[

ATLANTIS

PRESS Advances in Engineering Research (AER), volume 131

3rd Annual International Conference on Electronics, Electrical Engineering and Information Science (EEEIS 2017)

Using Combined Model Approach for Churn Prediction in
Telecommunication

Fa-Gui LIU, Zhi-Jie ZHANG*, Xin YANG

School of Computer Science and Engineering, South China University of Technology, Guangzhou,
China

* Zhijie Zhang (corresponding author) email: zhgzzj@126.com

Keywords: Combined model; Churn prediction; Hybrid data; FKP; SVM

Abstract: To solve the prediction problem of hybrid data in users’ consumption information of
telecommunication, the paper use the fuzzy K-Prototypes (FKP) and support vector machine
(SVM) combined model to improve the accuracy of users churn prediction. In the combined
model, FKP is adopted to cluster hybrid large data volume effectively, and then the samples
nearby cluster center in each cluster as the input of SVM to promote the prediction efficiency. As
shown in the experience validation results, the proposed FKP-SVM combined model has excellent
performance in predicting churn, due to reduce the training time of hybrid large-scale data set and
save system resources.

1 Introduction

With the development of mobile network, researchers pay more attention to the off-network of
mobile users. In accordance with the factors of basic information, consumption information and
individual preference of users, the off-network trend of users can be effectively and reasonably
predicted. Namely, users are divided into two types: churn and non-churn [1-2]. In the research on
the situation of users churn in mobile network, Pareto principle is also applicable. The influence
created by 80% ordinary (low ARPU value, APRU which refers to average consumption per user)
users will be lower than that of 20% high-value (high ARPU value) users. The effectiveness of
retention policy customized for high-value users on prevention of users churn is more obvious [3].
In the research, this principle will also be followed to analyze the churn of high-value users, so
that the operator can clearly understand the degree of satisfaction of users for the current mobile
service.

At present, in the research of users churn, focusing on the following aspects: (1) hardly
considering the establishment of corresponding users churn prediction model for different groups;
for example, subdividing users based on the value of users and establishing prediction models
respectively; (2) the data type in the users’ consumption information has not been considered yet,
and effective strategies are not taken to deal with the classification of hybrid data; (3) main
algorithms used to predict churn are mostly single model which has not the better stability and
effect of the prediction. Such as regression analysis, decision tree, neural network, and SVM
(Support Vector Machine) and so on. Meanwhile, the above-mentioned prediction algorithms have
their own advantages and disadvantages, and the scope of application has certain limitations. For
example, SVM has good classification accuracy in small data set and high time complexity in big
data set.

Therefore, for the above-mentioned problems and the characteristic of users consumption data,
a fuzzy K-Prototypes and SVM combined model (Fuzzy K-Prototypes Cluster-based Support
Vector Machine, FKP-SVM) is proposed to solve the instability and limitations of single
prediction model and predict churn trend of high-value users. The purpose is to reduce operation
time and improve prediction accuracy. In the combined model, fuzzy K-Prototypes algorithm is
firstly adopted to effectively deal with hybrid data and cluster the mixed sample with large data
volume; then, selecting samples nearby the cluster center in each cluster as the input of SVM to
solve the poor training efficiency of SVM, which caused by the randomness in handling
large-scale data set; finally, establishing rapid and accurate prediction model. The experimental
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results show that FKP-SVM combined method can reduce the training time of large-scale data set,
save system resources and improve the prediction accuracy for hybrid data.

2 Backgrounds

In the prediction research of users churn, attentions are mainly focus on two aspects: firstly,
adopting single model method to predict users churn; secondly, adopting combined model method
to predict users churn.

There are rich research results of the users churn prediction based on single model, researchers
adopt different single models to analyze the users churn. Hadden J et al. [4] compared the effect of
methods such as neural network, regression tree and regression model in the users churn
prediction. Ying et al. [5] proposed the SVM method with different types of weighting parameters
based on the characteristic of unbalanced size of positive and negative samples in actual customers
churn data. Xia et al. [6] compared methods such as artificial neural network, decision tree and
Bayes classifier from aspects such as accuracy, hit rate, coverage rate and lifting coefficient.
Gopal R K et al. [7] firstly adopted ordinal regression method to model the users churn situation.
Sato T et al. [8] used principal component analysis method to predict the customers churn and
compared this method with Bayes, decision tree and SVM method. Owczarczuk M et al. [9]
adopted the logistic regression method to conduct research on mobile and telecom customers
churn. Huang et al. [10] proposed a new characteristic set and adopted logistic regression, linear
classification, Naive Bayes, decision tree, multilayer perception and SVM to predict customer
churn.

