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Churn prediction deals with challenging problem of detecting customers who probably cancel a subscription to a service.

Data mining techniques such as decision tree, logistic regression, neural network are very successful in prediction customer

churn. However, the prediction accuracy of these classification techniques reduces when handling with class-imbalanced data.

Class-imbalanced data are common in the field of Churn prediction, mainly one or some of the classes have much more

instances samples in comparison to the others. Classification techniques for imbalanced datasets usually correctly predict the

results for the majority class, but do not perform well to predict results for the minority class. In this paper, we propose

SMOTEBagging, which combines SMOTE sampling technique with Bagging algorithm to enhance the classification model

to predict results for the minority class. The classification performance is obtained via S-fold cross validation. The

experimental results show the effectiveness of SMOTEBagging technique.
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1. INTRODUCTION

Telecommunication companies face with severe
competition in this decade. They need to adjust
themselves to survive in business. One of the strategies
adopted by these companies is churn prediction to
anticipate potential customers who have prepared to leave
the companies. Using this technique, they can deliver
special offers to maintain this group of customers. As a
result, the companies can save costs of acquiring new
customers to replace missing customers. There are many
researchers presenting prediction models using machine
learning and data mining to study churn prediction.
Sharma, A. and P.K. Panigrahi' proposed Neural Network
to perform predictive model. Moeyersoms, J. and D.
Martens ? conducted a study which used C4.5, Logit and
SVM to study churn prediction in energy sector. Nie, G,
et al’ developed forecasting credit card churn model
using the logistic regression and decision tree. This
previous review of studies shows that data mining
methods give a high prediction accuracy rate.

However, there was a problem in the prediction that
ocecurs due to the disproportion between churn and non-
churn samples. Non-churn sample outnumbers churn
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sample and the two groups hold different characteristics.
We call this problem ~imbalance data problem~ Imbalance
data imposes problems because in creating a model, the
algorithm learning process will focus more on the larger
group while the smaller group possesses more important
information. Many researcher proposes techniques to
balance class distribution such as Burez, J., and Van den
Poel, D. * proposed Under sampling and Over sampling
technique to achieve the good accuracy in customer churn
prediction. According to Thammasiri, D, et al® used
SMOTE to resampling for balance data. Their results
showed that when wusing SMOTE data-balancing
technique and SVM to classify data can achieved the
good accuracy.

In this paper, the purpose of this research is to develop
a classification model of persistence with maximum
predictability.  This paper is organized as follows. In
Section 2, we explain the classification model such as
Decision tree(DT), Neural Network(ANN), Support Vector
Machine(SVM) and SMOTEBagging algorithms. In
Section 3, we present the dataset, methodology and
evaluation model by using confusion matrix used for our
study. Section 4 we show experimental result. Finally,
Section 5 concludes this research.
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Table.1. Review their research paper that related our work.
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Researcher name Resampling Classification
Technique techniques
Sharma, A, and Panigrahi, P. K. - Neural
(2011)° networks(NN)
Brandusoiu, I, and Toderean, G. Support Vector
(2013)7 Machine

Balasubramanian, M.,
Selvarani, M. (2014) 8

and

Decision tree,
Neural

Network
Vafeiadis, T, etal (2015)° BPN, SVM-
RBF, SVM-
POLY, DT-
C50
Burez, J, and Van D.P. (2009)'° | Under Logistic
sampling, regression,
Over Random forest
sampling

2. PREDICTION MODELS

This study aims to find the best model for
classification techniques and balance data techniques
within a Churn prediction context. To test the
performance of the propose classification techniques, four
classifiers have been used to test affected imbalance data
including decision trees, neural networks, support vector
machine and SMOTEBagging.

Decision Tree C4 5(DT)! has a structure of decision in a
form of hierarchy. The structure looks like an upside-
down tree with root nodes at the top and leaf nodes at the
bottom. The tree consists of nodes, cach node features a
test. The branches of the tree represent the possible
features of the selected test. Leaves, which are at the
bottom of the decision tree, represent a group of classes
or the results of predictions. To choose an attribute to start
building a root node or branch node, we have to consider
information gained of each attribute.

