaction Detector) algorithm. 

However, in this approach, the relationship between 

variables is not considered. 

Various machine learning algorithms were 

employed for churn prediction and were com- 

pared[23]. The performance of Multi-layer 

perceptron (MLP), support vector machines (SVM) 

and Bayesian networks (BN) were analyzed. 

Preprocessing of data is performed using Principal 

Component Analysis (PCA) and further prediction 

is performed using the machine learning model. 

SVM performed better than MLP and  BN.  In this, 

ensemble methods or hybrid machine learning 

methods were not considered. 

The data mining technique is combined with a 

machine learning model for better accuracy of 

churn prediction[24]. The degree to which each 

feature affects the decision of churn is determined 

by logistic regression. The graph of available data 

based on the rules and strategies is shown by a 

decision tree. Although, the prediction accuracy is 

enhanced but it is only limited to a few classes of 

churners. 

Many researchers also used Metaheuristic 

techniques for churn prediction [25] [26] Advanced 

Rule induction techniques were proposed for churn 

prediction[25]. Churn is detected using AntMiner+ 

and Active Learning-Based Approach (ALBA). But 

the time required for the generation of the ruleset is 

very high using this approach. The churn is huge, 

sparse and imbalanced data was handled using 

another meta-heuristic method that is Particle 

Swarm Optimization (PSO)[26]. Though the 

prediction accuracy is increased there was a big 

increase in the number of false positives. 

Many researchers also employed hybrid churn 

prediction methods for churn prediction [27] [28] 

[29] [30]. A two-level model based on a binary 

logistic regression model and a two-level 

hierarchical linear model (HLM) was proposed for 

churn prediction[27]. The relationship between 

customer churn behavior and demographic 

factors(age, gender) was revealed by the logistic 

regression model. If the relationship was weak, it 

was handled by HLM by exploring the relationship 

between independent variables. The, subsequently, 

in the next level, the same techniques analyze the 

effect of demographic factors on churn. However, 

the switching costs and all the factors for customer 

satisfaction were not considered. Demographic 

factors such as education, income, occupation, 

location, income were not brought into the picture 

at all. 

Backpropagation Artificial Neural Networks(ANN) 

and Self-Organizing Maps(SOM) were combined to 

develop a hybrid neural network to increase 

prediction accuracy[28]. But, in this approach, the 

reduction of dimensionality hampered the 
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performance of the hybrid model. Churn prediction 

was performed with high performance using three-

hybrid data mining approaches[29]. In all the 

approaches, first clustering is performed to filter the 

customer data and then the prediction is performed. 

In the first model, clustering is performed using the 

k-means algorithm and later churn prediction is 

performed using Multilayer Perceptron Artificial 

Neural Networks (MLP-ANN). In the second 

model, clustering is performed using a hierarchical 

clustering technique and later churn prediction is 

performed using MLP-ANN. In the third model, 

clustering is performed using self-organizing maps 

(SOM) and later churn prediction is performed 

using MLP-ANN.  The highest accuracy was 

obtained in the case of the first model. However, 

these models had shortcomings that MLP-ANN 

took equal time irrespective of the size of the 

dataset. 

The hybrid classification model based on meta-

heuristic and machine learning algorithms was 

proposed for churn prediction in virtual worlds[30]. 

Though the approach was appreciable because it 

determined customer behavior by considering the 

monetary cost, user behavior features and social 

behavior features but the multi-objective problem 

occurred when too many features were 

considered. 

Random forest Method was used for churn 

prediction which gave higher accuracy as compared 

to AntMiner+ and C4.5 Decision tree[31]. Combin- 

ing k-means and Naïve Bayes classifier for churn 

prediction was a very novel approach that gave 

better accuracy and sensitivity as compared to a 

combined approach of EWD and Naïve Bayes 

classifier method[32]. However, the true positive 

and true negative output could not be predicted 

correctly. SVM was combined with the Adaboost 

classification method which significantly increased 

the accuracy of churn prediction[33]. It was a 

feature discovery-based prediction method. 

A new method for churn prediction named ProfTree 

was proposed in which the evolutionary algorithm 

optimized the EMPC in the model construction step 

of a decision tree[34]. ProfTree proved to be 

beneficial as compared to other tree-based methods 

such as EvTree, CART, ctree as it balanced the 

profitability and complexity in churn prediction. 