It has become an important strategy and method to model users churn with combined model.
Tsai C F et al. [11] designed two mixed models to predict customers churn: the first model is the
mixed model of neural network + neural network; the second model is the mixed model of
self-organizing mapping + neural network. Pendharkar P C [12] proposed the neural network
combined model based on genetic algorithm to model on the users churn. Wojewnik P et al. [13]
combined K-means clustering algorithm and classical single model classification algorithm to
design an integrated model to model for the customers churn and obtain higher hit rate of
prediction. He et al. [14] adopted C5.0 decision tree algorithm, CART decision tree algorithm and
RBF neural network to make research on the customers churn. Lu et al. [15] adopted logistic
regression to establish the churn prediction model for each type respectively. Idris A et al. [16]
proposed the feature selection approach based on filter and wrapper to establish the combined
prediction model of users churn.

3 Combined Model

For the characteristic of complex factors on users churn, the data set includes various types of
attributes which is characterized with the hybrid data type. Therefore, the fuzzy K-Prototypes and
SVM combined model method is proposed in this Section to deal with the above-mentioned
problems to improve the accuracy of prediction and obtain stable prediction effect. The thought of
this combined model will be specifically described below.

3.1 Fuzzy K-Prototypes

Huang et al. propose K-Prototypes algorithm to solve the problems of numeric and symbolic
hybrid data[17]. Fuzzy K-Prototypes is expanded from K-Prototypes algorithm. It obtain the
minimum value of the objective function by assigning membership to cluster objects and updating
the cluster center and dividing matrix to cluster hybrid data effectively.

Givenx ={X,,X,,.., X, }, setting the cluster number K and dividing N data sample to K

cluster. The cost function is minimized as a clustering criterion:

K N
Minimize. F(w,2)=3"3 wid(X,,Z,)

k=1 i=1
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Subject to. w, €[0,1]
N 1
w, =1 (1<k<K,1<i<N) 1)
=l N

0<> w, <N
InEq.l, 2={Z.,Z,,...2.}, Zi=[Z4:22s--r2,, ) ar€ the cluster center, Z, eDOM(A ), 1<j<m;

J
0>1lis fuzzy index; d(X,Z,)is difference measure; W:{wk,.}is membership of X, in cluster
K.
In the attribute of X,, [xA X,

11574290

x,,p] 1S numeric attribute, [x, X,

- Iml,,..,xim]ls classification

attribute, the difference measure is defined as follows:

i m
d(X,,2,)=d (X, Z,)+rd, (X, Z) = (%, —z.) +7. > 8(x,.2,,) 2

=1 r=p+1

In qua 5()6

it?

0(x, =z, . . :
2, )= (x” Z”) s X, z,1s the value of the 7 attribute; y, is the
l(x,r *z ,-T)
classification attribute weight of each class.
The division matrix is updated by using the following method:
w, =1(Z, = X,) w, =0(Z,=X,,1#k)
w, = ! —(Z,#X,,1<I<K)
[z, 07
=1 d (Z] b X)
The cluster center is updated by the following method:
When 4,(1<j<p) isanumeric attribute,

N
0
Z WeiXis
i=1

=5 (1<k<K) )
>
i=l

When 4, (p+1< j<m) is a classification attribute and Z,, = aﬁ.y ) e DOM (Aj),

N N
Z(w,i | x; =a‘57))22(w,i | x; =a§7))(1£}/,t£nj) ©)

In Eq.5, n, is the' number of clagsification attributes 4;. That is, the eigenvaiues with the

3)

Z

ki

highest frequency appear as the new cluster center eigenvalues.
3.2SVM

SVM is a kind of supervised learning method. It selects the hyperplane with the maximum
distance from member to non-member under the situation of hyperplane with several partitioned
data so as to establish the optimal hyperplane to partition the two types of samples. The
characteristic of SVM is that it is used to solve non-linear mapping problems and adopted kernel
function method to map the complex problem in high-dimensional space to low-dimensional
space[18]. The specific algorithm description is as follows:
11 /
Minimize. %ZZ%%%%K (x%.x,)- Zlai

i=1 j=1

/
Subject to. ay =0
; i/ (6)

0<a <C,i=12,..1

—rdel?

