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Abstract— Predicting customer churn is a critical requirement of
many if not all companies dependent on customer subscription
services. The telecommunication sector is especially impacted due
to the rival competition being very high and since tariff rates are
maintained at a lower level. This paper describes the efforts made
by researchers to build successful churn prediction models
highlighting their special characteristics.
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1. INTRODUCTION

A. What is customer churn

With the saturation of telecommunication services in the
modern day world, undoubtedly the telecommunication
service companies are facing rival competition day by day.
Companies face this competition in two main ways, customer
acquisition and customer retention. Literature reveals that, the
cost of customer acquisition is up to S times more than the
customer retention cost[1]. Therefore, organizations generally
focus mainly on maintaining a long term relationship with the
existing customers than acquiring new ones. In this paradigm.,
the word customer chum mainly refers to switching a
customer from a service provider to another for some
reason{2][3][4].

B. What is churn prediction

Chum prediction is the termn used to determine the
churning customers from a given service provider. What
important is to determine whether a given customer is
planning to churn and also identify reasons for it, not
necessarily the target service provider.

C. Why predict churn

A company’s main intention is to make profit and
reducing loss making situations helps in increasing profit.
Literature reveals that, average churn in telecommunication
companies a month is 2.2% [4]. If a customer is going to be
churned, a company sees it as a loss of money. If a company
can predict whether a given customer is going to churn or not
in future, that company has the opportunity to take action to

try and provide the customer with a better service or address

any unsatisfactory situations, if the planned churn is due to
such a reason. Not only individual customers, having an idea
of customer groups also beneficial to companies when making
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their long/short term policies, tariffs and special packages. For
a telecommunication service provider company, customet
churn is very common due to the switching cost being very
low in this sector.

D. Different directions used in churn prediction

For more than a deécade, people have researched on how
to predict churn in the telecommunication sector. Decision
trees (DT)(5], ‘Artificial neural networks (ANN)[5], Genetic
algorithms (GA)[6], Support vector machines (SVM)[5][7],
Word of mouth{8], Bayesian Belief Networks (BBN)[3] and
many other techniques have been used.

In the chumn prediction paradigm, not only the chuming
customers but also the reason for their churn is very valuable
due to the simple reason that it is difficult to address the
problem without knowing the reasons behind the situation.
Although techniques such as ANNs alone may not be
sufficient to capture the reasons for churming they will give a
high accuracy on results, a technique like BBN may identify
the reasons for churn. A combination of these techniques can
be used to obtain the benefits from each as well as avoid the
limitations in using a single technique.

E. What will be discussed in the paper and the order of
presenting

This paper is arranged as follows. Section II consists of
the main subject matter of the paper. literature survey
highlighting the main techniques and issues. Section [Il
describes datasets and the evaluation methodologies being
used. Section IV emphasizes on challenges and finally,
Section V describes the future work, followed by the
references.

1I. LITERATURE SURVEY
In Aug-2002, Chih-Ping Wei and I-Tang Chiu[4] used
Decision Trees to build their model for churn prediction. They
have purposefully got rid of artificial neural networks (ANN)
mainly due to the reasons given below, although ANNs are
capable of providing decent predictions,

o For large amount of training data, ANNs take considerable
time to train.
e ANNSs are not easily interpretable.
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One important factor of their study was to more focus on
the contractual level rather going in to the subscriber level.
This means, rather than focus on the customer demographics
they have used what arc relevant to the contracts. One reason
for this decision was that, the company which invested to their
rescarch did not have much of customer information at the
period of study. On their study, they have divided the time into
several periods and they experimented with how the results get
changed with the sampling period of the call information.
(E.g. how many days of call information should be

aggregated?)

Hee-Su Kim, and Choong-Han Yoon[9] focused on the
loyalty of the customers of a mobile service provider in terms
of churning as well as recommending the service to others.
The factors such as the “level of satisfaction with alternative-
specific service attributes including call quality, tanff level,
handsets, brand image, as well as income, and subscription
duration” were affected for the customer loyalty of retaining
and “‘the factors such as call quality, handset type, and brand
image affect customer loyalty as measured by the
intention/non-intention to recommend the service provider to
other people”.

Yu, W. Sobey et al.; [10] emphasized the weaknesses in
existing churn prediction methodologies in
determining the reasons behind the customer chum.

