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a b s t r a c t

Customer churn prediction models aim to indicate the customers with the highest propensity to attrite,
allowing to improve the efficiency of customer retention campaigns and to reduce the costs associated
with churn. Although cost reduction is their prime objective, churn prediction models are typically eval-
uated using statistically based performance measures, resulting in suboptimal model selection. Therefore,
in the first part of this paper, a novel, profit centric performance measure is developed, by calculating the
maximum profit that can be generated by including the optimal fraction of customers with the highest
predicted probabilities to attrite in a retention campaign. The novel measure selects the optimal model
and fraction of customers to include, yielding a significant increase in profits compared to statistical mea-
sures.

In the second part an extensive benchmarking experiment is conducted, evaluating various classifica-
tion techniques applied on eleven real-life data sets from telecom operators worldwide by using both the
profit centric and statistically based performance measures. The experimental results show that a small
number of variables suffices to predict churn with high accuracy, and that oversampling generally does
not improve the performance significantly. Finally, a large group of classifiers is found to yield compara-
ble performance.

� 2011 Elsevier B.V. All rights reserved.
1. Introduction

1.1. Customer churn prediction

During the last decade, the number of mobile phone users has
increased dramatically. At the end of 2009 the number of mobile
phone users worldwide has exceeded four billion,1 which is over
60% of the world population. Wireless telecommunication markets
are getting saturated, particularly in the developed countries, and
mobile phone penetration rates are stagnating. Many Western coun-
tries already have mobile phone penetration rates above 100%,
meaning there are more subscriptions than inhabitants. Therefore,
customer retention receives a growing amount of attention from
telecom operators. Moreover, it has been shown in the literature that
customer retention is profitable to a company because: (1) acquiring
new clients costs five to six times more than retaining existing cus-
ll rights reserved.
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).
tomers (Bhattacharya, 1998; Rasmusson, 1999; Colgate et al., 1996;
Athanassopoulos, 2000); (2) long-term customers generate higher
profits, tend to be less sensitive to competitive marketing activities,
become less costly to serve, and may provide new referrals through
positive word-of-mouth, while dissatisfied customers might spread
negative word-of mouth (Mizerski, 1982; Stum and Thiry, 1991;
Reichheld, 1996; Zeithaml et al., 1996; Paulin et al., 1998; Ganesh
et al., 2000); (3) losing customers leads to opportunity costs because
of reduced sales (Rust and Zahorik, 1993). A small improvement in
customer retention can therefore lead to a significant increase in
profit (Van den Poel and Lariviere, 2004).

Most wireless telecom providers already use a customer churn
prediction model that indicates the customers with the highest
propensity to attrite. This allows an efficient customer manage-
ment, and a better allocation of the limited marketing resources
for customer retention campaigns. Customer churn prediction
models are typically applied in contractual settings, such as the
postpaid segment in the wireless telecom industry. For these cus-
tomers usually more information is at hand than in noncontractual
settings, like for instance the prepaid segment which consists
mostly of anonymous customers. Various types of information
can be used to predict customer attrition, such as for instance
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socio-demographic data (e.g. sex, age, or zip code) and call behav-
ior statistics (e.g. the number of international calls, billing informa-
tion, or the number of calls to the customer helpdesk).
Alternatively, social network information extracted from call detail
records can be explored to predict churn (Dasgupta et al., 2008),
which is especially interesting if no other information is available.

1.2. Benchmarking classification techniques for customer churn
prediction

In this paper, we study the performance of various state-of-the-
art data mining classification algorithms applied to eleven real-life
churn prediction data sets from wireless telecom operators around
the world. Techniques that are implemented comprise rule based
classifiers (Ripper, PART), decision tree approaches (C4.5, CART,
Alternating Decision Trees), neural networks (Multilayer Percep-
tron, Radial Basis Function Network), nearest neighbor (kNN),
ensemble methods (Random Forests, Logistic Model Tree, Bagging,
Boosting), and classic statistical methods (logistic regression, Naive
Bayes, Bayesian Networks). Furthermore, the power and usefulness
of the support vector machine (SVM) and the least squares support
vector machine (LSSVM) classifiers have not yet been thoroughly
investigated in the context of customer churn prediction, and are
therefore applied using both linear and radial basis function ker-
nels. Finally, also data preprocessing techniques such as variable
selection and oversampling can have a significant impact on the fi-
nal performance of the model, and will therefore be tested in the
benchmarking experiments.

The performance of a classification model is usually evaluated
in the literature in terms of the area under the receiver operating
curve (AUC), which basically represents the behavior of a classifier
without regard to class distribution or misclassification costs.
However, since only a small fraction of the customers can be in-
cluded in a retention campaign, a customer churn prediction mod-
el is typically evaluated using top decile lift instead of AUC, which
only takes into account the performance of the model regarding
the top 10% of customers with the highest predicted probabilities
to attrite. However, as indicated in Section 3 and demonstrated
by the results of the benchmarking experiment in Section 6, from
a profit centric point of view using the top decile lift (or the lift
at any other cut-off fraction for that matter) results in a suboptimal
model selection. Therefore a novel, profit centric, performance
measure is introduced, i.e. the maximum profit criterion, which
calculates the profit generated by a model when including the opti-
mal fraction of top-ranked customers in a retention campaign. The
results of the benchmarking study will be evaluated using both sta-
tistical performance measures, such as AUC and top decile lift, as
well as the newly developed profit centric performance measure,
which allows to compare both approaches and demonstrate the
merits of the newly proposed criterion. Finally, all the experimen-
tal results will be rigorously tested using the appropriate test sta-
tistics, following a procedure described by Demšar (2006).

The main contributions of this paper lie in the development of a
novel, profit centric approach to (1) evaluate and (2) deploy a cus-
tomer churn prediction model, by (1) calculating the maximum
profit that can be generated using the predictions of the model
and by (2) including the optimal fraction of customers in a reten-
tion campaign. The results of an extensive benchmarking experi-
ment show that both optimizing the included fraction of
customers and applying the maximum profit criterion to select a
classification model yield significant cost savings. Finally, a num-
ber of key recommendations are formulated based on the experi-
mental results regarding both the technical and managerial side
of the customer churn prediction modeling process.

The remainder of this paper is structured as follows. The next
section provides a brief introduction to customer churn prediction
modeling. Then, in Section 3 the maximum profit criterion to eval-
uate customer churn prediction models is developed, based on a
formula to calculate the profits generated by a retention campaign
introduced by Neslin et al. (2006). Next, Section 4 defines the
experimental design of the benchmarking experiment, and pro-
vides an overview of the state-of-the-art classification techniques
that are included in the experiment. Also input selection and over-
sampling for churn prediction are discussed. Section 5 describes
the procedure to test the results of the experiments in a statisti-
cally sound and appropriate way. Also a brief review is provided
of the statistical (as opposed to profit centric) performance mea-
sures. Section 6 then presents the empirical findings of the exper-
iments, and compares the results of the maximum profit and
statistical performance measures. Finally, the last section con-
cludes the paper with a number of managerial and technical rec-
ommendations regarding churn prediction modeling, and
identifies some interesting issues for future research.
2. Customer churn prediction modeling

Customer churn prediction is a management science problem
for which typically a data mining approach is adopted. Data mining
is the process of automatically discovering useful information in
large data repositories (Tan et al., 2006). Data mining is an integral
part of knowledge discovery in databases (KDD), which entails the
extraction of valuable information from raw data (Fayyad et al.,
1996). Based on historical data a model can be trained to classify
customers as future churners or non-churners. Numerous classifi-
cation techniques have been adopted for churn prediction, includ-
ing traditional statistical methods such as logistic regression
(Lemmens and Croux, 2006; Neslin et al., 2006; Burez and Van
den Poel, 2009), non-parametric statistical models like for instance
k-nearest neighbor (Datta et al., 2000), decision trees (Wei and
Chiu, 2002; Lima et al., 2009), and neural networks (Au et al.,
2003; Hung et al., 2006). Often conflicts arise when comparing
the conclusions of some of these studies. For instance, Mozer
et al. (2000) found that neural networks performed significantly
better than logistic regression for predicting customer attrition,
whereas Hwang et al. (2004) reported that the latter outperforms
the former. Furthermore, most of these studies only evaluate a lim-
ited number of classification techniques on a single churn predic-
tion data set. Therefore the issue of which classification
technique to use for churn prediction remains an open research
issue, in which the benchmarking experiment described in this
paper aims to provide further insights. For an extensive literature
review on customer churn prediction modeling one may refer to
Verbeke et al. (2011).

Fig. 1 depicts a process model of the development of a customer
churn prediction model. The first step in this process consists of
gathering relevant data and selecting candidate explanatory vari-
ables. The resulting data set is then cleaned and preprocessed.
The second step encompasses the actual building of a model. A
modeling technique is selected based on the requirements of the
model and the type of data. Input selection is often applied to re-
duce the number of variables in order to get a consistent, unbiased,
and relevant set of explanatory variables. Depending on the num-
ber of observations, which can be small in case of new products, a
model is trained by cross validation or by splitting the data set in a
separate training and test set. The resulting model is then evalu-
ated, typically by comparing the true values of the target variable
with the predicted values, but also, if possible, by interpreting
the selected variables and the modeled relation with the target
variable. A variety of performance measures to evaluate a classifi-
cation model have been proposed in the literature, as will be dis-
cussed in Sections 3 and 5. In a third step the model is assessed



Fig. 1. Average profit per customer using maximum profit (dotted line), lift (dashed line), and AUC (full line).