Various Data mining techniques and neural 

networks were compared for churn prediction[35]. 

The models used were Decision tree, Naïve Bayes, 

Support Vector Machine, and Neural Network. 

SVM performed the best and gave the highest 

accuracy as compared to others. 

Experiments were performed on four groups for 

churn prediction[36]. The four models were 

Common CART model, customer value mean of the 

training data set for the cost of CARTCS model, 

customer value means of the subset A for the cost of 

CARTCS model and customer value mean of the 

subset B for the cost of CARTCS model and it was 

found that partition cost-sensitive CART model 

reduced the misclassification cost and gave the 

highest accuracy as compared to other models. 

Fuzzy classifier outperformed in the area of churn 

prediction when compared with other data mining 

techniques[37]. The fuzzy classifiers such as 

OWANN, VQNN, FuzzyRoughNN, and FuzzyNN 

were compared with data mining techniques such as  

SVM,  Decision  Trees, Linear Regression, C4.5, 

and Multilayer Perceptron. The fuzzy classifier 

gave the highest accuracy. 

K-Local Maximum Margin(KLMM) Feature 

Extraction Algorithm was proposed for churn 

prediction in telecommunication[38]. KLMM  is 

compared with other algorithms such as CMIM, 

ICAP, DISR, CIFE, ALH, MIFS, MRMR, JMI, 

RELIFE, CMI and CONDRED algorithm. 

Particle classification optimization-based BP 

network(PBCCP) was used for churn 

prediction[39]. It performed better as compared to 

other algorithms like PSOBP (Particle Swarm 

Intelligence) and BP algorithms. 

Behavioral Modeling was proposed for churn 

prediction[40]. Churn Score was assigned to each 

customer taking into account the time in which 

customers are likely to churn. Brute force is used to 

identify overlapping features from customer 

transaction logs and then features and metrics are 

identified which are most predictive of customer 

churn. Then these features are given as input to 

supervised learning algorithms. 

Ensemble-based classifiers were used for churn 

prediction in the telecom industry and compared in 

terms of accuracy[41]. Random forest performs 

better in terms of accuracy, sensitivity, specificity 

and error rate as compared to ANN, SVM, LIB- 

SVM, Probability Weighted Integration and 

Gaussian Weighted Integration, C4.5, and Bayes.  
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Deep Learning models were used for churn 

prediction[42]. A deep and shallow model (DSM) 

was proposed for the Insurance industry which 

performed better as compared to deep only and 

shallow only models. DSM also performs better 

than CNN, LSTM, Stochastic Gradient Descent, 

Linear Discriminant Analysis, Quadratic 

Discriminant Analysis, Gaussian Naïve Bayes, 

AdaBoost, Random Forest, and Gradient Tree 

Boosting. 

EBURM model along with logistic regression is 

used for churn prediction in the E-Commerce 

platform[43]. It performed better in terms of 

accuracy and precision. 

Extreme gradient boosting is used for predicting 

customer churn using temporal data[44]. In this 

research, a supervised machine learning ensemble 

of decision trees is implemented in the modern 

XGBoost library, to build a highly accurate 

classification model to predict customer churn. 

Final accuracy was boosted by using the 

LightGBM library and the primary XGBoost 

model. This model gave higher accuracy.  

PU learning techniques were used for time-

sensitive customer churn prediction[45]. This 

technique gave the best results as compared to other 

rule-based methods such as Recency Rule, 

Frequency Rule, Logistic Regression, Distributed 

Factorization Machine. 

Support Vector Machine(SVM) is proposed for 

customer churn prediction[19]. It performs the best 

as compared to BPANN, Decision Tree C4.5, 

Logistic Regression, and Naïve Bayes Classifier. 

SVM has a good prediction precision, strong 

generation ability, and good fitting precision. 

The rough set approach was used for predicting 

customer churn in the telecommunication 

sector[46]. It performed better as compared to other 

algorithms such as Exhaustive Algorithm, Genetic 

Algorithm, Covering Algorithm and LEM2 

Algorithm. 