In Eq.7, using the Gaussian kernel function G(x,y)=e , y>01is used to control the width
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of the kernel, |x- y||2 is the square Euclidean distance between eigenvector x and y, C

represents the classification interval cost function to solve the noise or error in the sample
Tag-induced misclassification.

3.3 FKP-SVM

The FKP algorithm is used to cluster the mixed consumption data, and then the samples near each
cluster center as input of SVM to deal with the mixed large-scale data problem effectively.
Specific thoughts are as follows:

Firstly, divide original dataset into training set and test set. At the time of selecting training set
and test set, training set is 60% of original dataset, and test set is 40% of original dataset.

Secondly, it is the construction of FKP-SVM combined model. Specific process is as follows:

(1) Cluster training set. Initialize cluster number and cluster center of FKP algorithm and carry
out cluster processing.

(2) Build FKP-SVM combined model. The cluster center of each cluster in training dataset can
be obtained by using FKP cluster algorithm and select the samples closed to cluster center as input
of SVM. The selection method is to calculate the matrix of distance between each sample and
cluster center, and select N samples with the shortest distance in distance matrix to form input
training set of SVM.

(3) FKP-SVM prediction. After the network training is converged, the test set is used to predict
the users churn.

Based on the, the cluster results of FKP algorithm is the input of SVM to deal with the mixed
data for reducing the running time and improving the prediction accuracy. The FKP-SVM
combined model is shown in algorithm 1 and the algorithm flow is shown in Fig. 1.

Algorithm 1: FKP-SVM combined model (x,,...,x )

1: Dividing the original data set into training sets and test sets.

2: Using the algorithm 1 to cluster the training set.

3: Getting the output value of algorithm 1, that is, the cluster center of each cluster.

4: Calculating the distance matrix of all samples in each cluster, and the input training set of SVM
is selected from the distance matrix to construct the FKP-SVM combined model.

5: Calculating the training error of the FKP-SVM combined model. When the training error
satisfies the requirement, the iteration is stopped and the training is completed.

Input data

:.,  2
L |

Training data | Test data

—

Using FKP to cluster data

: , !

Cluster 1 ‘ 5 Cluster N

| |

Selecting samples near
cluster center as input of
SVM

v

Training FKP-SVM ‘ L‘ Using FKP-SVM combined model
combined model ‘ ‘ to predict user churn

Fig. 1 The flow chart of FKP-SVM combined model
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4 Experiment and Analysis
4.1 Data attribute analysis

In this section, combining existing users’ consumption information with users’ information,
consuming behavior, billing data to form the important attributes which are extracted from the
mobile core network to form primitive attribute set 4 ; by analyzing consuming behavior changes
of users on time window to expand new attribute set B from primitive attribute set 4, the
details are in Table 1. The period from September 1, 2015 to October 31, 2015 as time window to
discrimination of user churn. Wherein, randomly select 28,504 users with ARPU value higher than
50 yuan. After the preprocessing operation on the data set, the numbers of valid samples are
28,379, which account for 99.56% of total samples. Among them, 3901 are churn users, churn rate

1s 13.75%. This dataset is denoted as “churn dataset™.

Table 1 The attribute set of consumption information

Monthly number of messages
Monthly internet access
Value added and total cost

No. A B
1  Call number Call number
2  Type (3G, 4G) Type (3G, 4G)
3 ARPU per month ARPU per month
4 Sex Sex
5 Age Age
6 Network age Network age
7 Package type Package type
8  Monthly call duration Monthly call duration
9 Time Time
Site Site

Monthly number of messages
Monthly internet access
Value added and total cost

call duration changes for nearly a month
bill change for nearly a month

basic fee changes for nearly a month
new fee changes for nearly a month
Balance for nearly a month

Number of downtime for nearly a month
Call the hotline for nearly a month

DO M = = = e e e e e
SOOI INP,hWNO—O

4.2 Model process

In this section, the model will be made on user churn and specific process is as follows:

(1) Dividing “churn dataset” into training set and test set, the division proportion of dataset is
6:4.