Fig. 2. Schematic representation of customer churn and retention dynamics within
a customer base.
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by a business expert to check whether the model is intuitively cor-
rect and in line with business knowledge. A prototype of the model
is then developed, and deployed in the information and communi-
cation technology (ICT) architecture. The final step, once a model is
implemented that performs satisfactory, consists of regularly
reviewing the model in order to asses whether it still performs
well. Surely in a highly technological and volatile environment as
the telecom sector, a continuous evaluation on newly gathered
data is of crucial importance. At the end of each phase the results
are evaluated, and if not satisfactory one returns to a previous step
in order to adjust the process. As an alternative to the process mod-
el depicted in Fig. 1, the global CRISP-DM (Cross Industry Standard
Process for Data Mining) methodology could be adopted, which is a
well established methodology to develop data mining models (Fay-
yad et al., 1996). CRISP-DM formally consists of six major phases,
from business and data understanding over data preprocessing
and modeling to evaluation and deployment, with feedback loops
allowing to iterate over these phases.

3. The maximum profit criterion to evaluate customer churn
prediction models

In this section a maximum profit criterion is formulated to eval-
uate the performance of a customer churn prediction model, based
on a formula introduced by Neslin et al. (2006) to calculate the
profits generated by a retention campaign.

3.1. The profit of a retention campaign

Fig. 2 schematically represents the dynamical process of cus-
tomer churn and retention within a customer base. New customers
flow into the customer base by subscribing to a service of an oper-
ator, and existing customers flow out of the customer base by
churning. When setting up a churn management campaign, a frac-
tion of the customer base is identified correctly by the imple-
mented customer churn prediction model as would-be churners,
and offered an incentive to stay. A fraction c of these customers ac-
cepts the offer and is retained, but the remaining fraction (1 � c) is
not and effectively churns. On the other hand, a fraction of the cus-
tomer base is incorrectly classified as would-be churners, and also
offered an incentive to stay. All of these customers are assumed to
accept the offer and none of them will churn. Finally, a fraction of
the would-be churners in the customer base is not identified as
such, and thus they are not offered an incentive to stay. Hence,
all of these customers will effectively churn, and together with
the correctly identified would-be churners that are not retained
constitute the outflow of the customer base.

Given this dynamical process of customer churn and retention,
the profit of a single churn management campaign can be ex-
pressed as (Neslin et al., 2006):
P ¼ Na½bcðCLV � c � dÞ þ bð1� cÞð�cÞ þ ð1� bÞð�c � dÞ� � A ð1Þ

with P the profit generated by a single customer retention cam-
paign, N the number of customers in the customer base, a the
fraction of the customer base that is targeted in the retention
campaign and offered an incentive to stay, b the fraction true
would-be churners of the customers included in the retention
campaign, d the cost of the incentive to the firm when a cus-
tomer accepts the offer and stays, c the fraction of the targeted
would-be churners who decide to remain because of the incen-
tive (i.e. the success rate of the incentive), c the cost of contacting
a customer to offer him or her the incentive, CLV the average cus-
tomer lifetime value of the retained customers (i.e. the average
net present value to the operator of all the revenues a retained
customer will generate in the future, Gupta et al. (2006) and
Glady et al. (2009)), and A the fixed administrative costs of
running the churn management program.

The factor Na in Formula (1) reflects that the costs and profits of
a retention campaign are solely related to the customers that are
included in the campaign, except for the fixed administrative cost
A which reduces the overall profitability of a retention campaign.
The term bc(CLV � c � d) represents the profits generated by the
campaign, i.e. the reduction in lost revenues reduced with the costs
of the campaign (CLV � c � d) due to retaining a fraction c of the
would-be churners of the fraction correctly identified would-be
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churners b that are included in the campaign. The costs of the cam-
paign are reflected by the term b(1 � c)(�c), i.e. the cost of includ-
ing correctly identified would-be churners that are not retained,
and by the term (1 � b)(�c � d), which represents the cost due to
including non-churners in the campaign, which are all logically ex-
pected to take advantage of the advantageous incentive offered to
them in the retention campaign.

The term b reflects the ability of the predictive model to identify
would-be churners, and can be expressed as:

b ¼ kb0 ð2Þ

with b0 the fraction of all the operator’s customers that will churn,
and k the lift, i.e. how much more the fraction of customers included
in the retention campaign is likely to churn than all the operator’s
customers. The lift indicates the predictive power of a classifier,
and is a function of the included fraction of customers a with the
highest probabilities to attrite, as indicated by the model. Lift can
be calculated as the percentage of churners within the fraction a
of customers, divided by b0. Thus, k = 1 means that the model pro-
vides essentially no predictive power because the targeted custom-
ers are no more likely to churn than the population as a whole.
Substituting Eq. (2) in Eq. (1), and rearranging the terms, results in:

P ¼ Naf½cCLV þ dð1� cÞ�b0k� d� cg � A: ð3Þ

According to Neslin et al. (2006), the direct link between lift and
profitability in this equation demonstrates the relevance of using
(top decile) lift as a performance criterion in predictive modeling.
Lift is also indicated to be the most commonly used prediction cri-
terion in predictive modeling by Neslin et al. (2006), which is con-
firmed by an extensive literature study on customer churn
prediction modeling provided in Verbeke et al. (2011). However,
as will be shown in the next section, using lift as a performance
measure can lead to suboptimal model selection and as a result
to a loss of profit, since the lift of a model is a function of the
fraction a of customers that is included in the retention campaign
(Provost and Jensen, 1999; Provost, 2005). Piatetsky-Shapiro and
Masand (1999) and Mozer et al. (2000) have also formulated
expressions to calculate the profit generated by a retention
campaign. However, whereas Neslin et al. (2006) correctly discrim-
inates between the cost of including a customer in the retention
campaign and the cost of the incentive itself (which is only to be
taken into account when a customer accepts the offer and is re-
tained), both Piatetsky-Shapiro and Masand (1999) and Mozer
et al. (2000) do not. Furthermore, Neslin et al. (2006) additionally
takes into account a fixed administrative cost of running a
customer management campaign.
3.2. The maximum profit criterion

As shown by Eq. (3), lift is directly related to profit, and there-
fore many studies on customer churn prediction use lift as a per-
formance measure to evaluate customer churn prediction
models. Since comparing entire lift curves is impractical and more-
over rather meaningless, typically the lift at a = 5% or a = 10% is
calculated.

A first issue regarding the use of the lift criterion is illustrated
by Fig. 3. The lift curves of two different customer churn prediction
models A and B intersect, resulting in a different model selection
using top 5% lift and top 10% lift. In the case of Fig. 3, if a model
is selected based on top 10% lift but the effectively included frac-
tion of customers in the retention campaign equals 5%, then the
generated profit will be suboptimal due to a suboptimal choice
of customer churn prediction model, which results directly from
using an inappropriate performance criterion. Therefore, if lift is
used to assess and compare the outcomes of different customer
churn prediction models, then the lift at the fraction that will effec-
tively be included in the retention campaign should be used.

Furthermore, as illustrated by Fig. 4(a) and (b), the profit will
also be suboptimal if the fraction of customers that is included in
the retention campaign is not the optimal fraction. Fig. 4(a) and
(b) represent on the Y-axis the profit per customer associated with
including the fraction a on the X-axis of the customers ranked
according to their probability to attrite in a retention campaign.
The profit curves in Fig. 4(a) and (b) are calculated using Eq. (3)
for models A and B and the lift curves shown in Fig. 3. The values
of the other parameters are equal to the values provided in Neslin
et al. (2006). When using top decile lift or profit, model B would be
selected, resulting in a suboptimal profit per customer. When using
top 5% lift or profit, model A would be selected, but when including
the top 5% of the customers with the highest propensities to attrite,
still a suboptimal profit is generated. And thus it is clear that in a
practical setting the optimal fraction of customers should be in-
cluded in a retention campaign to maximize profit, and that the
profit or lift for the optimal fraction should be used to assess and
compare the performance of customer churn prediction models.

Since the ultimate goal of a company by setting up a customer
retention campaign is to minimize the costs associated with cus-
tomer churn, it is logical to evaluate customer churn prediction
models by using the maximum profit they can generate as a perfor-
mance measure. In the remainder of this paper we will refer to this
performance measure as the maximum profit (MP) criterion, which
is formally defined as:

MP ¼max
a
ðPÞ: ð4Þ

In order to calculate the maximum profit measure a pragmatic
approach is adopted, making two assumptions; (1) the retention
rate c is independent of the included fraction of customers a, and
(2) the average CLV is independent of the included fraction of cus-
tomers a. These assumptions allow to use a constant value for both
c and CLV in Eq. (3), and given the lift curve of the classification
model which represents the relation between the lift and a, the
maximum of Eq. (3) over a can be calculated in a straightforward
manner.