 

3. COMPARISON OF CHURN PREDICTION 

TECHNIQUES FOR TELECOM INDUSTRY 

The methods used by various researchers are 

analyzed and summarized in table 1. The hybrid 

methods either hybrid metaheuristics or hybrid 

machine learning perform better than other 

methods.  

Table I. Comparison of Churn Prediction 

Techniques for Telecom Industry 

Authors 
Methods 

Used 
Dataset 

J. Burez et 

al [6] 

Random 

and 

advanced 

undersampl

ing, 

Gradient 

boosting 

machine 

and WRF 

Six real-life 

proprietary 

European 

churn 

modeling 

datasets 

Veronikha 

Effendy et 

al [7] 

Combined 

sampling 

with WRF 

Categorical 

type churn 

data 

Ning Lu et 

al [8] 

Logistic 

regression 

with Gentle 

AdaBoost 

Telecom 

data (2010) 

Xiaojun 

Wu et al 

[9] 

Improved 

SMOTE 

and 

AdaBoost 

Data from 

B2C 

ecommerce 

site 

G. Ganesh 

Sundarku

mar et al 

[10] 

One-class 

SVM 

under-

sampling 

with 

Decision 

tree 

Insurance 

dataset 

Qiu Yihui 

et al[11] 

OOPM 

Feature 

selection 

and FE RF 

and 

Tfeature 

extraction 

Business 

analysis 

system of 

Chie Mobile 

communicati

on 

Qiuhua 

Shen et 

al[12] 

Churn 

prediction 

based on 

complemen

tary fusion 

of multi-

layer 

features 

European 

telecommuni

cations 

company 

data 

Sebastián 

Maldonad

o et al,[13] 

Profit 

based SVM 

UCI-

Telecom, 

Operator 1, 

Cell2Cell 

Aimee Spreading Prepaid 
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Backiel et 

al[14] 

activation 

algorithm 

and 

Ensemble 

method 

Mobile 

telephone 

provider 

data and 

Call Data 

Records 

Aimée 

Backiel et 

al[15] 

Ensemble 

method 

Belgian 

Telecom 

data along 

with Call 

Data records 

Pretam 

Jayaswal 

et al[16] 

Decision 

tree 

ensemble, 

RF and 

Gradient 

boosted 

trees 

Data from 

Wireless 

telecom 

company 

publically 

available by 

SGI 

Yiqing 

Huang et 

al[17] 

RF, 

LIBFM,LI

BLINEAR 

(L2-

regularized 

logistic 

regression) 

KDD CUP 

data 

Yong Liu 

et al[18] 

K-means 

and C5.0 

with 

misclassifi

cation cost 

Chinese 

Telecommu

nication data 

Xia Guo-

en et 

al[19] 

SVM 

UCI data 

and Home 

telecommuni

cation carry 

dataset 

Yaya Xie 

et al,[20] 
IBRF 

Chinese 

Bank 

Dataset 

Anuj 

Sharma et 

al,[21] 

Neural 

Networks 

Churn data 

from UCI 

Pınar 

Kisioglu 

et al,[22] 

BBN 

Turkish 

Telecommu

nication data 

Ionut 

Brândusoi

u et al, 

[23] 

MLP, 

SVM and 

BN 

Churn data 

from UCI 

Preeti K. 

Dalvi et 

al, [24] 

Decision 

tree and 

Logistic 

regression 

Telecom 

churn data 

Wouter 

Verbeke 

et al, [25] 

Advanced 

Rule 

induction 

techniques 

KDD library 

data 

T.Sumathi 

[26] 
PSO 

Orange 

Dataset 

DongBack 

Seo et al, 

[27] 

Binary 

Logistic 

regression 

model and 

Twolevel 

hierarchical 

linear 

model 

US Top 10 

national 

wireless 

provider’s 

data 

Chih-

Fong 

Tsaib et 

al, [28] 

Hybrid 

Neural 

networks 

CRM 

dataset from 

American 

telecom 

industries 

Amjad 

Hudaib et 

al, [29] 

Hybrid 

model 

using 

clustering 

and 

MLPANN 

Jordanian 

Telecommu

nication 

Company 

Data 

Hsiu-Yu 

Liao et al, 

[30] 