Shin-Yuan Hung, David C. Yen and Hsiu-Yu Wang[11]
used Customer demography (age, tenure, gender), bill and
payment analysis (monthly fee, billing amount, count of
overdue payment), call detail records analysis (within network
call duration, call type) and customer care/service analysis as
features in order to build the models. In their paper they have
mentfoned specifically to avoid special festival seasons when
taking the records as they have experienced some
abnormalities in call pattern in special seasons (e.g. Chinese
New Year). They have used the decision trees and neural
networks in building their models.[11]

Jae-Hyeon Ahna, Sang-Pil Hana, Yung-Seop Lee [12]
morc focused on customers’ status with regard to the
company. In detail, they have defined customer statuses as
“active use, non-use, suspended (by the service provider),
churned” and considering the deflections as partial deflections
or full deflections. Tuming from active use to either non-use
or suspended are being considered as a partial deflection and
swapping the provider was considered as a full deflection.

Cao Kang and Shao Pei-ji[7] introduced the Support
vector machine-recursive feature elimination attribute
selection algorithm. In their words, “It could identify key
attributes  of customer chum, rule out the related and
redundant attributes, and reduce the dimensions of data”. In
addition to that, it is mentioned two types of feature
elimination algorithms, namely “Filters” and “Wrappers”. The
Filter type algorithms use the characteristics in the dataset to
select the appropriate features without involving any learning
algorithm. The good side of this method is that, it doés not
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inherit any bias from the learning algorithm and also the
computation is less expensive. The other side of this mcthod is
that, it does not guarantee an optimal feature subset. Also, it
may contain a significant amount of noise features as well. On
the other hand, the idea of the Wrapper type algorithms is to
use the learning algorithm which uses to learn the model to
evaluate the optimality of a given feature set to either keep or
discard a feature.

Parag C. Pendharkar[6] proposed two Genetic algorithms
based neural network models to predict churn in wircless
networks. Their first GA based NN model uses a cross
entropy[13] based criterion to predict customer churn, and
their second GA based NN model attempts to directly
maximize the prediction accuracy of customer churn. Their
results show that, “both GA based NN models outperform the
statistical z-score model on all performance criteria”. Further,
they have observed that “medium sized NNs perform best and
the cross entropy based criterion may be more resistant to over
fitting outliers in training dataset”. They have used both
GANN[6] and MLGANN(6] and also z-score to predict
churning. Clearly the fastest training was obtained by z-score
but its accuracy was around 60%. NNs took few hours to train
and accuracy was around 98%. Also they have tested the
models. trained with low/medium/high hidden nodes and for
the three inputs, and observed NNs with medium no of nodes
were optimal. (6 in GANN and 9 in MLGANN)

Nicolas Glady, Bart Baesens, Christophe Croux[14] had a
little different strategy for churn prediction. Their (first
contribution was to “redefine the notion of customer loyalty
by considering it from a customer-centric viewpoint instead of
a product-centric one.” They then “used the customer lifetime
value (CLV) defined as the discounted value of future
marginal earnings, based on the customer’s activity. Hence, a
churner is defined as someone whose CLV, thus the related
marginal profit, is decreasing”.

Rong Liu, Yuanquan Li, Jiayin Qi[15] mainly focused on
who to attend more after finding the churn probabilities of the
customers rather than giving urgent attention to the customer
with highest churn rate, on their research.

Jiayin Qi, Yuanquan Li [16] focused on the ways of

selecting the effective input variables in-a telecommunication

customer churn model. They have proposed a procedure to
select the input parameters in a step by step manner and
applied their method to a real life dataset. Their variable
selection methodology consisted as below.

First, they have used the AUC index of each variable in
thé initial variable set. The variables with the AUC value
higher than 0.5 are selected for the next round of variable
selection. In their initial data set of 216, this procedure
reduced it to 155.

As the second step, they have measured the mutual
information for each two variables in the 155 variables. The
variables with mutual information less than 0.4 were selected
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as the final selected input variables for the chum prediction
model which left 60 variables.

Ghorbani, A. .Taghiyareh, F[17] proposed a framework
to improve the management of customer churn.

B.Q. Huang et al., [2] have changed the time period which
used for the prediction and accompanied with new topologies
for the prediction model combining predictors with window
techniques.