In a realistic customer churn prediction setting, a retention
campaign will only be profitable when including a rather small
top-fraction of customers, with high predicted probabilities and
with a relatively large subfraction of true would-be churners (i.e.
with high lift). Hence, the optimal fraction a to maximize the re-
turns of a retention campaign will lie within a rather small interval,
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with the lower bound equal to 0%. The assumptions that are made
therefore relax to independency of both c and CLV of a within this
limited interval of a. In other words, the churners within the top-
fraction of customers that are detected by classification models are
assumed to be randomly distributed over this interval with respect
to their CLV and probability to be retained. Since classification
models induced by different techniques yield different probability
scores to churn, and consequently result in a different distribution
of the detected churners within the top ranked customers, this
seems to be a reasonable assumption, which has not been con-
tradicted to our knowledge by any empirical study in the literature.

The independency assumptions discussed above are strongly
related to uplift modeling for churn prediction, i.e. adding a second
stage model to a customer churn prediction model to identify the
customers with the highest predicted probabilities to be retained,
or with the highest expected return on investment, within the
group of customers with the highest predicted probabilities to
churn (as indicated by the first stage customer churn prediction
model). Uplift modeling, the existence of a correlation between
the probability to be retained and the predicted probability to
churn, and between the tendency to churn and the CLV, are marked
as prime topics for future research, given the limited amount of
studies that are available on this subject and the major relevance
to customer relationship management and the development of
retention strategies.

To calculate the maximum profit, in the remainder of this paper
the values of the parameters c, CLV, d, and c in Eq. (3) are set equal
to respectively 0.30, 200€, 10€, and 1€. The average values of the
retention rate and the CLV are estimated by telco operators with
high accuracy: huge budgets are spent on customer retention cam-
paigns, which are typically conducted on a monthly basis and tar-
get millions of customers. Consequently, telco operators need to
analyze the costs and benefits of such campaigns into detail,
requiring accurate estimates of the average CLV of retained cus-
tomers and average retention rates. Of course, the values may well
differ for different segments (prepaid vs. postpaid, private vs. pro-
fessional, etc.), and for different providers. The average values of
the retention rate and the CLV that are used in the study are based
on values found in the scientific literature (Neslin et al., 2006;
Burez and Van den Poel, 2007), and based on information provided
by data mining specialists of several telco providers. However,
these values do not necessarily apply to each setting and may need
to be adjusted when applying the MP measure. Moreover, it needs
to be stressed that the contribution of this paper lies in the devel-
opment and the application of the maximum profit criterion,
rather than in the reported values of the maximum profits result-
ing from these parameter values.

Mozer et al. (2000) is to our knowledge the first and thus far the
only study in the literature on customer churn prediction that
acknowledges the importance of selecting the optimal threshold
churn probability for a customer to be included in a retention
campaign to maximize the expected cost savings to the operator.
Mozer et al. (2000) refer to this selection problem as the optimal
decision-making policy, and analyze a number of contour plots for
a range of values of the parameters that impact the generated prof-
it, leading to an indication of the cost savings that can be achieved
by a retention campaign. However, the idea of the optimal decision-
making policy is not formalized, nor is it applied as a performance
measure to assess the performance of customer churn prediction
models.

Finally, it should be stressed that optimizing the fraction of cus-
tomers to include in a retention campaign in order to maximize the
profit generated by a customer retention campaign is an innova-
tive, and highly valuable, key-insight for practitioners in the field
of customer churn prediction. As will be shown in the next sec-
tions, optimizing the included fraction of customers, as well as
selecting the optimal customer churn prediction model by using
the maximum profit criterion, can save a company significant
amounts of money.

4. Experimental design of the benchmarking study

The experimental design of the benchmarking study consists of a
full factorial experimental setup, in order to assess the effects of
three different factors on the performance of a churn prediction
model. The first factor concerns the classification technique, and
has 21 possible levels, i.e. one per technique that is evaluated.
The main workings of the applied techniques will be briefly ex-
plained in Section (4.1). The second factor, oversampling, consists
of two possible levels. Level zero means that the original data set
is used, while level one indicates that oversampling is applied to
improve the learning process, as will be explained in Section 4.2.
Finally, the third factor represents input selection, and also has
two levels. Level zero means no input selection, and level
one means that a generic input selection scheme is applied which
will be presented in Section 4.3. This results in a 21 � 2 � 2
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experimental setup. The aim of the benchmarking study is to con-
trast the different levels and combinations of levels of these three
factors, in order to draw general conclusions about the effects of
classification technique, oversampling, and input selection on the
performance of a customer churn prediction model. A full factorial
experimental design allows to statistically test the effect of each
factor separately, as well as the effects of interactions between
the factors.

4.1. Classification techniques

Table 1 provides an overview of the classification techniques that
are included in the benchmarking experiments (Lessmann et al.,
2008). Previous studies reporting on the performance of a technique
in a churn prediction modeling setting are referred to in the last
column of the table. The included techniques are selected based on
previous applications in churn prediction and expectations of good
predictive power. An extensive overview of classification techniques
can be found in Tan et al. (2006) or Hastie et al. (2001).

Where appropriate, default values for the hyperparameters of
the various techniques are used, based on previous empirical stud-
ies and evaluations reported in the literature. If unknown, a param-
eter optimization procedure is performed which calculates the
performance of a model trained on 2/3 of the training data and
evaluated on the remaining validation set, for a range of parameter
values. The values resulting in the best performing model are se-
lected, and the final model is trained on the full training set using
the selected parameter values. E.g. this procedure is performed for
neural networks in order to determine the optimal number of hid-
den neurons, and for SVMs and LSSVMs to tune the kernel and reg-
ularization parameters. The benchmarking experiments are
performed using implementations of the classification techniques
in Weka, Matlab, SAS, and R.

4.2. Oversampling

Typically, the class variable in a customer churn prediction set-
ting is heavily skewed, i.e. the number of churners is much smaller
than the number of non-churners. This may cause classification
techniques to experience difficulties in learning which customers
are about to churn, resulting in poor classification power. Learning
from imbalanced data sets has received a growing amount of
attention from the data mining community (Chawla, 2010). In or-
der to improve learning, sampling schemes to balance the class dis-
tribution have been proposed, such as over- and undersampling.

Fig. 5 illustrates the principle of oversampling. Observations of
the minority class in the training set are simply copied and added
to the training set, thus changing its distribution. Oversampling
does in fact not add any new information to a data set, but only
makes parts of the available information more explicit. Note that
the class distribution of the test set is not altered, because a trained
classifier is always evaluated on a pseudo-realistic data sample, in
order to provide a correct indication of the future performance.
Alternatively, the class distribution of the training set can also be
altered by removing observations from the majority class, which
is called undersampling. However, undersampling reduces the
available amount of information, and therefore oversampling is ap-
plied. Table 3 in Section 6.1 summarizes the number of observa-
tions in each data set included in the benchmarking study, and
the class distribution of the original and oversampled data set.
The degree of sampling affects the performance of the resulting
classifier. Classification techniques typically perform best when
the class distribution is approximately even, and therefore the data
sets are oversampled to approximate an even class distribution.

Finally, a number of advanced sampling schemes have been
proposed in the literature, such as SMOTE (Chawla, 2002) which
constructs synthetic data instances of the minority class in order
to balance the class distribution. However, an extensive study of
the impact of sampling schemes on the performance of customer
churn prediction models is beyond the scope of this study, and left
as a topic for future research.

4.3. Input selection

The third factor that possibly impacts the performance of a
churn prediction model is the variable selection procedure. In prac-
tice, often a limited number of highly predictive variables is pre-
ferred to be included, in order to improve the comprehensibility
of classification models, even at the cost of a somewhat decreased
discrimination power (Martens et al., 2007; Piramuthu, 2004).
Therefore a procedure can be applied in order to select the most
predictive attributes and to eliminate redundant attributes. In this
study, a generic variable input selection procedure is applied
which iteratively reduces the number of variables included in the
model, i.e. a wrapper approach (Tan et al., 2006). Previous to apply-
ing the generic input selection procedure a number of redundant
variables are already filtered from the data set using the Fisher
score. This filter is applied since the computational requirements
to apply the wrapper approach scales exponentially with the num-
ber of variables that is present in the data set. The Fisher score does
not require discretisation of the variables, and is defined as
follows:

Fisher score ¼ j
�xC � �xNC jffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

s2
C þ s2

NC

q ð5Þ

with �xC and �xNC the mean value, and s2
C and s2

NC the variance of a var-
iable for respectively churners and non-churners. Typically, the 20
variables with the highest Fisher scores, indicating good predictive
power, are selected. As will be shown in the results section, a subset
of 20 variables suffices to achieve optimal performance.

Algorithm 1: Pseudo-code of input selection procedure

1: choose initial number of attributes k to start input
selection procedure

2: split data in training data Dtr , and test data Dte in a 2/3,
1/3 ratio

3: calculate Fisher score of attributes in Dtr

4: select k attributes with highest Fisher scores and continue
with this reduced data set Dk

tr

5: for i = k to 1 do
6: for j = 1 to i do
7: train model excluding attribute j from Di

tr

8: calculate performance Pi
j of model j

9: end for

10: remove attribute Am from Di
tr with Pi

m ¼maxj Pi
j

� �
resulting in Di�1

tr

11: end for

12: plot i; Pi
m

� �
with i = 1, . . . ,k

13: select cut-off value i with optimal trade-off between
performance and number of variables
The input selection procedure starts from this reduced data set.
In each step as many models are trained as there are variables left.
Each of these models includes all variables except for one. The var-
iable that is not included in the model with the best performance is
removed from the data set, and a next iteration is started with one
variable less in the data set. Hence the procedure starts with 20
models that are calculated, with each model including only



Table 1
Summary of techniques evaluated in the benchmarking study.

