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Customer-Centric Decision Support

A Benchmarking Study of Novel Versus Established
Classification Models

Classification analysis contributes to the support of several corporate decision making tasks.
In particular, the domain of customer relationship management comprises a variety of
respective applications, which involve estimating some aspects of customer behavior.
Whereas classical statistical techniques as well as decision tree models are routinely
employed to approach such tasks, the use of modern techniques is still in its infancy.
A major obstacle prohibiting a wider adoption of novel methods may be seen in the fact
that their potential to improve decision quality in customer-centric settings has not yet
been investigated. Therefore, this paper contributes to the literature by conducting an
empirical study that compares the performance of modern to that of established classifiers
as to their predictive accuracy and economic consequences. The observed results provide
strong evidence for the value of modern techniques and identify one approach which
appears to be particularly well suited for solving customer-centric classification problems.
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1 Introduction

The field of data mining embraces tech-
niques and tools to analyze large, het-
erogeneous datasets and uncover hid-
den patterns that may prove valuable to
support decision making. In corporate
contexts, data mining can be employed
to, e.g., confirm the efficacy of business
processes, gain a better understanding
of customer behavior, needs and prefer-
ences, and, more generally, identify op-
portunities for gaining competitive ad-
vantage.

Classification analysis belongs to the
branch of directed data mining (Berry
and Linoff 2004, p. 7) and aims at esti-
mating the probability of events on the
basis of past observations. For example,
many corporate applications of classifi-
cation aim at solving operational plan-
ning problems in (analytical) customer

relationship management like assessing
the credit worthiness of loan applicants,
identifying an appropriate target group
for direct-mailing campaigns, detecting
fraud, e.g., in the financial or insurance
industry, or identifying customers at the
risk of churning prior to defection (Less-
mann and Voß 2008, p. 237 ff). These
planning tasks are referred to as customer-
centric classification problems throughout
this paper.

The development of novel methods to
solve classification problems enjoys on-
going popularity in data mining and re-
lated disciplines, so that a large num-
ber of alternative methods are available.
Not surprisingly, algorithmic advance-
ments are usually not adopted immedi-
ately in corporate practice, where clas-
sical techniques like logistic regression
or decision tree approaches prevail (Cui
and Curry 2005, p. 595; Friedman 2006,
p. 180). However, a wider consideration
of novel classification methods could be
justified since several data mining soft-
ware systems already support such tech-
niques and some evidence for their su-
periority has been provided in the liter-
ature. Consequently, it is desirable to ex-
amine whether encouraging results from
other scientific domains also hold true
for the field of customer-centric classi-
fication. More specifically, an empirical
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proof is needed to scrutinize whether
novel techniques offer economic advan-
tage over their traditional counterparts.

Clearly, a redesign of corporate plan-
ning processes for the use of more ad-
vanced classifiers requires some initial in-
vestments to be made. In particular, an
upgrade of an existing data mining sys-
tem or even the purchase of a new soft-
ware package may be necessary. More-
over, expenditures for attaining the re-
quired know-how to master new meth-
ods have to be considered. An accurate
estimation of respective costs is of pivotal
importance. However, costs can be ex-
pected to depend strongly upon the par-
ticular business, i.e., differ substantially
from company to company, and should
be relatively easy to anticipate. There-
fore, investment costs are not consid-
ered in this paper. Instead, possible rev-
enue increases are emphasized that may
be achievable by employing novel classifi-
cation methods. For example, higher pre-
dictive accuracy, and thus higher decision
quality, may help to avoid some bad risks
in consumer lending and thereby increase
a company’s profits. Consequently, the
paper strives to assess the economic value
derived from the use of novel classifi-
cation methods within customer-centric
applications. To that end, an empiri-
cal benchmark experiment is undertaken,
which contrasts several established and
novel classifiers regarding a monetary ac-
curacy measure. Therefore, the study fa-
cilitates appraising the merit of novel
methods within the considered domain
as well as an identification of particularly
suitable techniques.

The paper is organized as follows: The
next section elaborates the experiment’s
motivation in detail and reviews the re-
lated literature. Section 3 explains the ex-
perimental design, before empirical re-
sults are provided in Sect. 4. The paper
concludes with a summary and discus-
sion of the main findings (Sect. 5) as
well as limitations and opportunities for
future research (Sect. 6). The Appendix
contains further details concerning ex-
perimental design.

2 Related Literature
and Motivation

Techniques for solving classification
problems enjoy ongoing popularity in

data mining as well as adjacent disci-
plines like statistics and machine learn-
ing. Specifically, a common undertaking
is to develop novel algorithms, e.g., to
account for special requirements of a
particular – possibly novel – application.
The development of a new or the modifi-
cation of an existing procedure is usually
accompanied by an empirical evaluation
to verify the efficacy of the proposed ap-
proach, whereby ‘efficacy’ is routinely
measured in terms of the accuracy of a
model’s predictions.1

Benchmarking experiments are a
popular way to complement mainly
algorithmic-centric research by contrast-
ing several alternative classification mod-
els in different applications. Early studies
include Curram and Mingers (1994),
Weiss and Kapouleas (1989) as well as
the well-known Statlog project (King
et al. 1995). One of the largest exper-
iments has been conducted by Lim et
al. (2000); more recent results are pre-
sented by Caruana and Niculescu-Mizil
(2006). An advantage of benchmarking
experiments stems from the fact that
they facilitate an independent assessment
of autonomously developed classifica-
tion models and, thereby, a verification
and confirmation of previous results.
Such replications are an imperative part
of empirical research (Fenton and Neil
1999, p. 680; Ohlsson and Runeson 2002,
p. 217). In contrast to an independent
evaluation, empirical assessments carried
out by the developers of a new technique,
i.e., within the paper that initially pro-
poses the method, bear the risk of being
overly optimistic. In these cases encour-
aging results may – to some extent –
be due to the particular expertise of the
developers but not be reproducible by
others.

