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a b s t r a c t
In this paper, two data mining algorithms are applied to build a churn prediction model using credit card
data collected from a real Chinese bank. The contribution of four variable categories: customer information,
card information, risk information, and transaction activity information are examined. The paper analyzes a
process of dealing with variables when data is obtained from a database instead of a survey. Instead of considering the all 135 variables into the model directly, it selects the certain variables from the perspective of
not only correlation but also economic sense. In addition to the accuracy of analytic results, the paper
designs a misclassiﬁcation cost measurement by taking the two types error and the economic sense into
account, which is more suitable to evaluate the credit card churn prediction model. The algorithms used
in this study include logistic regression and decision tree which are proven mature and powerful classiﬁcation algorithms. The test result shows that regression performs a little better than decision tree.
Ó 2011 Elsevier Ltd. All rights reserved.

1. Introduction
Data mining refers to discover knowledge from a large amount
of data. In this paper, we discuss the application of data mining
including logistic regression and decision tree to predict the churn
of credit card users. The banks can take corresponding actions to
retain the customers according to the suggestion of the models.
With today’s cost-cutting and intensive competitive pressure,
more companies start to focus on Customer Relationship Management (CRM). The unknown future behaviors of the customers are
quite important to CRM. Hence, it is of crucial importance to detect
the customers’ future decision then the company can take corresponding actions early (Glady, Baesens, & Croux, 2008). The customers who stop using the company’s products are usually called
churners. Finding the churners can help companies retain their customers. Gustafsson, Johnson, and Roos (2005) studied telecommunication services to examine the effects of customer satisfaction and
behavior on customer retention. Results indicated a need for CRM
managers to more accurately determine customer satisfaction in order to reduce customer churn.
One of the major reasons for this is that it costs less to retain
existing customers than to acquire new customers (Roberts, 2000).
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It costs up to ﬁve times as much to make a sale to a new customer
as it does to make an additional sale to an existing customer
(Dixon, 1999; Floyd, 2000; Slater & Narver, 2000). And, it is becoming more evident that the only way to remain a leader in this
industry is to not only be customer-driven but also focus on building long-term relationships.
Due to the development of information technology, many companies have accumulated a large amount of data. Analyzing this
data can help the manager make the right marketing decision
and pinpoint the right customer to market. Because of the large
amount of accumulated data and serious churn related to credit
card holders, it is a very good ﬁeld in which to predict churn.
Several studies have proved the effectiveness of the power of
customer retention. A bank is able to increase its proﬁts by 85%
due to a 5% improvement in the retention rate (Reichheld & Sasser,
1990). Van den Poel and Larivière (2004) calculated the ﬁnancial
impact of a one percent increase in customer retention rate. The
power of the model can stay for a relatively long time. According
to the research of Neslin, the churn models in the data typically
still perform very well if used to predict churn for a database compiled 3 months after the calibration data (Neslin, Gupta, Kamakura,
Lu, & Mason, 2006).
As the economy develops in China, a large amount of credit
cards are issued. As of the third quarter of 2008, 132 million cards
have been issued in China.2 But many of the card holders are not active (or called churn holders). With increasing bank competition,
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customers are able to choose among multiple service providers and
easily exercise their right of switching from one service provider to
another. If banks can predict future behaviors before the customers
close their account or stop using the card to pay, they can market to
retain these customers.
The main purpose of this paper is not to provide a new data
mining algorithm, but to focus on the application of the churn prediction, to provide a framework of understanding the knowledge of
the card holders’ hidden pattern using the data of Chinese banks.
From the data preparation to useful knowledge, the goal is application of churn prediction. In this paper, we introduce a way to complete churn prediction considering proﬁt.
The rest of the paper is organized as follows. The deﬁnition of
churn and the summary of the algorithms and criteria are introduced in Section 2. The data used in the research is described in
Section 3, and the modeling process based on logistic regression
and decision tree are presented in Section 4 and 5, respectively.
In Section 6, we conclude.
2. Deﬁnition of churn and algorithm evaluation criteria
In different application ﬁelds, the deﬁnitions of churn differ.
Churn means the customer shift from one service provider to another (Lu, 2002). Customer churn is deﬁned as the propensity of
customers to cease doing business with a company in a given time
period (Neslin et al., 2006).
Many of the previous deﬁnitions of churn use the behaviors related to product and a threshold ﬁxed by a business rule. Once the
transactions of the customer is lower than the threshold, the
customer would be regarded as a churner (Glady et al., 2008).
Van den Poel and Larivière (2004) regard the customer who closed
his accounts as a churner. Buckinx and Van den Poel (2005) deﬁne
a partial defector as someone with the frequency of purchases below the average and the ratio of the standard deviation of the interpurchase time to the mean interpurchase time above the average.
Glady et al. (2008) deﬁnes a churner as a customer with less than
2500 Euros of assets (savings, securities or other kinds of products)
at the bank. Glady, Baesens, and Croux (2009) claimed that the
threshold is not always relevant and one should observe the evolution of the customer activity instead.