Classification technique Previous studies in churn prediction

Decision tree approaches

A decision tree is grown in a recursive way by partitioning the training records into successively purer subsets. A minimum number of observations needs to fall into each subset,
otherwise the tree is pruned. The metric to measure the pureness or homogeneity of the groups differs for the different techniques. C4.5 uses an entropy measure, while CART
uses the Gini criterion. ADT is a boosted decision tree (see Ensemble methods) which distinguishes between alternating splitter and prediction nodes. A prediction is computed
as the sum over all prediction nodes an instance visits while traversing the tree.

C4.5 Decision Tree (Quinlan, 1993) (C4.5) Mozer et al. (2000), Wei and Chiu (2002), Au et al. (2003), Hwang et al.
(2004), Hung et al. (2006), Neslin et al. (2006) and Kumar and Ravi (2008)

Classification and regression tree (Breiman
et al., 1984)

(CART)

Alternating decision tree (Freund and Trigg,
1999)

(ADT)

Ensemble methods

Ensemble methods use multiple base-classifiers resulting in better predictive performance than any of the constituent models, which are built independently and participate in a
voting procedure to obtain a final class prediction. Random forests incorporates CART as base learner, Logistic model tree utilizes logit, and both bagging and boosting use
decision trees. Each base learner is derived from a limited number of attributes. These are selected at random within the RF procedure, whereby the user has to predefine the
number. LMT considers only univariate regression models, i.e. uses one attribute per iteration, which is selected automatically. Bagging repeatedly samples with replacement
from a data set according to a uniform probability distribution, and trains the base classifiers on the resulting data samples. Boosting adaptively changes the distribution of
the training examples so that the base classifiers, will focus on examples that are hard to classify

Random forests (RF) Buckinx and Van den Poel (2005), Lariviere and Van den Poel (2005), Burez
and Van den Poel (2007), Burez and Van den Poel (2009), Coussement and
Van den Poel (2008) and Kumar and Ravi (2008)

Logistic model tree (Landwehr et al., 2005) (LMT)
Bagging (Bag) Lemmens and Croux (2006)
Boosting (Boost) Lemmens and Croux (2006)

Nearest neighbors

Nearest neighbor methods classify an instance based on the k-most similar or nearest instances. kNN methods measure the analogy or similarity between instances using the
Euclidean distance. Following Baesens et al. (2003b), both k = 10 and k = 100 are included in the experiments

k-Nearest Neighbors k = 10 (kNN10) (Datta et al., 2000)
k-Nearest Neighbors k = 100 (kNN100)

Neural networks

Neural networks mathematically mimic the functioning of biological neural networks such as the human brain. They consist of a network of neurons, interconnected by functions
and weights which need to be estimated by fitting the network to the training data. By applying the trained network on a customer’s attributes, an approximation of its
posterior probability of being a churner is obtained

Multilayer perceptron (Bishop, 1996) (NN) Datta et al. (2000), Mozer et al. (2000), Au et al. (2003), Hwang et al. (2004),
Buckinx and Van den Poel (2005), Hung et al. (2006), Neslin et al. (2006)
and Kumar and Ravi (2008)

Radial basis function network (RBFN) Kumar and Ravi (2008)

Rule induction techniques

Rule induction techniques result in a comprehensible set of if-then rules to predict the minority class, while the majority class is assigned by default. RIPPER is currently one of the
dominant schemes for rule-learning, operating in two stages. First an initial rule set is induced, which is refined in a second optimization stage to filter contradictory rules.
PART on the other hand infers rules by repeatedly generating partial decision trees, combining rule learning from decision trees with the separate-and-conquer rule-learning
technique

RIPPER (Cohen, 1995) (RIPPER) Verbeke et al. (2011)
PART (Frank and Witten, 1998) (PART)

Statistical classifiers

Statistical classifiers model probabilistic relationships between the attribute set and the class variable. Posterior probabilities are estimated directly in logistic regression. Naive
Bayes estimates the class-conditional probability by assuming that attributes are conditionally independent, given the class label, so that class-conditional probabilities can be
estimated individually per attribute. Bayesian Networks allow a more flexible approach and extend Naive Bayes by explicitly specifying which pair of attributes is
conditionally independent

Logistic regression (Logit) Eiben et al. (1998), Mozer et al. (2000), Hwang et al. (2004), Buckinx and
Van den Poel (2005), Lariviere and Van den Poel (2005), Lemmens and
Croux (2006), Neslin et al. (2006), Burez and Van den Poel (2007), Burez and
Van den Poel (2009), Coussement and Van den Poel (2008) and Kumar and
Ravi (2008)

Naive Bayes (NB) Neslin et al. (2006)
Bayesian networks (BN) Neslin et al. (2006)

SVM based techniques

SVM based classifiers construct a hyperplane or set of hyperplanes in a high-dimensional space to optimally discriminate between churners and non-churners, by maximizing the
margin between two hyperplanes separating both classes. A kernel function enables more complex decision boundaries by means of an implicit, nonlinear transformation of
attribute values. This kernel function is polynomial for the VP classifier, whereas SVM and LSSVM consider both a radial basis and a linear kernel function

SVM with linear kernel (Vapnik, 1995) (linSVM) Coussement and Van den Poel (2008) and Kumar and Ravi (2008)

(continued on next page)
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Table 1 (continued)

Classification technique Previous studies in churn prediction

SVM with radial basis function kernel (rbfSVM) Coussement and Van den Poel (2008) and Kumar and Ravi (2008)
LSSVM with linear kernel (Suykens and

Vandewalle, 1999)
(linLSSVM)

LSSVM with radial basis function kernel (rbfLSSVM)
Voted perceptron (Freund and Schapire, 1999) (VP)

Fig. 5. Illustration of the principle of oversampling. A small data set with target variable T and nine observations (left panel) is split into a training set of six observations and a
test set of three observations. Training instances classified as churners (T = C) are repeated twice in the oversampled data set (right panel).
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nineteen variables. The variable excluded in the model with the
best performance is then effectively removed from the data set,
thus leaving a data set with only nineteen variables. This procedure
is repeated, and eighteen models are estimated on the reduced
data set. Again the variable excluded in the best performing model
is removed from the data set. The procedure continues until no
variables are left. A formal description of this procedure can be
found in Algorithm 1. Fig. 6 illustrates the input selection proce-
dure by plotting the performance of the sequentially best classifi-
ers with a decreasing number of attributes. The number of
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Fig. 6. Example of the evolution of the performance during the input selection
procedure for a decreasing number of variables (technique ADT applied on data set
KDD without oversampling, cfr. infra). The X-axis represents the number of
variables included in the model, while the Y-axis represents the performance of the
model measured in terms of AUC.
attributes is shown on the X-axis, and the Y-axis represents the
performance measured in terms of AUC, as will be explained in
Section 5.2.

As can be seen in Fig. 6, removing a variable typically does not
substantially impact the performance of a classifier when the num-
ber of variables remains large. The performance of the classifier
drops however when the number of attributes left in the data set
becomes too small. The model with the number of variables at
the elbow point is generally considered to incorporate an optimal
trade-off between minimizing the number of variables and maxi-
mizing the discriminatory power. The performance at the elbow
point is the result of the input selection procedure that is reported
in Section 6.

5. Experimental setup

A robust experimental setup and the use of appropriate test sta-
tistics and performance measures are crucial to draw valid conclu-
sions. Section 5.1 describes the methodology that is followed in
preprocessing the raw data sets, and Section 5.2 provides a
non-exhaustive review of statistical (as opposed to profit centric)
measures to assess the performance of classification models. This
allows to correctly interpret the reported performance results in
Section 6. Finally, Section 5.3 describes the statistical tests that will
be applied to check the significance of differences in performance.

5.1. Data preprocessing

The general process model of the development of a customer
churn prediction model described in Section 2 is followed to apply
the selected classification techniques on the collection of data sets.
A first important step in this process concerns the preprocessing of
the raw data. Missing values are handled depending on the per-
centage of missing values of an attribute. If more than 5% of the
values of an attribute are missing then imputation procedures



Table 2
The confusion matrix for binary classification.

Actual

+ �

Predicted + True positive (TP) False positive (FP)
� False negative (FN) True negative (TN)

Fig. 7. Example of ROC curve with Kolmogorov–Smirnov statistic indicated.
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were applied. If less than 5% is missing, then the instances contain-
ing the missing value are removed from the data set in order to
limit the impact of imputation procedures. Since missing values
from different attributes often seem to occur for the same in-
stances, i.e. usually for the same customers multiple data fields
are missing, and instances are only removed if less than 5% of
the values of an attribute are missing, the overall number of re-
moved instances remained small. In case of categorical variables
with many categories, coarse classification using hierarchical
agglomerative clustering with the Euclidean distance is applied
to reduce the number of categories to four (Tan et al., 2006). Finally
all categorical variables are turned into binary variables using
dummy encoding. No further preprocessing steps or transforma-
tions have been applied on the data.