Bingquan Huang, B. Buckley, T.M. Kechadi[l8]
conducted a research for improved churn prediction by having
multiple objectives in their goal for a land line
telecommunication company. The following three objectives
were to be maximized.

o The overall accuracy (OA) - proportion of the total number
of predictions that were correct.

e The accuracy of the true churn (TC) - proportion of churn
cases that were correctly identified.

e The accuracy of true nonchurn (TN) - the proportion of
nonchurn cases that were classified correctly.

In order to do that, they have taken a method NSGA-
[1[19] and made some improvements to the algorithm. Their
methodology describes in their paper abstract as “select local
feature subsets of various sizes, and then to use the method of
searching non-dominated solutions to select the global non-
dominated feature subsets. Finally, the method FBSM[I8]
which yields the fitness thresholds is proposed to choose the
global solutions with the lowest ranks as the final solutions.”

Marcin Owczarczuk [20] tested the usefulness of various
data mining techniqyes for churn prediction in the
telecommunications area. Their main finding and
recommendation was “linear models, especially logistic
regression, are a very good choice when modelling churn of
the prepaid clients. Decision trees are unstable in high
percentiles of the lift curve, and we do not recommend their
usage.”

Huang Y, Kechadi M [21] were looking after new feature
sets for churn prediction in their research. In their paper they
have mentioned, “The main ideg of this approach is to
calculate the dependency between each input feature and the
class. Finally, the comparative experiments were caried out,
and the results show that the new proposed feature selection
approach is very effective for the chum prediction.”

Pinar Kisioglu, Y. llkerTopcu[3] applied Baysian Belief
Networks in order to see what features are directly/ indirectly
relevant to the churn.

TorstenDierkes, Martin Bichler, Ramayya Krishnan [8]
predicted the impact of one customer’s behaviour to another
customer’s decision making on whether to churn and cross
buying decisions.
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Hai-fei Qin, Jian-hua Hu[22] worked on OLAP analysis
to find out the customer churn.

Yongbin Zhang et al., [23] conducted a research based on
only customer service usage information using a clustering
algorithm. They have mentioned the advantage of not having
“missing or non-reliable data and the correlation among
inputs” in their paper abstract, using this way.

Bingquan Huang, Mohand Tahar Kechadi, Brian Buckley
[24] proposed a set of features and predicted the churn using
many predictors (Logict Regression, Naive Bayes, Linear
classifiers, Decision Tree C4.5 (C4.5), Multilayer perceptrons
artificial neural networks, Support Vector Machines and the
Evolutionary Data Mining Algorithms.). }

i

Wouter Verbeke .et al.,, [25] had two parts in their
research. In the first part, they have developed a novel, profit
centric performance measure. They have calculated the
maximum profit that can be generated by incorporating an
optimal fraction of customers with the highest predicted
probabilities to attire in a retention campaign. In the second
part, they have conducted an extensive benchmark experiment
to evaluate classification methodolegies applied in eleven real-
life data sets around the world. Based on profit centric and
statistics, they claim that small number of variables is enough
to predict customer churn with high accuracy. They also claim
that the technique of oversampling (used in the churn model
training stage) generally does not improve the results
significantly. -

Adnan Idris, Muhammad Rizwan, Asifullah Khan[26]
investigated the significance of a Particle Swarm Optimization
(PSO)[27] based under sampling method to handle the
imbalance data distribution in collaboration with different
feature reduction techniques such as Principle Component
Analysis (PCA)[28], Fisher’s ratio[29], Fscore[30] and
Minimum  Redundancy and Maximum  Relevance

(mRMR)[31].

Jianping Peng, Jing Quan, Shaoling[32] investigated the
existing customer retention strategies of a company by
examining the effect of such strategies on extending the
customer’s agreement with company.

Ying Huang, Tahar Kechadi{33] proposes a hybrid
learning system for telecom churn predictions. They use
weighted k-means clustering and a rule induction method to
do the prediction. They claim that the system outperforms
many other chum prediction models and provide superior

results.

[II. DATASETS AND EVALUATION

Chih-Ping Wei and I-Tang Chiu[4] used a customer base
of 114,000 with 4500 churners in their decision tree based
model. They also had around 9,100,000 call records for their
evaluation.
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They have done analysis of their model for the following
criteria.
o Effects of desired class ratios
Effects of number of sub-periods
Effects of length of retention pertod
Analysis of temporal seansitivity
Comparison to previous studies

o © o o

Shin-Yuan Hung, David C. Yen and Hsiu-Yu Wang[11]
have used a data set of 160,000 with 14,000 churners. They
have consulted experts in the domain to identify possible
attributes related to the chuming of the customers and
possibility of using a statistical measure like z-score is
mentioned.