Hybrid 

classificati

on with 

combined 

features 

Roomi 

dataset 

Mumin 

Yildiz 

[31] 

Random 

Forest, 

AntMiner+ 

and C4.5 

Decision 

tree 

5000 

customer 

records with 

21 features 

each 

customer 

Tan Yi 

Fei[32] 

K means 

combined 

with Naïve 

Bayes 

5000 

customer 

caller data 

with 18 

attributes 

A. Saran 

Kumar[33

] 

SVM, 

NBTree 

and SVM 

AdaBoost 

Bank 

Dataset 

Sebastiaan 

Hoppner[

34] 

ProfTree, 

EvTree, 

CART, 

ctree 

889 

customer 

records and 

10 

explanatory 

variables. 

Chuanqi Partition 247,929 
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Wang[36] cost 

sensitive 

CART 

model 

samples with 

42 attributes 

Muhamma

d 

Azeem[37] 

Fuzzy 

classifiers 

like 

FuzzyNN, 

VQNN, 

OWANN 

and 

FuzzyRoug

hNN 

600,000 

instances 

with 722 

attributes 

Long 

Zhao[38] 

K-Local 

Maximum 

Margin 

Feature 

extraction 

algorithm 

KDD Cup 09 

contains 230 

features, 

50,000 

samples. 

Ruiyun 

Yu[39] 

particle 

classificatio

n 

optimizatio

n-based BP 

network 

100,000 

customer 

records with 

7 features 

Franciska[

47] 

K-Means, 

K-Medoids, 

Fuzzy C 

Means, 

Hierarchica

l Clustering 

and Density 

Based 

Spatial 

Clustering 

of 

Application

s with 

Noise(DBS

CAN) 

Patient 

Churn 

Dataset 

Muhamma

d Raza 

Khan[40] 

Behavioural 

Modelling 

100,000 

individual 

records, 

10,000 

features 

Abinash 

Mishra[41] 

Ensemble 

Based 

Classifiers 

like Random 

Forest, 

Bayes, C4.5, 

3333 records 

,15 attributes 

ANN, SVM, 

LIBSVM, 

Probability 

Weighted 

Integration 

and Gaussian 

Weighted 

Integration 

Qiu 

Yanfang[4

3] 

EBURM 

model with 

logistic 

regression 

6000 data, 5 

features 

Bryan 

Gregory[4

4] 

Extreme 

gradient 

boosting 

with 

temporal 

data 

subscriber 

data from 3 

distinct 

sources: user 

activity logs, 

transactions, 

and member 

data, 208 

features 

Li 

Wang[45] 

PU 

Learning 

technique, 

Recency 

Rule, 

Frequency 

Rule, 

Logistic 

Regression 

and 

Distributed 

Factorizatio

n Machine 

Dataset from 

Alipay.com 

divides into 

three datasets 

P(Positive), 

N(Negative) 

and 

U(Unlabelled) 

each contains 

a 

XIA Guo-

en[19] 

SVM, 

BPANN, 

Decision 

tree C4.5, 

Logistic 

Regression, 

and Naive 

Bayesian 

classifiers 

Dataset 1 

from 

University of 

California 

and Dataset 2 

FROM home 

telecommuni

cation carry 

Adnan 

Amin[46] 

Exhaustive 

Algorithm, 

Genetic 

Algorithm, 

Covering 

Algorithm 

Dataset -

3333 

instances, 

Training set-

2333 

instances, 
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and LEM2 

Algorithm 

Test set-1000 

instances, 12 

attributes 

 

4. CONCLUSION AND FUTURE WORK 

Customer churn prediction is very important as 

it helps to find the potential customers who will 

cancel their subscription or will switch to new 

service provider in telecommunication industry. 

It is very costly to acquire new customers, so 

churn prediction helps to retain the current 

customers by developing various strategies. So 

churn prediction helps to save companies from 

huge loss. 

This paper presents the overview of various 

technqiues used by various researchers for churn 

prediction. It not only introduces new techniques 

for churn prediction but also show the implemen- 

tation of various models. Many companies and 

industries are focused on the study of 

customer/user behavior analysis today. These 

studies will be useful to come up with better 

plans. Many techniques and models continue to 

emerge to predict customer churn not only in 

telecommunication sector but also in many other 

sectors. 