5.2. Statistical performance measures

5.2.1. Percentage correctly classified
The percentage correctly classified (PCC) observations measures

the proportion of correctly classified cases on a sample of data.
Although straightforward, the PCC may not be the most appropri-
ate performance criterion in a number of cases, because it tacitly
assumes equal misclassification costs for false positive and false
negative predictions. This assumption can be problematic, since
for most real-life problems, one type of classification error may
be much more expensive than the other. For instance in a customer
churn prediction setting the costs associated with not detecting a
churner will likely be greater than the costs of incorrectly classify-
ing a non-churner as a churner (i.e. the costs associated with losing
a customer tend to be greater than the costs of including a non-
churner in a retention campaign). A second implicit assumption
when using the PCC as evaluation criterion is that the class distri-
bution (class priors) among examples is presumed constant over
time, and relatively balanced (Provost et al., 1998). As mentioned
in Section 4.2, the class distribution of a churn data set is typically
skewed. Thus, using the PCC alone proves to be inadequate, since
class distributions and misclassification costs are rarely uniform,
and certainly not in the case of customer churn prediction. How-
ever, taking into account class distributions and misclassification
costs proves to be quite hard, since in practice they can rarely be
specified precisely, and are often subject to change (Fawcett and
Provost, 1997).

5.2.2. Sensitivity, specificity, and the receiver operating characteristic
curve

Class-wise decomposition of the classification of cases yields a
confusion matrix as specified in Table 2. If TP, FP, FN, and TN rep-
resent the number of true positives, false positives, false negatives,
and true negatives, then the sensitivity or true positive rate measures
the proportion of positive examples which are predicted to be po-
sitive (TP/(TP + FN)) (e.g. the percentage of churners that is cor-
rectly classified), whereas the specificity or the true negative rate
measures the proportion of negative examples which are predicted
to be negative (TN/(TN + FP)) (e.g. the percentage of non-churners
that are correctly classified).

Using the notation of Table 2, we may now formulate the over-
all accuracy as PCC = (TP + TN)/(TP + FP + TN + FN). Note that sensi-
tivity, specificity, and PCC vary together as the threshold on a
classifier’s continuous output is varied between its extremes. The
receiver operating characteristic curve (ROC) is a 2-dimensional
graphical illustration of the sensitivity on the Y-axis vs. (1-specific-
ity) on the X-axis for various values of the classification threshold.
It basically illustrates the behavior of a classifier without regard to
class distribution or misclassification cost, so it effectively decou-
ples classification performance from these factors (Egan, 1975;
Swets and Pickett, 1982). An example of a ROC curve is shown in
Fig. 7.
5.2.3. Area under the receiver operating characteristic curve
In order to compare ROC curves of different classifiers, one often

calculates the area under the receiver operating characteristic curve
(AUROC or AUC). Assume a classifier produces a score s = s(x), func-
tion of the attribute values x, with corresponding probability den-
sity function of these scores for class k instances fk(s) and
cumulative distribution function Fk(s), with only two classes
k = 0,1. Then the AUC is defined as (Krzanowski and Hand, 2009):

AUC ¼
Z 1

�1
F0ðsÞf1ðsÞds: ð6Þ

The AUC provides a simple figure-of-merit for the performance of
the constructed classifier. An intuitive interpretation of the AUC is
that it provides an estimate of the probability that a randomly cho-
sen instance of class 1 is correctly rated or ranked higher than a ran-
domly selected instance of class 0 (e.g. the probability that a
churner is assigned a higher probability to churn than a non-chur-
ner). Note that since the area under the diagonal corresponding to a
pure random classification model is equal to 0.5, a good classifier
should yield an AUC much larger than 0.5.
5.2.4. Gini coefficient and Kolmogorov–Smirnov statistic
A measure that is closely related to the AUC is the Gini coefficient

(Thomas et al., 2002), which is equal to twice the area between the
ROC curve and the diagonal, i.e. Gini = 2 � AUC � 1. The Gini coeffi-
cient varies between 0 (i.e. the ROC curve lies on the diagonal and
the model does not perform better than a random classification
model) and 1 (i.e. maximum ROC curve and perfect classification).

Another performance measure related to the ROC curve is the
Kolmogorov–Smirnov (KS) statistic. The KS statistic gives the maxi-
mum distance between the ROC curve and the diagonal at a spe-
cific cut-off value. Again, a value of the KS performance measure
equal to one means a perfect classification, and KS equal to zero
means no better classification than a random classifier. The KS
measure is indicated in Fig. 7.



Table 3
Summary of data set characteristics: ID, source, region, number of observations, number of attributes, number of ordinal attributes, percentage churners in the original and
oversampled data set, and references to previous studies using the data set.

ID Source Region # Obs. # Att. # Ord. %Churn original % Churn sampled Reference

O1 Operator North America 47,761 53 42 3.69 50.01 Mozer et al. (2000)
O2 Operator East Asia 11,317 21 12 1.56 47.44 Hur and Kim (2008)
O3 Operator East Asia 2904 15 7 3.20 55,52 Hur and Kim (2008)
O4 Operator East Asia 2969 48 30 4.41 45.99 Hur and Kim (2008)
O5 Operator East Asia 2180 15 3 3.21 55.97 Hur and Kim (2008)
O6 Operator Europe 338,874 727 679 1.80 50.00
D1 Dukea North America 93,893 197 135 1.78 49.75 Neslin et al. (2006)

Lemmens and Croux (2006)
Lima et al. (2009)

D2 Dukea North America 38,924 77 36 1.99 49.81
D3 Dukea North America 7788 19 8 3.30 56.49
UCI UCIc – 5000 23 15 14.14 50.28 Lima et al. (2009)

Verbeke et al. (2011)
KDD KDD Cup 2009b Europe 46,933 242 173 6.98 50.56

a www.fuqua.duke.edu/centers/ccrm/datasets/download.html.
b www.kddcup-orange.com.
c www.sgi.com/tech/mlc/db.
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5.3. Statistical tests

A procedure described in Demšar (2006) is followed to statisti-
cally test the results of the benchmarking experiments and con-
trast the levels of the factors. In a first step of this procedure the
non-parametric Friedman test (Friedman, 1940) is performed to
check whether differences in performance are due to chance. The
Friedman statistic is defined as:

v2
F ¼

12N
kðkþ 1Þ

X
j

R2
j �

kðkþ 1Þ2

4

" #
ð7Þ

with Rj the average rank of algorithm j = 1,2, . . . ,k over N data sets.
Under the null hypothesis that no significant differences exist, the
Friedman statistic is distributed according to v2

F with k � 1 degrees
of freedom, at least when N and k are big enough (i.e. N > 10 and
k > 5), which is the case in this study when comparing different
techniques (N = 11 and k = 21). When comparing the levels of the
factors oversampling and input selection, k equals two and exact
critical values need to be used to calculate the statistic.

If the null hypothesis is rejected by the Friedman test we pro-
ceed by performing the post hoc Nemenyi (Nemenyi, 1963) test
to compare all classifiers to each other. Two classifiers yield signif-
icantly different results if their average ranks differ by at least the
critical difference equal to:

CD ¼ qa

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
kðkþ 1Þ

6N

r
ð8Þ

with critical values qa based on the Studentized range statistic di-
vided by

ffiffiffi
2
p

. To compare all classifiers with the best performing
classifier the Bonferroni–Dunn test (Dunn, 1961) is applied, which
is similar to post hoc Nemenyi but adjusts the confidence level in
order to control the family-wise error for making k � 1 instead of
k(k � 1)/2 comparisons.

The previous tests are applied to compare the results over mul-
tiple data sets, and to draw general conclusions about the impact of
a factor on the performance of a model. To compare the perfor-
mance, measured in AUC, of two classifiers on a single data set,
the test of DeLong, DeLong, and Clarke-Pearson is used. After com-
plex mathematical calculus, following a non-parametric approach
whereby the covariance matrix is estimated using the theory on
generalized U-statistics, DeLong et al. (1988) derive the following
test statistic:

bH �H
� �

cT ½cScT ��1c bH �H
� �T

; ð9Þ
which has a chi-square distribution with degrees of freedom equal
to the rank of cScT with bH the vector of the AUC estimates, S the
estimated covariance matrix, and c a vector of coefficients such that
cHT represents the desired contrast.
6. Empirical results

6.1. Data sets

Eleven data sets were obtained from wireless telecom operators
around the world. Table 3 summarizes the main characteristics of
these data sets, some of which have been used in previous studies
referred to in the last column of the table. As can be seen from the
table, the smallest data set contains 2180 observations, and the
largest up to 338,874 observations. The applied techniques are
evaluated using holdout evaluation on a single random split up
of each data set into 2/3 training set and 1/3 test set, as commonly
applied in large-scale benchmarking studies (e.g. Baesens et al.,
2003b; Lessmann et al., 2008). The training set is used to learn a
model, which is then evaluated on the test set to obtain an indica-
tion of the performance of the model. Holdout evaluation on a sin-
gle split up provides a reliable indication of the performance if the
data set is sufficiently large, and when multiple holdout evalua-
tions with random splits into training and test set yield low vari-
ability. Preliminary tests indicated that the size of the data sets is
sufficiently large and that a single split yields a reliable indication
of the performance. Furthermore, multiple holdout splits (a.k.a.
random subsampling) or cross-validation, which are typically ap-
plied when the size of the data set is small, would heavily increase
the computational load of the experiments. Given the magnitude of
the benchmarking study, this was an important factor as well in
selecting the single split holdout evaluation methodology. For an
introduction to evaluation methodologies as well as further refer-
ences, one may refer to, e.g. Tan et al. (2006).