Their performance measured under,

o Overall performance trend
Test modeling technique differences
Sample size impact
Robustness of the models
Performance comparison with prior studies

c o o0 0

Cao Kang and Shao Pei-ji[7] used the telecommunication
churn dataset from Center for Customer Relationship
Management at Duke University. After random sampling,
finally they obtained two data sets; 1458 samples (713
churners, 745 non churners) for training and 1256 samples
(656 chumners, 600 non churners) for testing. They have
compared the results of their churn prediction against PCA,
Information gain and Chi-squat test and claims SVM-REF[34]
gets to the top by having 0.6933 of hit rate and 0.6677 of
accuracy.

JLarag C. Pendharkar{6] obtained the customer
information from the Teradata Center for Customer
Relationship Management at Duke University and contained
the information of 195,956 customers from a wireless
company.

Rong Liu, Yuanquan Li, Jiayin Qi[15] used the local call
details of SCDMA[35] customers. In their data set, they have
captured total of 2,161,248 call events made by 10242
SCDMA customers, and 78.89% were local calls.

Jiayin Qi, Yuanquan Li [16] used a data set of 2000
customers (246 chumed and 1754 non-churned). Since their
research based on variable selection, they have compared the
ROC[36] curves with both initial variable set as well as final
variable set in their paper.

B.Q. Huang et al., [2] selected 47,391 picked customers
from telecommunications company in Ireland in which 9999
churners and 18196 non chumers in training data set and
testing data set with 1,000 churners and 18,196 non churners.
The experiment was carried out with existing variables as well
as proposed variables with four window techniques and four
modelling techniques (MLPs[37], Decision Tree C4.5 and
standard SVMs and one-Class SVMs).
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Bingquan Huang, B. Buckley, T.M. Kechadifl8]
randomly picked 18,600 customers from Ireland base
telecommunications company (Eircom, 2008) to have a
training set of 15.000 customers and a testing set of 3,600
customers (600 churners and 3,000 non chumers).

Marcin Owczarczuk[20] collected three samples of data,
train, calibration and test. The train sample consisted of
85,274 observations and the calibration sample with 36,824
observations and test sample with 45,497 observations. The
train sample and the calibration sample data were collected at
the same time and then split randomly into the train and
validation part. The test sample is then collected after six
months than the train and calibration sample.

Pinar Kisioglu, Y. Ilker Topcu[3] used a data set from a
Turkey based telecommunications provider. It consisted of
2000 total subscribers included with 534 churners. The initial
number of variables of 23 has reduced to 9 after their data
preparation. As per their results, it is identified that only
Average minutes of usage, Tenure and Trend in billing
amount are directly related to the customer churning.

Yongbin Zhang et al., [23]used a call record generator
[38] to generate customer call records.

Bingquan Huang, Mohand Tahar Kechadi, Bnan Buckley
[24] used a training and testing datasets of 13,562 chumers
and 400,000 non churners. Each custoiner was represented by
738 features.

Adnan 1dris, Muhammad Rizwan, Asifullah Khan
[26]Jused a dataset from a French telecom company named
Orange. It had 50,000 instances with 260 features with 190
numerical and 70 nominal features.

JianpingPeng, Jing Quan, Shaoling[32] used a data set of
a Chinese telecommunication sector company with 414,733
customers within three different calling plans.

IV. CHALLENGES

Large datasets with large number ef features makes it
difficult to train and evaluate the prediction models and hence
a feature selection mechanism should be accompanied with
the mining process [21]. Researchers. were focused on
contractual data to avoid the problem of missing values [4].
The 2% usual chuming for a month makes the dataset highly
imbalanced and may make the prediction process difTicult
[39].

Having rival future package details in advance is valuable
information but not feasible to obtain as in a competitive
market, companies tend not to release information about such
new products and services much in advance of the launch.

V. FUTURE WORKS

In the Sri Lankan context, duration of calls within and
optside of the network can have a drastic impact on chum.
Since usually the call tariffs are relatively high for outside
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networks, pcople tend to switch to the outside network if the
customer has to make considerably high number of calls to
that network. Such issues can be addressed in future research.
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