In addition to general benchmarks
that comprise multiple techniques and
data from various domains, several
comparative studies target clearly de-
fined methodological sub-problems.
Respective research includes classifica-
tion with ensemble methods (Bauer
and Kohavi 1999; Dietterich 2000;
Hamza and Larocque 2005; Hothorn
and Lausen 2005; Sohn and Shin 2007;
Wang et al. 2009) or a particular
method in general (Meyer et al. 2003;
van Gestel et al. 2004), the effect of
skewed class distributions (Batista et
al. 2004; Burez and van den Poel 2009;

Hulse et al. 2007) or asymmetric
misclassification costs (Ting 2002;
Weiss and Provost 2003) as well as
the effect of dataset size (Perlich et al.
2003) and alternative accuracy indica-
tors (Caruana and Niculescu-Mizil 2004;
Ferri et al. 2009). Furthermore, bench-
marks are carried out in the con-
text of special application domains
to identify particularly appropri-
ate techniques (Cooper et al. 1997;
Khoshgoftaar and Seliya 2004; Less-
mann et al. 2008; Liu et al. 2003;
Zickus et al. 2002). This paper belongs to
the latter category.

Taking an Information Systems per-
spective, applications of classification
models associated with corporate plan-
ning tasks are most relevant. In partic-
ular, the field of analytical customer re-
lationship management embodies multi-
ple decision problems that can effectively
be addressed by means of classification
analysis. A literature survey of respective
tasks and solutions can be found in Less-
mann and Voß (2008, p. 237 ff) as well
as Ngai et al. (2009), and for particu-
lar sub-domains in Bose and Xi (2009)
as well as Crook et al. (2007). In gen-
eral, the papers discussed there reflect the
abovementioned situation: a novel solu-
tion for a particular planning problem
(e.g., credit scoring) is proposed and em-
pirically compared with selected – mainly
traditional – benchmark methods. To
that end, one or more datasets are con-
sidered which represent either artificial or
real-world classification problems. Con-
sequently, comparisons of several state-
of-the-art techniques are scarce. More-
over, the relatively small scope of many
experiments (e.g., the number and size
of datasets as well as the number and
type of benchmark methods) may pro-
hibit a generalization of observed results.
Considering the importance of (analyti-
cal) customer relationship management
(Hippner 2006, p. 362) and customer-
centric classification problems, respec-
tively, it is desirable to obtain a more
holistic picture of alternative classifiers’
competitive performance within this do-
main. Benchmarking studies like those
carried out in other fields contribute to-
wards achieving this goal. However, only
very few comparative experiments are
dedicated to customer-centric classifica-
tion, with Baesens et al. (2003); Burez
and van den Poel (2009) and Viaene et al.

1This is also shown by a scientometric analysis of papers published at the International Conference on Machine Learning between 1999–2003 (Demšar
2006, p. 3 ff).
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(2002) being noteworthy exceptions. Bu-
rez and van den Poel (2009) consider the
problem of churn prediction and exam-
ine six real-world applications. The size
of the datasets employed is a remark-
able distinction of this experiment. How-
ever, the authors emphasize the nega-
tive effect of imbalanced class distribu-
tions as commonly encountered in cus-
tomer attrition analysis. Therefore, they
restrict their study to only two classi-
fication models. Baesens et al. (2003)
conduct a large-scale experiment in the
field of credit-scoring which comprises
17 classifiers and eight datasets. Analo-
gously, seven techniques are compared
in a case of automobile insurance claim
fraud detection in Viaene et al. (2002).
Both studies leave out ensemble classi-
fiers, which had not received much at-
tention at the time these studies were
conducted. However, they are nowadays
considered as most powerful off-the-shelf
classifiers (Hamza and Larocque 2005,
p. 632). A more severe problem may be
seen in the fact that all three studies em-
ploy proprietary data.2 Consequently, a
replication of results as well as a compari-
son of future methods with those consid-
ered in these papers on identical data is
impossible.

In summary, it may be concluded that
the question whether specific classifica-
tion methods are particularly well suited
for decision problems in the realms of
customer relationship management and
whether novel techniques perceptibly im-
prove decision quality has not yet re-
ceived sufficient attention. Its impor-
tance follows directly from the relevance
of respective planning tasks in corpo-
rate practice, e.g., for risk-management
in consumer lending, for targeting in
direct-marketing and the mail-order in-
dustry or for a proactive identification
of customers at risk of churning. There-
fore, this paper contributes to the litera-
ture by conducting a large-scale bench-
mark of established versus novel clas-
sification methods in customer-centric
applications. In particular, the follow-
ing characteristics enable a clear distinc-
tion from previous endeavors: (1) All
datasets employed in the study represent
customer-centric planning tasks and are
publicly available. The former is to fa-
cilitate the generalization of findings to
a certain extent, whereas the latter per-
mits a replication of results by other re-
searchers. (2) A large number of alterna-
tive classifiers are considered, so that the