The data sets also differ substantially regarding the number of
attributes, in a range from 15 up to 727. However, more attributes
do not guarantee a better classification model. The final perfor-
mance of a classifier mainly depends on the explanatory power
of the attributes, and not on the number of attributes available
to train a model. For instance, the number of times a customer
called the helpdesk will most probably be a better predictor of
churn behavior than the zip code. A large number of attributes
heavily increases the computational requirements. Therefore the
number of variables in data sets O6, D1, and KDD is reduced to a
number of 50 using the Fisher score, in order to remove redundant



Table 4
Results of the benchmarking experiment evaluated using the MP per customer performance criterion.

2 The variables in data set KDD are anonymized and cannot be interpreted, and UCI
is a synthetic data set which is only included in the study to allow comparison with
previous and future studies. Therefore the input selection results of these data sets
will not be included in the analysis in Section 6.3.
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data before applying the classification techniques without input
selection. As explained in Section 4.3, before applying the wrapper
input selection procedure the number of variables in all data sets is
reduced to a maximum of 20.

Table 3 also indicates the class distribution, which is for all data
sets heavily skewed. The percentage of churners typically lies
within a range of 1–10% of the entire customer base, depending
on the length of the period in which churn is measured.

The definition of churn also slightly differs over the data sets,
depending on the operator providing the data set. Most of the data
however is collected over a period of three to six months, with a
churn flag indicating whether a customer churned in the month
after the month following the period when the data was collected.
The one month lag of the data on the churn flag gives the market-
ing department time to setup campaigns aimed at retaining the
customers that are predicted to churn.

Four types of attributes can be identified in the data sets.

� Socio-demographic data: contains personal information about
customers such as age, gender, or zip code.
� Call behavior statistics or usage attributes: are mostly summary

statistics such as number of minutes called per month, or vari-
ables capturing the evolution or trends in call behavior such as
increase or decrease in number of minutes called. Usage attri-
butes are purely related to the actual consumption.
� Financial information: contains billing and subscription informa-

tion. Examples are average monthly revenue, revenue from
international calls, type of plan chosen, and credit class of a
customer.
� Marketing related variables: contain information about interac-

tions between the operator and the customer, such as promo-
tions that are offered to a customer, calls from the retention
team to a customer, but also calls from the customer to the
helpdesk. Marketing related variables are of particular interest
to learn about how customers can be retained (Bolton et al.,
2006).

The results of the input selection procedure will allow to assess
in Section 6.3 the type of information that is generally most impor-
tant to predict customer churn.2
6.2. Results and discussion

In the first part of this section the results of the benchmarking
experiment are evaluated to assess the impact of input selection,
oversampling, and classification technique on the performance of
a customer churn prediction model. The performance is measured
and evaluated using both statistical performance measures, i.e. top
decile lift and AUC, and the maximum profit criterion. The use of
these performance measures is analyzed and discussed in the sec-
ond part of this section.

Tables 4–6 report the results of the benchmarking study in
terms of respectively maximum profit, top decile lift, and AUC,
both with and without oversampling and input selection applied.
In all three tables the Bonferroni–Dunn test is used to evaluate
the average ranks (AR) resulting from the respective performance
measures. The best performance is in bold and underlined, and re-
sults that are not significantly different from the top performance
at the 95% confidence level are tabulated in bold. Statistically



Table 5
Results of the benchmarking experiment evaluated using the top decile lift performance criterion.

222 W. Verbeke et al. / European Journal of Operational Research 218 (2012) 211–229
significant differences in performance at the 99% level are empha-
sized in italics, and significantly different results at the 95% level
but not at the 99% level are reported in normal script. In Table 6,
as explained in Section 5.3, the results of the test of DeLong,
DeLong, and Clarke-Pearson to compare the performance in AUC
on each data set separately are reported following the same
notational convention.

6.2.1. Input selection
The results of the experiments with and without input selection

can be found respectively in the lower and upper panels of Tables
4–6. Applying the Friedman test to compare the results for each
measure yields a p-value around zero, both when including results
with and/or without oversampling. This indicates that classifiers
yield a significantly better predictive performance when applying
input selection. At first sight this result might seem somewhat
counterintuitive. However, it makes sense that it is easier to learn
from a smaller data set with few, yet highly predictive, variables,
than from an extensive set containing much redundant or noisy
data. This result indicates that it is crucial to apply an input selec-
tion procedure in order to attain good predictive power. Moreover,
a model containing less variables is advantageous as it will be more
stable, since collinearity is reduced. More importantly from a prac-
tical point of view, a concise model is also easier to interpret, since
the number of variables included in the model is minimized.
Fig. 8(a) plots the results of the input selection procedure on data
set O1 for logistic regression, which is exemplary for most tech-
niques and data sets. The Y-axis represents the performance mea-
sured in AUC, and the number of variables included in the model is
plotted on the X-axis. From this figure, it can be seen that adding a
variable improves the performance of the logit model dramatically
when only few variables are included in the model (i.e. on the left
side of the figure the curve has a steep, positive slope).

However, the positive effect of adding extra variables flattens at
eight variables, then reaches a maximum at nine variables, and
when including more than twelve variables the performance de-
creases. The optimal trade-off between the number of attributes
that is included in the model and the predictive performance as re-
quired by a business expert lies at eight variables. Selecting less
variables yields poor predictive power, while including more vari-
ables makes the model harder to interpret and adds only little pre-
dictive power. Fig. 8(a) can also be interpreted starting from the
right side, with many variables included in the data set. At first
removing variables improves the performance since mostly redun-
dant attributes will be removed. When too much information is fil-
tered from the data however, the performance drops.

In Fig. 8(b) a boxplot summarizes the number of variables of the
different data sets that is used by the eight best performing tech-
niques according to the MP criterion (cfr. infra). On each box, the
central mark indicates the median number of variables, the edges
of the box represent the 25th and 75th percentiles, the whiskers
extend to the most extreme numbers that are not considered to
be outliers, and outliers finally are plotted by crosses. ADT, NB,
and C4.5 appear to be very efficient algorithms, which are able to
produce powerful models with only a very small number of attri-
butes. The number of variables needed by RF, NN, PART, and LMT
on the other hand seems to be heavily dependent on the data
(i.e. the boxes and whiskers are spread over a wide range). On aver-
age, these eight techniques only need around 6 or 7 variables to
yield optimal performance.

This means that a surprisingly small number of variables suf-
fices to build an effective and powerful customer churn prediction



Table 6
Results of the benchmarking experiment evaluated using the AUC performance criterion.
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Fig. 8. Performance evolution of the input selection process for logistic regression applied on data set O1, and boxplot of the number of variables used by the eight best
performing techniques using the MP criterion.
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model. Hence from an economical point of view, to build or im-
prove the predictive power of such a model, it is operationally
more efficient to focus on collecting and improving the quality of
a small set of well chosen attributes, than to collect as much data
as possible. Data quality is an important issue in any data mining
and KDD context, and generally speaking the return on investment
to improve data quality depends on the structure of the processes
within an organization. For instance, data entry processes should
be carefully designed to avoid outliers and/or missing values. Sec-
tion 6.3 will further analyze the results of the input selection
experiments to indicate which type of information is required to
predict customer churn.
6.2.2. Oversampling
For each of the performance criteria, when applying the Fried-

man test to compare the results with and without oversampling
on an aggregate level, no significant impact on performance is de-
tected. Hence, no clear conclusion can be drawn about the impact
of oversampling on the performance of a customer churn predic-
tion model.

The test of DeLong, DeLong, and Clarke-Pearson is applied to
compare the performance of each classification technique with
and without oversampling, for the results with input selection
measured in AUC, which can be found in the right and the left low-
er panels of Table 6. The resulting p-values are reported in Table 7,



Table 7
The resulting p-values of the DeLong, DeLong, and Clarke-Pearson test applied to compare the performances of the classification techniques with and without oversampling, with
input selection, on each data set separately. Performances that are not significantly different at the 95% confidence level are tabulated in bold face. Significant differences at the
99% level are emphasized in italics, and differences at the 95% level but not at the 99% level are reported in normal script. If the performance without oversampling is significantly
better than the result with oversampling, the p-value is underlined.