REFERENCES 

[1] V Umayaparvathi and K Iyakutti. “A 

Survey on Customer Churn Prediction in 

Telecom Industry: Datasets, Methods and 

Metrics”. 

[2] Marıa Óskarsdóttir et al. “A comparative 

study of social network classifiers for pre- 

dicting churn in the telecommunication in- 

dustry”. In: 2016 IEEE/ACM International 

Conference on Advances in Social 

Networks Analysis and Mining 

(ASONAM). IEEE. 2016, pp.1151-1158. 

[3] Sherendeep Kaur. “Literature Review of 

Data Mining Techniques in Customer 

Churn Prediction for Telecommunications 

Indus- try”. In: Journal of Applied 

Technology and Innovation 1.2 (2017), pp. 

28–40. 

[4] Akshara Santharam and Siva Bala Krish- 

nan. “Survey on Customer Churn Predic- 

tion Techniques”. In: International 

Research Journal of Engineering and 

Technology  5.11(2018), p. 3. 

[5] Ammara Ahmed and D Maheswari Linen. 

“A review and analysis of churn prediction 

methods for customer retention in telecom 

industries”. In: 2017 4th International 

Con- ference on Advanced Computing and 

Com- munication Systems (ICACCS). 

IEEE. 2017,pp. 1-7 

[6] Jonathan Burez and Dirk Van den Poel. 

“Handling class imbalance in customer 

churn prediction”. In: Expert Systems with 

Applications 36.3 (2009), pp. 4626–4636. 

[7] Veronikha Effendy, ZK Abdurahman 

Baizal, et al. “Handling imbalanced data in 

cus- tomer churn prediction using 

combined sampling and weighted random 

forest”. In: 2014 2nd International 

Conference on In- formation and 

Communication Technology (ICoICT). 

IEEE. 2014, pp. 325–330. 

[8] Ning Lu et al. “A customer churn 

prediction model in telecom industry 

using boosting”. In: IEEE Transactions on 

Industrial Informatics 10.2 (2012), pp. 

1659–1665. 

[9] Xiaojun Wu and Sufang Meng. “E-

commerce customer churn prediction 

based on improved SMOTE and 

AdaBoost”. In: 2016 13th International 

Conference on Ser-vice Systems and 

Systems and Service Management (IC-

SSSM). IEEE. 2016, pp. 1–5. 

[10] G Ganesh Sundarkumar, Vadlamani Ravi, 

and V Siddeshwar. “One-class support 

vec-tor machine based undersampling: 

Appli-cation to churn prediction and 

insurance fraud detection”. In: 2015 IEEE 

Interna Conference on Computational 

Intel-ligence and Computing Research 

(ICCIC). IEEE. 2015, pp. 1–7. 

[11] Qiu Yihui and Zhang Chiyu. “Research of 

indicator system in customer churn predic-

tion for telecom industry”. In: 2016 11th 

International Conference on Computer 

Sci-ence & Education (ICCSE). IEEE. 

2016,  pp. 123-130. 

[12] Qiuhua Shen et al. “Improving churn 

predic-tion in telecommunications using 

comple-mentary fusion of multilayer 

features based on factorization and 

construction”. In: The 26th Chinese 

http://jespublication.com/


 

Vol 11, Issue 4 , April/ 2020 

ISSN NO: 0377-9254                                  

  

 

www.jespublication.com Page No:879 

 
 

 

Control and Decision Confer-ence (2014 

CCDC). IEEE. 2014, pp. 2250– 2255. 

 

[13] Sebastián Maldonado et al. “Profit-based 

feature selection using support vector 

machines–General framework and an 

appli-cation for customer retention”. In: 

Applied Soft Computing 35 (2015), pp. 

740–748. 

 

[14] Aimée Backiel et al. “Combining local 

and social network classifiers to improve 

churn prediction”. In: 2015 IEEE/ACM 

Interna-tional Conference on Advances in 

Social Networks Analysis and Mining 

(ASONAM). IEEE. 2015, pp. 651–658. 

 

[15] Aimée Backiel, Bart Baesens, and Gerda 

Claeskens. “Predicting time-to-churn of 

pre-paid mobile telephone customers 

using so-cial network analysis”. In: 

Journal of the Operational Research 

Society 67.9 (2016), 1135–1145. 