benchmark embraces methods which are
currently used in corporate practice as
well as cutting-edge techniques. (3) Prior
to assessment, all classifiers are tuned to a
particular problem instance in a fully au-
tomatic manner. Consequently, the com-
parison is fair as well as representative.
Specifically, it must not be assumed that
in-depth expertise with every classifier
is available in all corporate applications.
Therefore, an autonomous adaptation of
methods to tasks does not only embody
a key Information Systems objective, but
also facilitates a realistic appraisal of the
methods’ predictive potential. (4) The
experimental design incorporates several
repetitions as well as statistical tests par-
ticularly suited for comparing classifiers.
Both factors are meant to secure the va-
lidity and reliability of the study’s results.
(5) The economic consequences of em-
ploying a classifier within a particular de-
cision context serve as major indicator of
predictive accuracy. (6) A large number
of experiments to scrutinize and secure
the generalizability of empirical results
are conducted. For example, the degree to
which results depend upon task-specific
characteristics as well as the particular se-
lection of tasks itself is appraised.

Due to the features mentioned above,
the study enables a pre-selection of tech-
niques which appear especially well
suited for practical implementation.
Moreover, the experimental design can be
re-used in practical applications to iden-
tify the best method for a particular task.
That is, the study’s setup may be consid-
ered a reference model or best-practice
for assessing alternative classifiers. Fur-
thermore, future experiments, e.g., to
benchmark novel methods yet to be de-
veloped, may reference the results of this
study and re-use the datasets employed.

3 Experimental Design

3.1 Classification Analysis

The term classification describes the pro-
cess and the result of a grouping of ob-
jects into a priori known classes. The ob-
jects are characterized by measurements
or attributes that are assumed to affect
class membership. However, the concrete
relationship between attribute values and
class is unknown and needs to be esti-
mated from a sample of example cases,
i.e., objects with known class (Izenman

2008, p. 237 ff). The resulting decision
function is termed a classifier or, synony-
mously, a classification model and en-
ables predicting the class membership of
novel objects, i.e., cases where only the at-
tribute values are known. Therefore, the
primary objective of classification is to
forecast the class membership of objects
to the highest degree possible.

Several customer-centric classification
problems require a distinction between
one economically relevant class, e.g., bad
credit risks or customers at the risk of
churning, and an alternative group (Less-
mann and Voß 2008, p. 233). Conse-
quently, attention is restricted to two-
class problems in this paper.

Classification methods are developed
in several scientific disciplines including
statistics and machine learning. The for-
mer are commonly based upon proba-
bilistic considerations and strive to es-
timate class membership probabilities.
This principle is exemplified by, e.g.,
the well-known logistic regression. Ma-
chine learning methods commonly oper-
ate in a completely data-driven fashion
without distributional assumptions and
try to categorize objects, e.g., by means
of rule-induction, into groups. Decision
tree methods are established representa-
tives of this approach. Regarding more
recent classification techniques, two main
branches can be distinguished (Friedman
2006, p. 175). These include support vec-
tor machines, which are motivated by
statistical learning theory (Vapnik 1995)
and are particularly well suited for cop-
ing with a large number of explanatory
factors (i.e., attributes), as well as ensem-
ble methods that ground on the principle
of combining a large number of individ-
ual classification models to improve pre-
dictive accuracy. Representatives of this
category differ mainly in terms of their
approach to construct complementary
classifiers. Therefore, the individual clas-
sifiers, commonly termed base models,
must show some diversity to improve the
accuracy of the full model. A comprehen-
sive description of classification as well
as traditional and contemporary mod-
els can be found in standard textbooks
like, e.g., Hastie et al. (2009) and Izenman
(2008).

With regard to the large variety of al-
ternative classifiers a selection has to be
made for the present study, whereby the
setup should comprise methods which

2Two of the eight datasets used by Baesens et al. (2003) are publicly available.
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Table 1 Classification methods of the benchmarking study

Classifier Description

Multivariate statistical classifiers

Naive Bayes (NBayes) Approximates class-specific probabilities under the assumption of all attributes being
statistically independent.

Linear discriminant analysis (LDA) Approximates class-specific probabilities by means of multivariate normal distributions
assuming identical covariance matrices. This assumption yields a linear classification model,
whose parameters are estimated by means of maximum likelihood procedures.

Quadratic discriminant analysis (QDA) In comparison to LDA, assumptions concerning covariance matrices are less restrictive,
resulting in a quadratic model.

Logistic regression (LogReg) Approximates class-membership probabilities by means of a logistic function, whose
parameters are determined through maximum likelihood estimation.

K-nearest neighbor classifier (K-NN) Classifies an object into the class prevailing among its K nearest neighbors.

Decision trees

C4.5 Induces a decision tree by partitioning the training data so as to maximize the reduction of
entropy within tree nodes.

CART Similar to C4.5, but organizes data partitioning according to the Gini coefficient rather than
information entropy.

Support vector machine type methods

Linear support vector machine (LSVM) Separates objects by means of a linear hyperplane whose normal and intercept follow from
solving a mathematical program that maximizes the distance between objects of adjacent
classes.

Support vector machine with radial basis function
kernel (RBFSVM)

Extends LSVM by projecting data into a feature space of higher dimension prior to
separation. As a consequence, a nonlinear decision surface is constructed in the original
input space.