Data set O1 O2 O3 O4 O5 O6 D1 D2 D3 UCI KDD

NN 0.955 0.952 0.407 0.274 0.300 0.012 0.139 0.704 0.945 0.000 0.000
linSVM 0.003 0.928 0.007 0.694 0.718 0.036 0.133 0.643 0.004 0.616 0.000
rbfSVM 0.000 0.705 0.152 0.013 0.444 0.000 0.026 0.882 0.022 0.051 0.000

linLSSVM 0.000 0.869 0.643 0.339 0.670 0.183 0.000 0.365 0.853 0.549 0.730
rbfLSSVM 0.000 0.116 0.130 0.053 0.000 0.000 0.000 0.924 0.068 0.396 0.002
RIPPER 0.000 0.000 0.000 0.019 0.979 0.000 0.000 0.090 0.000 0.071 0.000
PART 0.000 0.367 0.043 0.661 0.283 0.071 0.000 0.580 0.011 0.293 0.015
C4.5 0.000 0.013 0.308 0.942 0.626 0.000 0.000 0.021 0.284 0.002 0.000

CART 0.000 0.011 0.000 0.002 0.000 0.000 0.000 0.849 0.000 0.006 0.000
ADT 0.137 0.937 1.000 0.196 0.444 0.051 0.919 0.373 0.220 1.000 0.617
RF 0.426 0.901 0.844 0.305 0.897 0.023 0.664 0.991 0.422 0.276 0.296

LMT 0.000 0.000 0.000 0.388 0.886 0.000 0.000 0.140 0.983 0.762 0.000
Bag 0.000 0.058 0.011 0.386 0.268 0.598 0.000 0.783 0.000 0.193 0.000
Boost 0.019 0.495 1.000 0.987 1.000 0.066 0.056 0.613 0.184 0.013 0.116

RBFN 0.839 0.169 0.338 0.214 0.156 0.295 0.052 0.773 0.090 0.851 0.374
VP 0.000 0.044 0.000 0.201 0.001 0.000 0.000 0.110 0.000 0.000 0.337
Logit 0.133 0.909 0.269 0.206 0.277 0.319 0.684 0.531 0.488 0.741 0.670
kNN10 0.957 0.985 0.701 0.552 0.821 0.319 0.000 0.232 0.891 0.760 0.499

kNN100 0.329 0.835 0.643 0.966 0.003 0.139 0.000 0.593 0.796 0.020 0.000
BN 0.000 0.234 0.850 0.714 0.591 0.371 0.000 0.179 0.223 0.551 0.489

NB 0.359 0.351 0.794 0.260 0.398 0.000 0.939 0.217 0.971 0.303 0.146
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indicating the probability that a difference in performance is due to
chance. The p-values smaller than 0.05 and 0.01 indicate that a dif-
ference in performance is significant with a confidence level of
respectively, 95% and 99%, and are tabulated in normal and italic
script. Furthermore, when the effect of oversampling on the perfor-
mance of a classification technique is found to be significant, but
negative, then the reported p-value is underlined. Non-significant
differences finally are tabulated in bold. The image of Table 7 is
rather diffuse, since there seem to be as many positive as negative
significant effects on performance, and in many cases the results
are not significantly different.

As illustrated by Table 7, the effect of oversampling strongly de-
pends on the data set and the technique that is applied. For in-
stance, oversampling improves the performance of Ripper on 8
out of the 11 data sets, while the results of ADT and RBFN are never
found to be significantly impacted. These last techniques are
apparently able to learn properly even with a very skewed class
distribution. Furthermore, differences in performance on data sets
O4 and D2 are almost never found significant, and in case of data
set D1, oversampling yielded a positive effect in 6 cases, a negative
effect in 7 cases, and no significant effect in 8 cases, which illus-
trates the apparent randomness in the effect of oversampling on
the predictive power. Therefore it is recommended to adopt an
empirical approach when building a customer churn prediction
model, and to consistently test whether oversampling provides
better classification results or not.

6.2.3. Classification techniques
In the previous paragraphs input selection is found to be crucial

in order to obtain good predictive power. Therefore only the aggre-
gate results with input selection (i.e. the results in the lower two
panels of Tables 4–6) are included to compare the classification
techniques using the Friedman and post hoc Nemenyi tests. The
Friedman test results in a p-value close to zero for each of the three
performance measures, and both with and/or without oversam-
pling, indicating significant differences in performance to exist
among the applied techniques. We thus proceed by performing
post hoc Nemenyi to compare all classifiers, as explained in Sec-
tion 5.1. The results are plotted in Fig. 9(a)–(c), respectively for
the maximum profit criterion, top decile lift, and AUC. The horizon-
tal axes in these figures represent the average ranking of a tech-
nique on all data sets. The more a technique is situated to the
left, the better its ranking. Techniques are represented by a line,
the left end of this line depicts the actual average ranking, while
the line itself represents the critical distance for a difference be-
tween two classifiers to be significant at the 99% confidence level.
The dotted, dashed, and full vertical lines in the figure indicate the
critical differences with the best performing technique at respec-
tively the 90%, 95%, and 99% confidence level. A technique is signif-
icantly outperformed by the best technique if it is situated at the
right side of the vertical line.

The specific differences between the rankings in Fig. 9(b) and (c)
will be discussed in detail in the next section. In general, we can con-
clude from Fig. 9(a)–(c) that a large number of techniques do not
perform significantly different. Although the reported results in Ta-
bles 4–6 are widely varying, the majority of techniques yield classi-
fication performances which are on average quite competitive to
each other. The conclusions of this section are comparable to previ-
ous benchmarking studies in credit scoring (Baesens et al., 2003b)
and software defect prediction (Lessmann et al., 2008), which also
reported a flat maximum effect and a limited difference in predictive
power between a broad range of classification techniques. Hence,
the impact of the classification technique on the resulting perfor-
mance is less important than generally assumed. Therefore, depend-
ing on the setting other aspects beside discriminatory power have to
be taken into account when selecting a classification technique,
such as for instance comprehensibility or operational efficiency
(Martens et al., 2011). In many business settings, a comprehensible
model will often be preferred over a better performing black box
model, since an interpretable model allows the marketing depart-
ment to learn about customer churn drivers, and provides action-
able information to set up retention initiatives, as will be
discussed in Section 6.3. Furthermore, comprehensibility allows to
check whether the classifier functions intuitively correct and in line
with business knowledge. The most interpretable types of models
are rule sets and decision trees, but also logistic regression and
Bayesian techniques result in comprehensible classification models.
Neural networks or SVMs on the other hand result in complex,
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Fig. 9. Ranking of classification techniques and results of the post hoc Nemenyi test for the experiments with input selection using the three performance measures. The
dotted vertical line indicates the 90% significance level, the dashed line the 95% level, and the full line the 99% level.
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non-linear models, which are very hard to interpret and therefore
called black box models. However, a combination of comprehensi-
bility and good predictive power can also be achieved indirectly,
by adopting a hybrid approach such as for instance rule-extraction
from neural networks (Baesens et al., 2003a). The operational effi-
ciency concerns the ease of implementation, execution, and mainte-
nance of a model, which are represented by steps three and four in
the process model discussed in Section 2. Rule sets and linear mod-
els are very fast in execution, and easy to implement and maintain.
Nearest neighbor methods on the other hand do not result in a final
model that can be implemented and executed straightforwardly,
and have to calculate the k nearest neighbors each time a customer
needs to be classified. Ensemble methods on the other hand involve
a multitude of models that need to be executed, implemented, and
maintained, and therefore typically score bad on this aspect.

Finally, Tables 4–6 provide a benchmark to churn prediction
modeling experts in the industry to compare the performance of
their customer churn prediction models.

6.2.4. Statistical performance measures vs. the maximum profit
criterion

Fig. 10 compares the rankings of the classification techniques in
terms of maximum profit, top decile lift, and AUC. For each perfor-
mance measure, the techniques that are not significantly different
at the 95% confidence level according to the Bonferroni–Dunn test
are grouped within grey boxes. As can be seen from the figure, the
rankings vary substantially over the different performance mea-
sures, but show as well some resemblances. At the top, ADT is best
using MP and AUC, and second best using top decile lift, which
indicates that this technique has an overall good performance. RF
on the other hand, having the best top decile lift and third in terms
of MP, is only classified fifteenth using AUC. RF apparently per-
forms well regarding the customers it assigns the highest propen-
sities to attrite, resulting in the best top decile lift. However, when
taking into account the entire ranking of the customers the perfor-
mance of RF declines sharply, as indicated by the AUC measure.

At the bottom of the rankings a number of techniques seems to
perform bad for all three measures, such as for instance VP,
rbfSVM, and linSVM. The bad performance of the latter two tech-
niques is rather surprising, given the competitive performance re-
sults reported in the literature in other domains. However, this can
be due to the fact that these classifiers had to be trained using
smaller samples, possibly leading to poor discriminatory power.
On the other hand, a remarkable difference in ranking exists
regarding the rule induction techniques and decision tree ap-
proaches. Evaluating C4.5, RIPPER, CART, and PART using the max-
imum profit criterion yields average (RIPPER and CART) to good
performance (C4.5 and PART). However, in terms of top decile lift



Fig. 10. Comparison of the rankings of classification techniques resulting from the
benchmarking experiment using the maximum profit criterion, top decile lift, and
AUC. The techniques that are not significantly different at the 95% confidence level
according to a post hoc Nemenyi test, are grouped in the grey boxes for each
performance measure.