Artificial Neural Network (ANN)? is one of the

techniques in data mining. ANN is a mathematical model
for information processing mimicking function of neural
network like human brain. The objective of ANN is to
create a model which is capable of learning patterns and
creating new knowledge. Same as human brain, once
there is an input, Neural Networks takes the input and
multiply it by the weight of each node. The combined
results from all nodes in each neuron will be compared
with a threshold. If the sum of the results is greater than
the threshold, the neuron will send the sum as its output.
The neuron output then becomes an input for other
neurons. The important part of ANN that we need to
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know in order to modify the model is the weight and the
threshold.

Support Vector Machine (SVM) has been proposed by
Vapnik in 1995" This algorithm can be used to solve the
problem of classification. Concept of Support Vector
Machine is putting data into feature space then find the
line that divides the data into two groups. We call the line
“Hyperplane”. The researchers then find which
hyperplane can best classify the data. Originally, Support
Vector Machine is used with linear data. However, it can
be applied to non-linear data by using Kernel Function.
The SVM main objective is to find the best classification
function to scparate the data into multiple classes with
maximum margin and minimum error.

SMOTE" is an oversampling method to increase
instance on minority classes to approximate majority
class. For each minority instance, its five nearest
neighbors of the same class are found. Some of the
nearest neighbors are randomly selected in consonance
with the over-sampling rate. A new synthetic example is
using Euclidean distance to find nearest instance and
generate new instance between nearest instance and the
minority example.

SMOTEBagging'* is a combination of SMOTE and
ensemble Bagging algorithm, where the SMOTE will be
implicated in the process of Bagging, repeatedly synthetic
samples to balance the class on data subset from
Bootstrap.

Training;14
1. TS is the Training Datasct

2. Create subset 7S, from TS original training dataset by step
below.

2.1 Random sampling some instance from 7S add into TSk
dataset

2.2 For each class minority (1, ..., C-1).

Re-sample from original instances with replacement at the
rate of (Ne /! Np)-b%.

Set N-(N¢ / Np).(1-b %.).100
Gennerate new instances on TS X using SMOTEk, N
3. Train a classifier from TS,
4. Change percentage b
5. Repeat step 2 and 3 until majority class equals minority class.
Testing on a new instance
1. Generate output from each classifier model.

2. Return the final class from the majority votes.

SMOTE is method that produce synthetic data
based on the K-nearest neighbor technique.
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3. METHODOLOGY
Dataset

The dataset used in this paper are from the machine
learning UCI database of University of California'. This
data set contains the customer records of a
telecommunication company. The data set includes 20
attributes, 1 class, and 3,333 customer records (2,850 non-
churn customers and 483 churn customer). Imbalance ratio
(IR) of the dataset is 4.83. Variables are show on Table 2.

Table 2. Variables

_Attribute name Type
State Category
area code Number
phone number Category
international plan Category
voice mail plan Category
number vmail messages Number
total day minutes Number
total day calls Number
total day charge Number
total evening minutes Number
total evening calls Number
total evening charge Number
total night minutes Number
total night calls Number
total night charge Number
total International minutes Number
total International calls Number
total International charge Number
number customer service | Number
calls
class attribute (churn or non- | Category
churny:

Data preprocessing

We performed the preprocessing on raw data before
using them to build models. The area code attribute
includes only three different values for all the records,
while the state attribute includes all 51 states. Therefore,
we decided to not contain these two attributes, as it can be
poor data. The phone variable has been eliminated
because it does not contain relevant data that can be used
in prediction; it is useful only for identification purposes.
We have therefore reduced the number of predictors.

Evaluation measures

To compare the predictive performance of various
models, we use confusion matrix as shown in Table 3
which records correctness and incorrectness of recognized
examples for each class. Four cases are considered as the

result of the classifier from the example. The True
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Positives (TP) is the number of churn examples that were
predicted correctly. The True Negatives ( TN) is the
number of non-churn examples that were predicted
correctly. The False Positives (FP) is the number of churn
examples that were predicted incorrectly. The False
Negatives (FN) is the number of non-churn examples that
were predicted incorrectly. Overall accuracy is calculated
using equation (1).

Table.3. Confusion matrix.