 

[16] Pretam Jayaswal et al. “An Ensemble Ap-

proach for Efficient Churn Prediction in 

Telecom Industry”. In: International Jour-

nal of Database Theory and Application 

9.8 (2016), pp. 211–232. 

 

[17] Yiqing Huang et al. “Telco churn 

prediction with big data”. In: Proceedings 

of the 2015 ACM SIGMOD international 

conference on management of data. 2015, 

pp. 607–618. 

 

[18] Yong Liu, Yongrui Zhuang, et al. “Re-

search model of churn prediction based on 

customer segmentation and 

misclassification cost in the context of big 

data”. In: Jour-nal of Computer and 

Communications 3.06 (2015), p. 87. 

 

[19] Guo-en Xia and Wei-dong Jin. “Model of 

customer churn prediction on support 

vector machine”. In: Systems 

Engineering-Theory & Practice 28.1 

(2008), pp. 71–77. 

[20] Yaya Xie et al. “Customer churn 

prediction using improved balanced 

random forests”. In: Expert Systems with 

Applications 36.3 (2009), pp. 5445–5449. 

 

[21] Anuj Sharma, Dr Panigrahi, and Prabin 

Kumar. “A neural network based approach 

for predicting customer churn in cellu-lar 

network services”. In: arXiv preprint 

arXiv:1309.3945 (2013). 

 

[22] Pınar Kisioglu and Y Ilker Topcu. 

“Apply-ing Bayesian Belief Network 

approach to customer churn analysis: A 

case study on the telecom industry of 

Turkey”. In: Ex-pert Systems with 

Applications 38.6 (2011), pp. 7151–7157. 

 

[23] Ionu¸t Brându¸soiu, Gavril Toderean, and 

Ho-ria Beleiu. “Methods for churn 

prediction in the pre-paid mobile 

telecommunications industry”. In: 2016 

International conference on 

communications (COMM). IEEE. 2016, 

pp. 97–100. 

[24] Preeti K Dalvi et al. “Analysis of customer 

churn prediction in telecom industry using 

decision trees and logistic regression”. In: 

2016 Symposium on Colossal Data Analy-

sis and Networking (CDAN). IEEE. 2016, 

pp. 1–4. 

 

[25] Wouter Verbeke et al. “Building compre-

hensible customer churn prediction 

models with advanced rule induction 

techniques”. In: Expert systems with 

applications 38.3 (2011), pp. 2354–2364. 

 

[26] T Sumathi. “Churn Prediction on Huge 

Sparse Telecom Data Using Meta-

heuristic”. In: International Journal of 

Advanced Research in Computer and 

Communication Engineering (IJARCCE) 

5.7 (2016), pp. 574–577. 

 

[27] DongBack Seo, C Ranganathan, and Yair 

Babad. “Two-level model of customer 

retention in the US mobile 

telecommunica-tions service market”. In: 

Telecommunica-tions policy 32.3-4 

(2008), pp. 182–196. 

 

http://jespublication.com/


 

Vol 11, Issue 4 , April/ 2020 

ISSN NO: 0377-9254                                  

  

 

www.jespublication.com Page No:880 

 
 

 

[28] Chih-Fong Tsai and Yu-Hsin Lu. “Cus-

tomer churn prediction by hybrid neural 

networks”. In: Expert Systems with Appli-

cations 36.10 (2009), pp. 12547–12553. 

 

[29] Amjad Hudaib et al. “Hybrid data mining 

models for predicting customer churn”. In: 

International Journal of Communications, 

Network and System Sciences 8.05 

(2015), p. 91. 

[30] Hsiu-Yu Liao et al. “Customer churn 

predic-tion in virtual worlds”. In: 2015 

IIAI 4th In-ternational Congress on 

Advanced Applied Informatics. IEEE. 

2015, pp. 115–120. 

[31] Mümin Yıldız and Songül Albayrak. 

“Cus-tomer churn prediction in 

telecommuni-cation with rotation forest 

method”. In: DBKDA 2017 (2017), p. 35. 