Relevance vector machine (RVM) Modification of RBFSVM according to Tipping (2000) that circumvents problems
associated with selecting parameters of the classifier.

Ensemble-methods

Bagging (Bag-base classifier) Several base classifiers are derived from bootstrap samples of the training data. The base
models’ class predictions are averaged to form the final forecast. It is implemented with the
following base classifiers in this study: NBayes, LogReg, C4.5 and CART.

Random-Forest (RF) Extends bagging by constructing several CART classifiers from bootstrap samples whereby
only a randomly selected subset of attributes is considered to split a node in individual
CART trees. This modification is supposed to increase diversity among base classifiers.

Boosting (SGB) Constructs an ensemble of classifiers in an iterative manner. The base classifiers to be
appended to the collection are built so as to avoid the errors of the current ensemble.
Specifically, Friedman’s (2002) stochastic gradient boosting is employed in this study.

are currently popular in corporate prac-
tice as well as state-of-the-art techniques.
Concerning the latter, an additional con-
straint is imposed. In particular, only
methods that have been implemented in
some data mining software package are
considered. This is to ensure that all con-
sidered classifiers can in principle be uti-
lized in corporate practice with accept-
able efforts. In other words, the con-
straint serves the objective to conduct a
pre-selection of candidate methods for
practical data mining applications.

The group of “novel classifiers” con-
sists of ensemble methods and support
vector machine type techniques, which

have been developed in the mid-nineties
and made available in software systems,
respectively. The chosen methods are
shown and described in Table 1.

Some classifiers may not be used off-
the-shelf but require the user to deter-
mine some parameters. The approach to
identify suitable settings is described in
Appendix I.

3.2 Decision Problems

The benchmarking study comprises nine
publicly available datasets that repre-
sent real-world decision problems in
customer-centric data mining. Four

datasets stem from the UCI Machine
Learning Repository (Asuncion and
Newman 2007), whereas the remaining
tasks are selected from the annual Data
Mining Cup competition3 organized by
Prudsys AG.

The datasets Australian and German
Credit represent classification problems
from the field of credit scoring. The bi-
nary target variable indicates whether
a customer has defaulted on a loan.
Direct-marketing tasks are represented
by five datasets: Adult, Coil, DMC 2000,
2001, 2004. The Adult datasets is con-
cerned with the prediction of US house-
holds’ annual income (below/above

3http://www.data-mining-cup.de.
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Table 2 Characteristics of the datasets employed in the benchmarking study

No. of cases No. of attributes A priori probability of the
economically relevant classa

A priori probability of
the alternative class

AC 690 14 44.49 55.51

GC 1000 24 30.00 70.00

Adult 48,842 14 23.93 76.07

Coil 9822 86 5.97 94.03

DMC 2000 38,890 96 5.87 94.13

DMC 2001 28,128 106 50.00 50.00

DMC 2002 20,000 101 10.00 90.00

DMC 2004 40,292 107 20.43 79.57

DMC 2005 50,000 119 5.80 94.20

aEach dataset contains a single class that is of primary interest from an economical perspective. For example, identifying defaulting customers can
be considered most relevant in credit scoring. In other words, an error in detecting a bad risk is more costly than the reverse error of denying credit
to a solvent customer. The important class is encoded as class 1 in this study; the alternative group as class 0

$ 50.000), whereby demographic and
socio-demographic census data is pro-
vided to construct a classification model.
A respective analysis could be part of
prospect management (Haas 2006), e.g.,
to identify an appropriate target group
for a marketing campaign. The Coil
dataset has been employed within a pre-
vious classification competition (Putten
and Someren 2000). The objective is
to predict whether a customer is inter-
ested in purchasing an insurance policy.
An analogous question is considered in
DMC 2000. The data stems from the
mail-order industry and characterizes
the response behavior observed within a
customer acquisition campaign. Another
decision problem from the catalog indus-
try is considered in DMC 2001. Specif-
ically, the aim is to distinguish between
customers who receive a detailed product
catalog and those who are only informed
about product innovation. This is to
reduce costs of serving less prosperous
customers and thereby optimize mailing
efficiency. Finally, the tendency to return
items previously ordered from a catalog is
examined in DMC 2004. In view of high
costs associated with managing returns,
a timely identification of “high-return”
customers is desirable to deal with them
in a more efficient manner.

DMC 2002 represents a typical churn
prediction problem. In particular, after
privatization of the German energy mar-
ket, strategies for sustaining customers
have become imperative in this sector.
The data is provided by a German utility
company that strives to proactively iden-
tify customers at risk of abandoning their

relationship in order to sustain them by,
e.g., offering a discounted price.

The problem of fraud detection in on-
line businesses is explored in DMC 2005.
Specifically, the task’s objective is to iden-
tify high-risk customers whose payment
options in online transactions should be
restricted.

The main characteristics of the datasets
are summarized in Table 2. More detailed
information (e.g., concerning customer
attributes) are available at the Data Min-
ing Cup website and the aforementioned
sources, respectively.

3.3 Assessing Predictive Accuracy

Evaluating a classification model’s pre-
dictive performance requires selecting an
appropriate indicator of forecasting accu-
racy and a procedure to simulate a real-
world application of the method. The
monetary consequences resulting from
using a classifier are considered as pri-
mary accuracy indicator in this study. To
that end, correct/wrong class predictions
are weighted with profits and misclassifi-
cation costs, respectively and aggregated
over all cases of a dataset to obtain an
overall utility measure. This procedure as
well as the employed costs/profits are de-
scribed in detail in Appendix II, whereas
the influence of alternative accuracy indi-
cators on the competitive performance of
classifiers is explored in Sect. 4.2.1.