Correct result

Predicted Predicted
Churn non-Churn
Obtained Actual True positives  False positives
i Chumn (TP) (FP)
Actual False negatives ~ True negative
non-Chun FNy (TN)
accuracy = i (1)
TP+ FP+TN + FN

Moreover, to evaluate the classification performance we
used the diversity of formulas to estimate the prediction
results including the measures of True Positive Rate (TP
Rate), True Negative Rate (TN Rate), Precision,
F-measure and G-mean, which calculated by the contents
in the confusion matrix. These values can then be used to
define the metrics described below:

The sensitivity of positive data:

TP (2)

sensitivity = ————.
TP + FN

The specificity of negative data:

. TN 3)
specificity = ———.
IN + FP

True positives rate (TP) are cases in which we
predicted churn, and they do have churn. TP are also
known as "Sensitivity or "Recall".

1P (4)

TP _RATE = .
TP+ FN

True negative rate (TN) are cases in which we
predicted non-churn, and they do have non-churn.:
TN %)

TN _RATE= .
TN + FP

The Precision rate is the rate that when it predicts yes
how often it is correct. as shown in Equation (6).

>
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TP

precision= ————,
TP +TP

(6)

Another type of measure often used in imbalance data
problems is the G-Mean which can be defined as a
geometric mean of Positive Accuracy and Negative
Accuracy. The metric used in this research is the
geometric mean of the truerates'® as shown in Equation

(7.
GMEAN =/ sensitive * specificity (7

F-Measure is defined as a measurement that combines
the precision and recall A high F-measure Value
significant a high value for both recall and precision.

2* recall * precision
F—measiwre =—————————
recall + precision ()

. Detail of parameter for algorithm

The details of parameter values for each learning
algorithms in this research have been made according to
the following. Decision tree: The confidence level will be
set value at 0.25 and using pruning to obtain the final tree.
Neural Network: We use training parameter includes
hidden 30 layer, transfer function is tansig and purlin,
epochs is 1,000 and goals is 0.01. Support Vector
Machine: We use RBF kernel function and set parameter
C is 10, Gramma is 0.01. SMOTEBagging: We learned
10, 20, 30, 40, 50, 60, 70 ,80 classifiers for each
ensemble. SMOTE configuration will be defined with a
50% class distribution and 5 neighbors for generating the
synthetic samples.

4 EXPERIMENTAL RESULT

The results of predictive model which include True
Positive Rate (TP Rate), True Negative Rate (TN Rate),
Precision, F-measure and G-mean of 11 response models
with the churn data are shown in Table 4. Figure 2
presents the average Accuracy, True Positive Rate (TP
Rate), True Negative Rate (TN Rate) of the classification
models. Figure 3 presents the average Precision, F-
measure and G-mean of the classification models.
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Table.4. Experimental Results.

Classification Method | Aco. [ Tp [N [ Prec [ M [GM
DT (C4.5) 91.30 68.04 | 9526 | 70.97 | 69.47 | 80.51
NN (BPN) 91.99 58.18 | 97.72 | 81.21 | 67.79 | 75.40
SVM 89.36 34.02 | 98.77 | 82.50 | 48.18 | 57.97
SMOTE Bagging 10 93.16 97.09 | 73.22 | 94.84 | 9595 | 95.96
SMOTE Bagging 20 92.35 97.10 | 69.72 | 93.86 | 95.45 | 95.46
SMOTE Bagging 30 92.80 96.98 | 71.89 | 94.53 | 95.74 | 95.74
SMOTE Bagging 40 | 93.19 | 97.19 | 73.10 | 94.77 | 95.97 | 95.97
SMOTE Bagging 50 92.98 97.08 | 72.43 | 94.63 | 95.84 | 95.85
SMOTE Bagging 60 94.78 98.49 | 72.88 | 95.54 | 96.99 | 97.00
SMOTE Bagging 70 93.04 97.02 | 72.86 | 94.77 | 95.88 | 95.89
SMOTE Bagging 80 | 92.98 | 97.08 | 72.43 | 94.63 | 95.84 | 9585
100.00

J0.00

60.00
40.00 i
]
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0.00 *g

W Accuracy mTP m TN

Figure 2. The average Accuracy, TP Rate, TN Rate of the

classification models

Figure 2 and Table 4 show the performances of models.
On average, SMOTEBagging learns 60 classifiers for
each ensemble model providing the highest rate of
accuracy (94.78), and true positive rate (98.49). Support
Vector Machine model provides the highest rate of true
negative rate (98.77). In addition, the methods using
balance data still provide higher true positive rate than
that of the methods using unbalance data.