[32] Tan Yi Fei et al. “Prediction on Customer 

Churn in the Telecommunications Sector 

Using Discretization and Naıve Bayes 

Clas-sifier”. In: International Journal of 

Ad-vances in Soft Computing and Its 

Applica-tions 9.3 (2017). 

[33] A Saran Kumar and D Chandrakala. “An 

Optimal Churn Prediction Model using 

Sup-port Vector Machine with Adaboost”. 

In: In-ternational Journal of Scientific 

Research in Computer Science, 

Engineering and Infor-mation Technology 

2.1 (2017), pp. 225–230. 

 

[34] Thomas Verbraken, Wouter Verbeke, and 

Bart Baesens. “A novel profit maximizing 

metric for measuring classification perfor-

mance of customer churn prediction mod-

els”. In: IEEE transactions on knowledge 

and data engineering 25.5 (2012), pp. 

961– 973. 

 

[35] Sepideh Hassankhani Dolatabadi and 

Farshid Keynia. “Designing of customer 

and employee churn prediction model 

based on data mining method and neural 

predictor”. In: 2017 2nd International 

Conference on Computer and 

Communication Systems (ICCCS). IEEE. 

2017, pp. 74–77. 

 

[36] Chuanqi Wang et al. “Partition cost-

sensitive CART based on customer value 

for Telecom customer churn prediction”. 

In: 2017 36th Chinese Control Conference 

(CCC). IEEE. 2017, pp. 5680–5684. 

[37] Muhammad Azeem, Muhammad Usman, 

and Alvis Cheuk M Fong. “A churn 

predic-tion model for prepaid customers in 

telecom using fuzzy classifiers”. In: 

Telecommunica-tion Systems 66.4 (2017), 

pp. 603–614. 

 

[38] Long Zhao et al. “K-local maximum 

margin feature extraction algorithm for 

churn pre-diction in telecom”. In: Cluster 

Computing 20.2 (2017), pp. 1401–1409. 

[39] Ruiyun Yu et al. “Particle classification 

optimization-based BP network for 

telecommunication customer churn 

prediction”. In: Neural Computing and 

Applications 29.3 (2018), pp. 707–720. 

 

[40] Muhammad Raza Khan et al. “Behavioral 

modeling for churn prediction: Early 

indicators and accurate predictors of 

custom defection and loyalty”. In: 2015 

IEEE Inter-national Congress on Big Data. 

IEEE. 2015,pp. 677–680. 

 

[41] Abinash Mishra and U Srinivasulu Reddy. 

“A comparative study of customer churn 

prediction in telecom industry using 

ensem-ble based classifiers”. In: 2017 

International Conference on Inventive 

Computing and In-formatics (ICICI). 

IEEE. 2017, pp. 721– 725. 

 

[42] Rong Zhang et al. “Deep and shallow 

model for insurance churn prediction 

service”. In: 2017 IEEE International 

Conference on Services Computing 

(SCC). IEEE. 2017,pp. 346–353. 

 

[43] Qiu Yanfang and Li Chen. “Research on 

E-commerce user churn prediction based 

on logistic regression”. In: 2017 IEEE 2nd 

Information Technology, Networking, 

Elec-tronic and Automation Control 

http://jespublication.com/


 

Vol 11, Issue 4 , April/ 2020 

ISSN NO: 0377-9254                                  

  

 

www.jespublication.com Page No:881 

 
 

 

Conference (ITNEC). IEEE. 2017, pp. 87–

91. 

[44] Bryan Gregory. “Predicting customer 

churn: Extreme gradient boosting with 

temporal data”. In: arXiv preprint 

arXiv:1802.03396 (2018). 

[45] Li Wang et al. “Time-sensitive Customer 

Churn Prediction based on PU Learning”. 

In: arXiv preprint arXiv:1802.09788 

(2018). 

[46] Adnan Amin et al. “Customer churn 

predic-tion in the telecommunication 

sector using a rough set approach”. In: 

Neurocomputin 237 (2017), pp. 242–254. 

[47] I Franciska and B Swaminathan. “Churn 

prediction analysis using various 

clustering algorithms in KNIME analytics 

platform”. In: 2017 Third International 

Conference on Sensing, Signal Processing 

and Security (ICSSS). IEEE. 2017, pp. 

166–170 

http://jespublication.com/