A method’s real-world application is
usually simulated by randomly partition-
ing the data into two disjoint sets. Then,
a classification model is built from the
first set (training data) and applied to the

cases of the second dataset (test data).
Since these examples have not been em-
ployed during training, they enable an
unbiased assessment of the classifier. This
split-sample strategy is adopted in the
present study, using a ratio of 60:40 to
partition all datasets into training and
testing set. In order to decrease variance,
the partitioning is repeated ten times and
performance estimates are averaged over
the resulting random test sets.

4 Empirical Results

4.1 Comparisons in Terms
of Profits/Misclassification Costs

The benchmarking study strives to shed
light on the question whether alterna-
tive classification methods exert a sub-
stantial effect on decision making qual-
ity. To that end, the first experiment con-
trasts the monetary consequences arising
from employing the classifiers within the
considered applications.4 Respective re-
sults are shown in Table 3, where per-
formance estimates are averaged over ten
randomly drawn test sets and the corre-
sponding standard deviations are given in
square brackets. The second row of Ta-
ble 3 indicates whether a task’s objective
is cost minimization (C) or profit maxi-
mization (P). The best result per dataset
is highlighted in bold.

The empirical results demonstrate that
predictive performance (i.e., profits and
misclassification costs) varies consider-
ably across alternative classification mod-
els. For example, the standard deviation

4The procedure to compute this measure is documented in Appendix II, together with the costs/profits of false/correct classifications per dataset.
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of misclassification costs for AC is 4,5.
This translates into a 21% deviation from
the mean costs across all methods. Re-
spective statistics are given for all datasets
in the row Mean in Table 3.

More formally, significant performance
variations may be detected by means of
the Friedman-Test (Demšar 2006, p. 9ff.).
Specifically, the test’s null-hypothesis that
no significant differences exists between
classifiers can be rejected with high prob-
ability (>0.9999) for the results of Ta-
ble 3. Therefore, it may be concluded that
the selection of a particular classification
model has a significant impact upon pre-
dictive performance and, thus, decision
quality.

It has been reported that considering
only a single model, predominantly logis-
tic regression, is still a common practice
in many (marketing) applications (Cui
and Curry 2005, p. 595; Lemmens and
Croux 2006, p. 276). Considering previ-
ous results, such practices should be re-
vised. In particular, the last row of Ta-
ble 3 gives the relative difference between
the best method per dataset and logis-
tic regression and C4.5, respectively. Ap-
parently, improvements of some percent
over these well established techniques are
well achievable and would translate into
noteworthy profit increases/cost reduc-
tions in practical applications. For ex-
ample, a two-percent increase in pre-
dictive performance leverages profits of
€ 106,211 in the case of DMC 2001. Con-
sequently, to solve a given decision prob-
lem, a comparison of multiple alternative
classifiers should axiomatically be under-
taken, i.e., to identify the most suitable
candidate model.

Having established the need for clas-
sifier benchmarks in general, the follow-
ing experiment strives to clarify whether
more attention should be devoted to
novel classifiers within such compar-
isons. To that end, the results of Ta-
ble 3 are normalized so as to ensure that
all figures range from zero to one, with
one denoting highest performance for a
given dataset. Afterwards, the mean per-
formances for the two groups of estab-
lished versus novel classifiers are calcu-
lated, whereby the former are represented
by statistical and nearest neighbor meth-
ods as well as decision tree classifiers and

Fig. 1 Comparison of established versus novel classifiers

the latter by support vector machines and
ensembles. (see Table 1). The results of
the comparison are shown in Fig. 1.

Fig. 1 shows a clear trend towards mod-
ern methods. The latter deliver superior
predictive performance in eight out of
nine cases. A one-tailed T-test for paired
samples confirms that the mean perfor-
mance of novel classifiers is significantly
higher than those of classical techniques.5

Therefore, a stronger consideration of
modern classification models in practi-
cal application appears well justified. This
means, they should be considered along-
side traditional methods when selecting a
classifier for a given decision problem.

However, it has to be scrutinized
whether the previous results facilitate
more concrete recommendations, i.e.,
with respect to which particular tech-
niques should be considered, or in
other words appear most suitable for
customer-centric classification. To shed
some light upon this question, the sub-
sequent experiment performs a statisti-
cal test, the Nemenyi-Test, for all possible
pairwise combinations of classifiers. The
test checks whether performance differ-
ences between two techniques are statis-
tically significant (Demšar 2006, p. 9 ff).
The Nemenyi-Test is based upon differ-
ences in classifier rankings. A ranking is
obtained by ordering all classifiers ac-
cording to their performance from best
(rank one) to worst (rank sixteen), and

averaging the resulting ranks across all
datasets. The test results are presented in
Fig. 2, which depicts all classifiers’ mean
ranks in ascending order. Hence, a low
(mean) rank indicates superior forecast-
ing accuracy. The horizontal lines rep-
resent significance thresholds. That is,
the rightmost end of each line indicates
from which mean rank onwards the cor-
responding classifier significantly outper-
forms an alternative method at the 5%-
level.