(2) Initializing the parameters of FKP algorithm. Wherein, the cluster initialization center is
randomly generated, the number of cluster is 4, the minimum allowable error is10™*, classification
attribute weight » is 1.1 and the fuzzy index is 2.

(3) In training set, using FKP to cluster dataset.

(4) In cluster result, selecting 200 samples which are close to each cluster center as the input of
SVM. In SVM, Gaussian kernel functionG(x,y)=e” ot

(5) Training FKP-SVM combined model until network is converged.
(6) In training set, using FKP-SVM combined model to predict users churn.

4.3 Model evaluation

y andCis 1 respectively.

In this section, in order to verify the performance of FKP-SVM combined model, K-means-SVM
[13] and FCM-SVM [19] combined model methods are introduced to compare with it. The
following evaluation model is adopted to assess the experiment results [6], true (actual) churn in
datasets is compared with predicted churn, as shown in Table 2.
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Table 2 Churn evaluation matrix

Churn status Predicted churn Predicted non-churn
True churn A B
True non-churn C D

According to Table 2, calculating the accuracy, hit rate and coverage rate of the model, the
specific formula is as follows:
__A+D , Hit rate= , Coverage rate = A .
A+B+C+D A+C A+ B

In the expriment, K-means-SVM, FCM-SVM, and FKP-SVM combined model methods will be
respectively adopted to predict users churn. In these three models, cluster number is 4, cluster
center will be generated randomly, 1-200 data sample of each cluster which is close to cluster
center will be selected as the input of SVM. The prediction results are shown in Table 3 and Table
4.

Accuracy=

Table 3 Test results of three combined models

Model K-means-SVM FCM-SVM FKP-SVM
Churn T 0 I 0 T 0
1 1113 571 1353 262 1421 51
0 685 8982 284 9452 94 9785

Table 4 Evaluation results of three combined models

Combined model Accuracy Hit rate Coverage rate
K-means-SVM 88.93% 61.90% 66.09%
FCM-SVM 95.19% 82.65% 83.78%
FKP-SVM 98.72% 93.80% 96.54%

Experiment results in Table 3 and Table 4 show that the accuracy, hit rate, and coverage rate of
FKP-SVM combined model are superior to those of K-means-SVM and FCM-SVM combined
model. The reason is that FKP can cluster hybrid data effectively, and it can treat numerical data
attributes and categorical data attributes differently. Besides, different calculation methods and
strategies are adopted to carry out reasonable calculation of various attributes. Therefore, the
better cluster effect is obtained, and the accuracy of subsequent algorithm in combined model is
also improved. However, K-means cluster algorithm and FCM cluster algorithm are not
considered the difference between data attributes. However, fuzzy boundary and uncertain factors
are considered in FCM clustering, the prediction effect and accuracy of subsequent algorithm in
FCM are better than those of K-means method.

5 Conclusion

According to the Pareto principle, the impact of high-value users will be much higher than the
average user and the effect of retention policy at high-value users on prevention of users churn is
more obvious. Therefore, this research is mainly centered on churn of high-value mobile users.
Based on the prediction problem of mixed attributes existing in big users’ consumption data,
FKP-SVM combined model is designed to predict users churn and solve prediction problems of
hybrid large-scale data. In this model, FKP algorithm can be used to effectively cluster mixed
attributes through carrying out different calculations of numerical attributes and categorical
attributes. In cluster result, samples which are close to cluster center are selected to be input of
SVM. In this way, the problem of classification accuracy of SVM for large-scale samples can be
resolved to obtain the better classification result. In the experience, the attributes in original
dataset have been extended to reflect the changes of users’ consuming behaviors clearly. Besides,
multiple evaluation indicators have been used to evaluate the performance of FKP-SVM combined
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model. Comparing the proposed combined model with others from the aspects of accuracy, hit rate
and coverage rate, FKP-SVM has a better effect in dealing with hybrid large-scale data and can
predict users churn trend accurately.
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