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Abstract
Predicting customer churn has become the priority of every telecommunication service provider as the market is becoming more saturated and competitive. This paper presents a comparison of neural network learning algorithms for customer churn prediction. The data set
used to train and test the neural network algorithms was provided by one of the leading telecommunication company in Malaysia. The
Multilayer Perceptron (MLP) networks are trained using nine (9) types of learning algorithms, which are Levenberg Marquardt backpropagation (trainlm), BFGS Quasi-Newton backpropagation (trainbfg), Conjugate Gradient backpropagation with Fletcher-Reeves Updates (traincgf), Conjugate Gradient backpropagation with Polak-Ribiere Updates (traincgp), Conjugate Gradient backpropagation with
Powell-Beale Restarts (traincgb), Scaled Conjugate Gradient backpropagation (trainscg), One Step Secant backpropagation (trainoss),
Bayesian Regularization backpropagation (trainbr), and Resilient backpropagation (trainrp). The performance of the Neural Network is
measured based on the prediction accuracy of the learning and testing phases. LM learning algorithm is found to be the optimum model
of a neural network model consisting of fourteen input units, one hidden node and one output node. The best result of the experiment
indicated that this model is able to produce the performance accuracy of 94.82%.
Keywords: Neural Network Learning Algorithm, Data Mining, Customer Churn Prediction, Multilayer Perceptron.

1. Introduction
In the era where telecommunication technology changes rapidly,
products keep changing to satisfy the needs of the customer. Getting new customers is rather challenging due to competitive pricing, advertisement, and attractiveness of the products. The service
providers have incurred huge costs of marketing, channel, network, and manpower in obtaining new customers rather than retaining existing customers. In the telecommunication industry, the
issue of customer churn has become an increasingly important
contribution of revenue or profit to the company [1,2]. Customer
retention program is one of the best strategies to keep customers’
loyalty. The customer churn can occur at any time because service
providers are unable to manage their customers on a one-by one
basis.
To minimize churn rate, churn prediction has been proposed by
previous studies to identify customers who are likely to churn [35]. This prediction has helped telecommunication companies in
managing their customers with potential to move out through retention program. In order to manage the customers well, providers
should investigate the reasons why their customers have developed the intention to leave. Furthermore, the companies should be
efficient in terms of network, customer service, and product offering to meet the customers’ needs.

2. Related Works
A variety of techniques have been proposed in data mining analysis to predict customer churn. No specific tool can be used for data
mining because every data in the telecommunication companies
present different types of information [6-8]. Previous studies have
proposed many methods to predict customer churn using statistical
and machine learning algorithm [9-10,12-16]. The scarcity of
studies investigating customer churn using machine learning techniques is the impetus of this research to explore the potential of an
artificial neural network to improve customer churn prediction.
Predicting customer churn is not straightforward as various factors
of predictor need to be analysed.
The neural network model is based on the existing human neuron.
Understanding human neurons have led to the formation of an
artificial neuron as the basic building block of neural network
model [17-19]. Neurons, better known as the processing unit, is a
very important element and are interconnected with one another to
process such information. As with human neurons, each processing unit is connected to other neurons via input connection,
such as a biological neuron dendrite. It also has a number of units
that are connected to the output neuron axon. Each processing unit
has a power potential or known as activation function, which has
the same function as the internal potential of the neuron [20,21].
Generally, the processing unit in artificial neural networks has
three main functions: i) receiving input by the neurons; ii) ena-
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bling the calculation based on the input; and iii) ultimately deploying the calculated result or output to other units connected. ANN
consists of three main elements, which are weight, bias, and activation function 21. Each input to the neural network is assigned
with corresponding weight that is multiplied together and summed
together with bias value, and then, computed by a mathematical
function, which is known as activation function. By adjusting the
weights of an ANN, the error between the predicted and the actual
output can be minimized until the optimum network is achieved.
Thus, previous studies have proposed various algorithms to adjust
the weights of the neural network in order to obtain an optimum
network and to minimize errors. This process is known as the
training phase.
When the data are presented at the input of neural network, the
networks perform calculation into successive layer. The neural
network output is calculated and the error function ε(t) is determined based on the following equation. The error is then fed back
to modify the connections weight known as backpropagation process. This process continues until the optimal network is achieved.

The alternative side of sensitivity is known as specificity, which
measures the capability of a prediction tool to identify the nonchurn causes. A 100% of specificity means that the tools are able
to identify all non-churn cases correctly. The specificity is defined
as:
Specificity=TN/(TN+FP) ×100
The important part of churn prediction is the selection of the variables in the analysis. Table 2 shows the proposed features that
were used as churn predictors in the telecommunication company.
There were 14 out of 20 input features used as predictive factors
for regression analysis and neural network based on p-value <
0.05. The result of p-value < 0.05 shows the significant of input
variables to the output. The other features were excluded from the
analysis. The features were manually extracted based on the proposed features from the data warehouse. The features were saved
in text (.txt) format before they underwent regression and neural
network analyses.
Table 2: The proposed input features for churn prediction system

ε(t)=y(t)-y (̂ t)

Features
Customer Demographics Data

where
y(t) = actual output,

Customer Relationship
Data

y ̂(t) = neural network output.