The classifier ranking re-emphasizes
the superiority of novel methods in the
sense that they achieve better (lower)
ranks than their traditional counterparts
with very few exceptions. In view of the
widespread use of decision trees in prac-
tical applications, the performance of
the two representatives C4.5 and CART
is particularly disappointing and casts
doubt upon their appropriateness for the
domain considered here. In contrast, the
logistic regression classifier is well com-
petitive to any new method.

Predictions of overall best perform-
ing classifier, SGB, are significantly bet-
ter than some alternative methods. How-
ever, a significant difference between SGB
and, e.g., logistic regression cannot be de-
tected. In all cases where classifier per-
formances do not differ significantly, it
must be concluded that the empirical re-
sults do not provide sufficient evidence
for judging whether the observed perfor-

5The empirical results allow rejecting the null-hypothesis that the mean forecasting accuracy between both groups does not differ with high prob-
ability (>0.9999).
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Fig. 2 Results of the Nemenyi-Test with significance level α = 0.05

mance (i.e., rank) differences are system-
atic or random.6

Since several pairwise comparisons re-
main insignificant, the following exper-
iments aim at appraising the stability
and generalizability of observed results
and clarifying whether, e.g., SGB or the
runner-up RF are really well suited for
customer-centric classification.

4.2 External Validity of Benchmarking
Results

4.2.1 The Impact of Alternative Accuracy
Indicators

Previous experiments have employed a
monetary accuracy indicator to mea-
sure a classification model’s predictive
power. Although this figure can be
considered highly relevant in corpo-
rate planning contexts, it depends upon
the specific decision problem and espe-
cially upon the (estimated) costs/profits
of wrong/correct classifications (see Ta-
ble 7 in Appendix II). Consequently,
the study’s results, i.e., the performance
ranking of alternative classification mod-
els, may differ if other accuracy indicators
are employed.

Several statistics have been proposed
in the literature to assess a classifier’s
(predictive) performance. In particular,

three main branches can be distin-
guished: Some indicators ground on a
discrete (crisp) classification of objects
into classes and measure – in different
ways – the accuracy of such a categoriza-
tion. Among others, this group includes
the well-known classification accuracy
(percentage of correct classification) and
its inverse, classification error, as well
as different averages of class-individual
accuracy/error-rates. The monetary indi-
cator used above also belongs to this cat-
egory. Other accuracy indicators take the
distance between a classifier’s prediction
and an object’s true class into account.
Representatives of this type include, e.g.,
the mean squared error measure which is
commonly employed to assess the fore-
casting accuracy of regression models. Fi-
nally, some accuracy indicators assess a
model’s capability to rank objects accord-
ing to their probability of being mem-
ber of a particular class. The area under
a receiver-operating-characteristics curve
(AUC) is probably the most widely used
ranking measure (Fawcett 2006, p. 873).

In order to explore the influence of
alternative accuracy indicators on the
study’s results, the previous analysis (see
Sect. 4.1) is repeated with nine al-
ternative indicators. The selection of
different candidate measures is guided
by Caruana and Niculescu-Mizil (2006)
and includes discrete, distance-based and

ranking indicators. Specifically, classifica-
tion accuracy (CA), the arithmetric (A-
Mean) and geometric mean (G-Mean)
of class-specific classification accuracy,
the F-measure,7 the Lift-Index, which is
particularly popular in marketing con-
texts, with thresholds of 10 and 30%,
the mean cross-entropy (MXS), the root
mean squared error (RMSE) and the
AUC are considered. A more detailed
description of these measures is given
by Caruana and Niculescu-Mizil (2004,
p. 77–78) as well as Crone et al. (2006,
p. 790).

To take account of different measure-
ment ranges among different indicators,
all results are normalized to the inter-
val [0,1], whereby a value of one rep-
resents an optimal prediction. Conse-
quently, nine performance estimates (one
per indicator) are obtained per classifier
and dataset. Due to normalization, these
can be averaged to give an aggregated
performance measure per classifier and
dataset. This aggregated accuracy indica-
tor is referred to as mean normalized per-
formance (MNP) in the remainder of the
paper.

Ranking classifiers according to MNP
and averaging over datasets, the statis-
tical comparison of performance differ-
ences (Fig. 2) can be repeated, whereby
mean ranks are now computed in terms
of MNP. Respective results are shown in
Fig. 3.

A comparison of Figs. 2 and 3 re-
veals minor differences within the two
classifier rankings. However, the strong
trend towards novel method persists and
SGB once more achieves the overall best
result, significantly outperforming QDA
and all other competitors with higher
rank. Moreover, the similarity of the two
rankings (Figs. 2 and 3) may be con-
firmed by means of a correlation anal-
ysis (Table 4). In particular, the rank-
ing of classifiers across all datasets is de-
termined for each accuracy indicator in-
dividually. Subsequently, correlations be-
tween all possible pairs of rankings are
computed to appraise the degree of cor-
respondence between classifier perfor-
mances in terms of different accuracy in-
dicators.8 A strong positive correlation
(>0.6) can be observed in most cases and
most correlations are statistically signif-

6Note that the reverse conclusion, i.e., that two classifiers perform alike if they do not differ significantly, is statistically incorrect. Whereas rejecting
the null-hypothesis facilitates the conclusion that the alternative hypothesis is correct with high probability (i.e., 1-significance level), a failure to
do so does not allow to draw any conclusions regarding the correctness of the alternative hypothesis.
7The F-measure is widely used in the field of Information Retrieval. Basically, it is calculated as the weighted harmonic mean of precision and
sensitivity (Caruana and Niculescu-Mizil 2004, p. 78), whereby a weight of 0.5 is used in this study.
8Kendall’s Tau is used to assess ranking correlation.