In the telecommunications industry, the broad deﬁnition of
churn is the action that a customer’s telecommunications service
is canceled which includes both a service provider-initiated churn
such as a customer’s account being closed because of payment default and a customer-initiated churn. In one study, only customerinitiated churn is considered and it is deﬁned by a series of cancel
reason codes. Examples of reason codes are: unacceptable call
quality, more favorable competitor’s pricing plan, misinformation
given by sales, customer expectation not met, billing problem,
moving, change in business, etc. (Lu, 2002).
The relationship between churn rate and average lifetime is also
studied. If no new customers are acquired then the average lifetime
of an existing customer is equal to 1/c, where c is the annual churn
rate (Neslin et al., 2004). Gustafsson et al. (2005) use customer satisfaction (CSt), affective commitment (ACt), calculative commitment
(CCt), a situational trigger condition (STt), and a reactional trigger
condition (RTt), all in time t, to predict churn in time t + 1 (Churnt+1).
In our application, we deﬁne that the customer who did not do
any transaction with the bank on his own initiative during the
observation period (explained later) is a churner.
In order to predict the churn of the customer effectively, it is
crucial to build effective models which fulﬁll some evaluation criteria. To accomplish this, many predictive modeling techniques are
available. These data mining algorithms can help to select variables
and build models (Hung, Yen, & Wang, 2006). Researchers use a
variety of approaches to develop churn models including a

combination of estimation techniques, variable selection procedures, time allocations to various steps in the model-building process, and a number of variables included in the model (Neslin et al.,
2006). The techniques include GA, Regression, Neural Networks,
Decision Tree, Markov Model, Cluster Analysis (Hadden, Tiwari,
Roy, & Ruta, 2005), and optimization (Better, Glover, Kochenberger,
& Wang, 2008; Mclain & Aldag, 2009).
According to the research of Hadden et al. (2005), regression
and decision tree are the two most popular algorithms used in
the research and perform well. Neslin et al. (2006) categorized
the approaches as ‘‘Logit,’’ ‘‘Trees,’’ ‘‘Novice,’’ ‘‘Discriminant,’’ and
‘‘Explain.’’ After comparison they found that the Logit and Tree approaches perform the best and result in that ﬁrm achieving a relatively good level of predictive ability. The Novice approach is
associated with middle-of-the-road predictive performance, while
the Discriminant and Explain approaches are associated with lower
predictive performance (Neslin et al., 2004). Multiple-criteria quadratic programming approach has been used to credit card analysis
and the models perform well (Li, Shi, & He, 2008; Peng, Kou, Shi, &
Chen, 2008; Shi, Peng, Kou, & Chen, 2005).
In our research, we also use logistic regression and decision tree
which are mature data mining algorithms to build models and predict the churn of credit card users. We will compare the performance of these two algorithms in credit card churn prediction.
After building a predictive model, marketers will use these classiﬁcation models to predict future behaviors of customers. It is
essential to evaluate the performance of the classiﬁers. Percentage
of correctly classiﬁed (PCC) and receiver operating curve (ROC) are
usually used as criteria. PCC, which computes the ratio of correctly
classiﬁed cases to the total number of cases to be classiﬁed (also
known as accuracy), is undoubtedly the most commonly used evaluation metric of a classiﬁer. The ROC is a graphical plot of the sensitivity – i.e. the number of true positives versus the total number
of events – and 1-speciﬁcity – i.e. the number of true negatives versus the total number of non-events. The ROC can also be represented by plotting the fraction of true positives versus the
fraction of false positives (Coussement & Poel, 2008).
Another two criteria related to accuracy are also used; they are
top-decile lift and Gini coefﬁcient. Lift is a way to quantify the
accuracy of a predictive model. e.g., among the 10% of customers
predicted as most likely to churn, what percentage of them actually do relative to the percentage of all customers who churn. Gini
coefﬁcient is also related to lift which measures the area between
an entry’s cumulative lift curve and the random lift curve.
Beside PCC, the two types of errors, i.e. the Type I error which
means a customer who did not churn is misclassiﬁed as a churner
and Type II error which means a customer who churned is misclassiﬁed as an un-churner are also studied. The loss caused by Type II
error is generally regarded as 5–20 times higher than the loss
caused by Type I error (Lee, Chiu, Chou, & Lu, 2006)
Loss function is also used to compare the performance of the
classiﬁers. The loss function is calculated on the basis of life value
and life value has been discussed in several papers. Gupta et al. deﬁne the value of customer as ‘‘the value of a customer as the expected sum of discounted future earnings’’ (Gupta, Lehmann, &
Stuart, 2004). Glady et al. designed a loss function based on previous deﬁnitions (Glady et al., 2009). In this research, we design a
misclassiﬁcation cost measurement to indicate the loss caused by
the error of the model.
First, we examine a demo example to show the necessary to
consider these two types error respectively. Consider the following
misclassiﬁcation table as shown in Table 1.
The overall error rate of the model is 10%. According to the prediction result of the model, there are 190 customers who may
churn in the next period. However only 90 of the 190 are real
churners; the remaining 100 are not real churners who are