The learning algorithm is a process to modify the weights and
thresholds of a neural network with the objective to minimize the
mismatch between the desired output and the obtained output from
the neural network for any given input. In this project, the MLP
network is trained using nine (9) different learning algorithms that
are Levenberg Marquardt backpropagation (trainlm), BFGS Quasi-Newton backpropagation (trainbfg), Conjugate Gradient backpropagation with Fletcher-Reeves Updates (traincgf), Conjugate
Gradient backpropagation with Polak-Ribiere Updates (traincgp),
Conjugate Gradient backpropagation with Powell-Beale Restarts
(traincgb), Scaled Conjugate Gradient backpropagation (trainscg),
One Step Secant backpropagation (trainoss), Bayesian Regularization backpropagation (trainbr), and Resilient backpropagation
(trainrp).

Customer Billing Data

Input Features
1. Age
2.
3.

Gender
Service Packages

4.
5.
6.
7.
8.
9.
10.
11.
12.

Monthly Commitment
Call Plan
Service Rental
Method of Payment
Total usage bill
Account Receivable (AR) days
Total payment
Total bills for local calls
Total bills for national calls for
same operator
Total bills for national calls for
different operators
Total number of calls out to
local calls
Total number of calls out to
national calls for same operator
Total duration for national for
same operator
Total number of free calls for
same operator
Total number of national calls
for different operator
Total duration for national for
different operators
Total number of free calls for
different operators

13.
Customer Usage Data

14.
15.
16.
17.

3. Methodology

18.

MLP networks were trained to classify the input data based on the
churn and non-churn. In this project, the dataset was obtained
from a telecommunication company in Malaysia and it contained
312 data samples, which consisted of 177 churn customers and
135 non-churn customers. The distribution of data analysis is
shown in Table 1.
Table 1: Summary of terms for measurements

Actual Churn
Actual Non-churn

Predicted Churn
TP
FN

Predicted Non-churn
FP
TN

In engineering and statistics, the accuracy of the pattern classification system is to measure the level of closeness to the quantity of
true value. Measurements of accuracy play an important role in
the selection of prediction tools. In this research paper, accuracy is
defined as:
Accuracy=(TP+TN)/(TP+TN+FN+FP)×100
The sensitivity of a test refers to how many cases of churn in a
particular test that can be found. For example, 100% of sensitivity
means the prediction tools are able to classify all actual positive
cases. In mathematical form, sensitivity can be defined as:
Sensitivity=TP/(TP+FN)×100

19.
20.

The Multilayer Perceptron (MLP) networks were trained using
nine (9) types of learning algorithms, which were Levenberg Marquardt backpropagation (trainlm), BFGS Quasi-Newton backpropagation (trainbfg), Conjugate Gradient backpropagation with
Fletcher-Reeves Updates (traincgf), Conjugate Gradient backpropagation with Polak-Ribiere Updates (traincgp), Conjugate
Gradient backpropagation with Powell-Beale Restarts (traincgb),
Scaled Conjugate Gradient backpropagation (trainscg), One Step
Secant backpropagation (trainoss), Bayesian Regularization backpropagation (trainbr), and Resilient backpropagation (trainrp). The
number of optimum hidden nodes was chosen based on the lowest
hidden nodes with the highest accuracy at testing phase.
The next step was to compare the optimum structure and the performance of each neural network to identify the most suitable
neural network that was used to develop the churn prediction system.

International Journal of Engineering & Technology

37

4. Experiment Results
The optimum structure and the performance of each neural network are shown in the following table.
Table 3: Performances of various types of neural network in
customer churn and non-churn
Training Phase
Training Phase
Hidden
Acc (%)
Hidden
Acc (%)
Node
Node
trainlm
174
99.63
21
90.00
trainbfg
150
94.49
58
90.00
traincgf
100
88.24
5
87.50
traincgp
164
87.50
1
85.00
traincgb
184
88.97
4
87.50
trainscg
113
88.97
16
87.50
trainoss
114
92.65
62
90.00
trainbr
68
90.81
122
90.00
trainrp
28
77.57
13
87.50

predicting

Overal
Acc (%)
94.82
92.25
87.87
86.25
88.24
88.24
91.33
90.41
82.54

As can be seen in Table 3, the Multilayer Perceptron (MLP)
trained with the Levenberg Marquardt (LM) backpropagation gave
the best performance among the tested neural networks. The overall accuracy of the MLP trained with LM algorithm was 94.82%.
Besides, an analysis with LM algorithm yielded results of high
accuracy with small number of hidden node. BFGS Quasi-Newton
backpropagation was the second neural network that provided
higher overall accuracy, which was 92.25%, followed by One Step
Secant backpropagation (91.33%), Bayesian Regularization backpropagation (90.41%), Conjugate Gradient backpropagation with
Powell Beale Restarts (88.24%), Scaled Conjugate Gradient backpropagation (88.24%), Conjugate Gradient backpropagation with
Fletcher-Reeves Updates (87.87%), Conjugate Gradient backpropagation with Polak-Ribiere Updates (86.25%), and Resilient
backpropagation (82.54%).
From the MLP neural network analyses, LM backpropagation was
chosen as the best algorithm to predict customer churn and nonchurn. The result of LM analysis is shown in Tables 4(a) and 4(b)
for training and testing phases respectively.

Although the LM algorithm yielded a result with large number of
hidden nodes, its accuracy produced the highest priority in determining the best neural network model. The analysis shows that
neural network trained with Levenberg Marquart (LM) algorithm
is able to gain the prediction accuracy of 94.82%. The result
shows that the proposed predictors are acceptable in churn prediction using neural network tools. The optimum model of neural
network consists of fourteen input units, one hidden node and one
output node with Levenberg Marquardt (LM) learning algorithm.
As a whole, the findings suggest that a neural network in modelling techniques offers a viable alternative to traditional predictive
approaches in customer churn prediction.
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