Fig. 11. Average profit per customer using maximum profit (dotted line), lift
(dashed line), and AUC (full line).
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or AUC, all except for PART are found to be significantly outper-
formed by the best performing technique. This can be explained
by the fact that rule sets and decision trees do not provide a con-
tinuous output, and therefore their ROC curve has only as many
points as there are rules or leaves, resulting in a discontinuous,
piecewise monotone ROC curve and a fairly low AUC. Furthermore,
these models only classify a fraction of the customers to be churn-
ers approximately equal to the fraction of churners in the data set,
i.e. the base churn rate b0. The base churn rate is in most data sets
below 10% as indicated by Table 3, and therefore these techniques
yield poor top decile lift. The optimal fraction of customers to in-
clude in a retention campaign however usually lies more near to
the base churn rate. For instance, the average optimal fraction for
technique PART on the data sets with input selection, both with
and without oversampling, is equal to 3.38%, for C4.5 3.11%, for
CART 3.45%, and for RIPPER 2.73%. The average over all techniques
lies at 4%. Therefore the maximum profit criterion allows a more
fair comparison regarding rule sets and decision trees.

Fig. 11 shows the average profit per customer over the eleven
data sets, to illustrate the impact on the resulting profits of select-
ing a customer churn prediction model using each of the three per-
formance measures. Both for top decile lift and AUC the resulting
profit depends on the fraction of customers that is included in
the retention campaign, whereas the MP criterion automatically
determines the optimal fraction of customers to include and re-
sults in the maximum profit. Therefore, the average profit per cus-
tomer generated by using the MP criterion is shown as a constant
function in Fig. 11, represented by a dotted line and equal to
0.9978. The grey-most area between this function and the dash-
dotted horizontal line below, indicating the maximum average
profit using top decile lift, represents the difference in profit per
customer resulting from suboptimal model selection using top
decile lift. This difference equals 0.9978€ � 0.5321€ = 0.4677€ per
customer. In this setting, for an operator with a customer base of
one million customers, the difference in profit due to suboptimal
customer churn prediction model selection yields half a million
euros per retention campaign. On top of this, an additional
difference in profit per customer will exist if a suboptimal fraction
of customers is included in the retention campaign, indicated by
the middle-grey area between the lower horizontal line and the
top decile lift profit curve. For instance, if a model is selected using
top decile lift, and the top decile of customers is effectively in-
cluded in the retention campaign, then the difference in profit
per customer amounts to 0.4677€ + 0.0352€ = 0.5321€.

6.3. Customer churn drivers and managerial insights

As a result of the input selection procedure, we are able to iden-
tify which type of data is most important to predict churn. The
variables selected by the best performing techniques during the in-
put selection procedure are analyzed and binned into the four cat-
egories. This results in the pie charts shown in Fig. 12, which
represent the percentage of the selected variables belonging to
each of the four types. Pie charts are shown for each data set sep-
arately, and on an aggregate level. Not all data sets include as many
attributes of each type, resulting in some variance between the
charts. However, as can be seen from the figure, most charts are
similar to the aggregate chart. Therefore we can conclude that
usage variables are the most solicited type of variable, and seem
to be the best predictors of future churn. The other three types of
data are used almost equally, each category representing roughly
twenty percent of the selected variables. Hence, none of the four
categories can be excluded from the data, and complete data sets
containing information on each type will tend to yield better pre-
dictive performance.

The attributes present in the data sets used in this study are
rather diverse, nevertheless a number of interesting findings can
be reported regarding specific variables that are relevant to predict
churn. As mentioned, marketing variables are of specific interest to
the marketing department since they provide actionable informa-
tion. Attributes related to the hand sets provided by the operator
to the customer, such as the price and age of the current equip-
ment, generally seem to be very relevant in order to predict churn.
Also the number of contacts between operator and customer is
typically a good predictor. Concerning socio-demographic vari-
ables, the age of a customer turns out to have good predictive
power, but zip code or similar information on the other hand not
at all, as might be expected. Examples of often selected financial
variables are mean total monthly recurring charge, the type of
plan, and the credit class of a customer. Usage statistics that are of-
ten solicited are the mean number of outbound voice calls (to a
specific competitor), or even simply the total number of call detail
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records. Trend variables such as recent to early usage ratio, this
month to last months usage ratio, or simply an indicator of a posi-
tive or negative evolution seem to be frequently selected as well.

A typical issue when selecting variables is whether an attribute
is a predictor for future churn, or a symptom of occurring churn.
For instance, as a result of the modeling process a usage attribute
indicating a strong drop in total minutes called might show to be
strongly correlated with churn. However, this drop is likely to oc-
cur post-factum, when the event of churn has already taken place
but is not logged in the data yet. Also a sudden peak in usage just
before churn can typically be observed in churn data sets, and
might therefore be considered a good predictor. This peak however
usually indicates that the customer already decided to change from
operator, and is consuming all the remaining minutes he already
paid for. Therefore, such attributes cannot be used to predict cus-
tomer churn since they do not allow to give an early warning, pref-
erably even before the customer is actively considering to attrite.
To successfully retain customers an early detection is of crucial
importance in order to allow the marketing department to act on
the results of the model, before the customer has made a final deci-
sion. This problem can partially be solved by lagging the data suf-
ficiently to the churn event indicator. The lead of the churn flag on
the attributes in the data sets included in this study is at least one
month. A lead of more than three months on the other hand is ex-
pected to result in weak predictive power. Finally, a model always
has to be checked and interpreted by a business expert to validate
the selection of predictive variables, which again illustrates the
need for a comprehensible model.
7. Conclusions and future research

Customer churn prediction models are typically evaluated using
statistically based performance measures, such as for instance top
decile lift or AUC. However, as shown in Sections 3 and 6 of this pa-
per, this can lead to suboptimal model selection and a loss in prof-
its. Therefore, in the first part of this paper a novel, profit centric
performance measure is developed. Optimizing the fraction of in-
cluded customers with the highest predicted probabilities to attrite
yields the maximum profit that can be generated by a retention
campaign. Since reducing the cost of churn is the main objective
of customer churn prediction models, this paper advocates that
the maximum profit should be used to evaluate customer churn
prediction models.

In the second part of the paper a large benchmarking experi-
ment is conducted, including twenty-one state-of-the-art predic-
tive algorithms which are applied on eleven data sets from
telecom operators worldwide, in order to analyze the impact of
classification technique, oversampling, and input selection on the
performance of a customer churn prediction model. The results
of the experiments are tested rigorously using the appropriate test
statistics, and evaluated using both the novel profit centric based
measure and statistical performance measures, leading to the fol-
lowing conclusions.

Applying the maximum profit criterion and including the opti-
mal fraction of customers in a retention campaign leads to sub-
stantially different outcomes. Furthermore, the results of the
experiments provide strong indications that the use of the maxi-
mum profit criterion can have a profound impact on the generated
profits by a retention campaign.

Secondly, the effect of oversampling on the performance of a
customer churn prediction model strongly depends on the data
set and the classification technique that is applied, and can be po-
sitive or negative. Therefore, we recommend to adopt an empirical
approach, and as such to consistently test whether oversampling is
beneficial.

Third, the choice of classification technique significantly im-
pacts the predictive power of the resulting model. Alternating
Decision Trees yielded the best overall performance in the experi-
ments, although a large number of other techniques were not sig-
nificantly outperformed. Hence, other properties of modeling
techniques besides the predictive power have to be taken into ac-
count when choosing a classification technique, such as compre-
hensibility and operational efficiency. Rule induction techniques,
decision tree approaches, and classical statistical techniques such
as logistic regression and Naive Bayes or Bayesian Networks score
well on all three aspects, and result in a powerful, yet comprehen-
sible model that is easy to implement and operate. Therefore these
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techniques are recommended to be applied for customer churn
prediction modeling. Comprehensibility or interpretability is an
important aspect of a classifier which allows the marketing
department to extract valuable information from a model, in order
to design effective retention campaigns and strategies. The com-
prehensibility of a model however also depends on the number
of variables included in a model. Clearly a model including ten
variables is easier to interpret than a model containing fifty vari-
ables or more.

This leads to a fourth conclusion, i.e. input selection is crucial to
achieve good performance, and six to eight variables generally suf-
fice to predict churn with high accuracy. Consequently, from an
economical point of view it is more efficient to invest in data qual-
ity, than in gathering an extensive range of attributes capturing all
the available information on a customer. Furthermore, the input
selection procedure has shown that usage attributes are the most
predictive kind of data. However, also socio-demographic data,
financial information, and marketing related attributes are indis-
pensable sources of information to predict customer churn. More-
over, marketing related attributes such as the hand set that is
provided to a customer by the operator, are important sources of
actionable information to design effective retention campaigns. Fi-
nally, this paper also provides benchmarks to the industry to com-
pare the performance of their customer churn prediction models.

As a topic for future research, a fifth type of information re-
mains to be explored on its ability to predict churn, i.e. social net-
work information. Call detail record data is usually present in
abundance, and can be analyzed to extract a large graph, repre-
senting the social network between the customers of an operator.
Initial results of a pilot study indicate that social network effects
play an important role in customer churn (Nanavati et al., 2008).
A model that incorporates these effects as an extra source of infor-
mation to predict churn therefore promises to yield improved per-
formance. Finally, as mentioned in Section 3, uplift modeling and
the mutual dependency between the probability of a customer to
be retained, the customer lifetime value, and the predicted proba-
bility to churn are indicated as prime topics for future research.
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