86 Business & Information Systems Engineering 2|2010



BISE – RESEARCH PAPER

Fig. 3 Results of the Nemenyi-Test with significance level α = 0.05 on the basis of
a MNP-based ranking of classifiers across all datasets

icant. Especially the monetary accuracy
indicator is highly correlated with many
alternative indicators, which follows from
the first column of Table 4.

In view of the results of Fig. 3 and Ta-
ble 4, it may be concluded that the previ-
ous findings concerning the general suit-
ability of novel classification models and
the particular appropriateness of SGB do
not depend upon the employed accuracy
indicators. In other words, the compara-
tive performance of alternative classifiers
is similar over a wide range of candidate
indicators.

4.2.2 The Impact of Problem
Characteristics

In addition to alternative accuracy in-
dicators, the particular characteristics of
the decision problem could affect a classi-
fication model’s performance. For exam-
ple, it is possible that some classifiers ex-
cel in specific circumstances, but fail in
others. If such patterns exist, they could
offer valuable information concerning
the requirements of a classification model
and thus complement the study’s re-
sults. Furthermore, classifiers‘ sensitivity
(or robustness) towards problem-specific
characteristics is important for assessing
the external validity of the observed re-
sults, i.e., to what extent they may be gen-
eralized to other tasks.

Within classification analysis, each de-
cision task is represented by a collection

of classes, objects and measurements (i.e.,
attributes). All classifiers operate on this
abstract level, i.e., a dataset of examples.
Consequently, the characteristics of a re-
spective dataset are an important deter-
minant of classification performance. In
particular, Table 2 identifies dataset size,
the number of (customer) attributes as
well as the (im-)balance of class distribu-
tions as possible drivers of classification
performance. In addition, the complexity
of the prediction task itself can be consid-
ered a fourth determinant characterizing
a particular decision problem. The latter
may be approximated by the means of the
forecasting accuracy that can be achieved
with a simple classifier.

In order to scrutinize the importance of
problem specific characteristics for classi-
fier performance, different levels for each
factor need to be defined to, e.g., de-
cide when to consider the number of at-
tributes as “large”. This step entails some
uncertainty. Table 5 shows a grouping
that strives to achieve a balance between
an accurate separation on the one hand
and a manageable number of factor lev-
els on the other. It should be noted that
the predictive accuracy of Naïve Bayes has
been employed to classify decision prob-
lems according to their complexity.9

Table 5 represents the basis for the fol-
lowing experiment: For each factor level,
we compute the rank a classifier would
achieve if only datasets (problems) of the
respective level were incorporated in the
study. For example, consider the factor

dataset size and the factor level small.
In this case, a classifier’s performance is
calculated as the average of its ranks on
AC, GC and Coil, whereby the MNP is
employed as performance measure to ac-
count for the possible effect of alternative
accuracy measures.

Results of the experiment (Fig. 4) in-
dicate that no factor has a substantial
impact on the classifier ranking. On the
contrary, a high degree of similarity can
be observed between the rankings re-
sulting from different factor levels. That
is, a classifier which performs well in,
e.g., high dimensional settings (no. of at-
tributes = high) is likely to also achieve
good results when only a small number
of attributes is available. The LDA clas-
sifier may be seen as an exception since
its performance shows some variation
between the two cases. However, con-
sidering all factors, such variations be-
tween one method’s ranks across differ-
ent factor levels are uncommon and oc-
cur most likely within the group of tra-
ditional methods and LDA in particu-
lar. Concerning the group of novel tech-
niques, the RF classifier shows some ir-
regularity, whereas the performances of
the other techniques display little if any
variation.

Furthermore, the correlation among
classifier rankings across different fac-
tor levels can once more be appraised
in terms of Kendall’s Tau. In particular,
correlations are strongly positive (>0.61)
and statistically significant on the 1%-
level without exception. Therefore, it may
be concluded that the problem specific
characteristics of Table 5 (and their cate-
gorization) have little effect on the rank-
ing of competing classifiers.

4.2.3 The Impact of Dataset Selection

The benchmarking study embraces a
comparably large number of datasets to
secure the representativeness of empirical
results. Nonetheless, it is important to ex-
amine the stability of results with respect
to dataset selection, i.e., assess the like-
lihood of observing a similar ranking of
classifiers when working with other data.
In order to shed some light upon this
question, a bootstrapping experiment is
conducted. A random sample of nine
datasets is drawn from the given deci-
sion problems with replacement. Conse-
quently, some datasets will appear mul-

9The categorization is based upon the AUC since this criterion is independent of dataset characteristics like, e.g., the skewness of class distributions
or the asymmetry of error costs (Fawcett 2006, p. 873). Thus, it appears well suited for assessing the general complexity of a classification task.
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Table 4 Correlation between classifier rankings across different accuracy indicators

Costs/profits CA A-Mean G-Mean F-measure Lift10% Lift30% RMSE MXE AUC

Costs/profits 1.00

CA 0.78 1.00

A-Mean 0.78 0.92 1.00

G-Mean 0.78 0.94 0.96 1.00

F-measure 0.78 0.92 0.99 0.95 1.00

Lift10% 0.63 0.81 0.80 0.83 0.79 1.00

Lift30% 0.66 0.62 0.62 0.62 0.62 0.64 1.00

RMSE 0.48 0.51 0.45 0.47 0.46 0.35 0.29 1.00

MXE 0.66 0.77 0.73 0.72 0.74 0.66 0.73 0.49 1.00

AUC 0.62 0.66 0.62 0.64 0.61 0.72 0.77 0.37 0.71 1.00

All correlations not explicitly highlighted are significant at the 1%-level. Italic face indicates that a correlation is significant at the 5%-level, whereas
bold face highlights insignificant correlations

Table 5 Factors and factor level of dataset specific characteristics

Dataset size No. of attributes Class imbalance Task complexity

Value Group Value Group Valuea Group Value Group

AC 690 Small 14 Small 44.49 Small 0.82 Small

GC 1000 Small 24 Small 30.00 Small 0.76 Small

Adult 48,842 Large 14 Small 23.93 Medium 0.89 Small

Coil 9822 Small 86 Large 5.97 Large 0.69 Large

DMC 2000 38,890 Large 96 Large 5.87 Large 0.78 Small

DMC 2001 28,128 Medium 106 Large 50.00 Small 0.62 Large

DMC 2002 20,000 Medium 101 Large 10.00 Large 0.60 Large

DMC 2004 40,292 Large 107 Large 20.43 Medium 0.75 Small

DMC 2005 50,000 Large 119 Large 5.80 Large 0.65 Large

aA priori probability of class 1

tiple times in the sample, whereas oth-
ers are neglected. Subsequently, a clas-
sifier ranking is produced for the re-
spective sample using the MNP as in-
dicator of predictive accuracy. Since the
resulting ranking is based upon a ran-
dom sample of datasets, deviation from
the previous results (Fig. 3) may occur.
Specifically, large deviations would in-
dicate that classifier performance varies
considerably with the particular selection
of benchmarking datasets.

The procedure is repeated 1,000 times,
each time with a different random (boot-
strap) sample of datasets. Thus, 1,000
ranks are obtained per classifier and the
average of these ranks is depicted in
Fig. 5. The horizontal lines represent
an interval of one standard deviation
around the mean.

On average, the bootstrapping experi-
ment gives the same ranking as observed
on the original nine datasets (see Fig. 3).

Although the standard deviations indi-
cate that the selection of datasets affects
the classifier ranking moderately, it does
not influence the trend towards novel
methods. This follows mainly from the
large gap between the RBFSVM classi-
fier and C4.5, which represents a bor-
der between the novel and most tradi-
tional classifiers. In view of the standard
deviations observed within the experi-
ment, it appears unlikely that this gap
will be surmounted if other data is em-
ployed. In this respect, the analysis pro-
vides little evidence for dependence be-
tween classifier ranking and dataset se-
lection. In other words, it is likely that a
similar precedence of alternative classifi-
cation models can be observed on other
data and in other applications, respec-
tively. Consequently, the previous recom-
mendation to intensify the use of novel
classifiers in corporate applications can
be maintained.

5 Summary and Discussion

The paper is concerned with the design
and the results of an empirical bench-
marking experiment of established versus
novel classification models in customer-
centric decision problems. In particu-
lar, we have explored whether recently
proposed techniques offer notable im-
provements over more traditional coun-
terparts within the considered applica-
tion context. The observed results al-
low the conclusion that this is the case
for the datasets and methods employed
in the study. Specifically, the predictions
of modern methods proved to be much
more accurate on average. Moreover, ad-
ditional experiments have confirmed the
robustness of this finding with respect to
accuracy indicators, problem characteris-
tics and dataset selection.

It is arguable which recommendations
should be derived from the observed re-
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Fig. 4 Impact of problem specific characteristics on classifier ranking in terms of MNP

sults. It is widely established that even
marginal improvements in predictive ac-
curacy can have a tremendous impact
on profits/costs in customer-centric data

mining (Baesens et al. 2002, p. 193; Nes-
lin et al. 2006, p. 205; van den Poel and
Lariviere 2004, p. 197–198). For example,
Reichheld and Sasser (1990, p. 107) es-

timate that a 5% reduction of customer
churn rates facilitates an 85% increase in
revenue within the financial service sec-
tor. Lemmens and Croux (2006, p. 281)
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Fig. 5 Mean rank and standard deviation in terms of MNP per classifier across 1000
bootstrap samples of nine datasets

establish a similarly strong effect within
the mobile telecommunications industry.
In view of this and the comparative dif-
ferences between alternative classifiers, a
careful evaluation of multiple candidates
should generally precede the application
of a particular model. That is, decision
processes that routinely employ a par-
ticular method without considering al-
ternatives should be revised. Concerning
novel techniques, it is natural that these
are not employed immediately in prac-
tice. In this sense, the study evidences
that possible concerns regarding the ma-
turity of novel methods are unjustified
and that techniques like bagging, boost-
ing or random forests are well suited
for corporate applications. Consequently,
they should be considered within a classi-
fier selection stage. This is especially true
if an available data mining system sup-
ports such methods and they have up to
now remained unused because of, e.g.,
lack of experience.10

If respective software is still unavail-
able, the profitability of an investment
into a system upgrade or a novel pack-
age may be appraised by means of clas-
sical capital budgeting techniques. The
study supports such an endeavor in two
ways: First, a detailed description how
to assess the potential of novel classi-
fiers (i.e., the profit increases/cost reduc-
tions derived from their utilization) has
been provided. Secondly, it may be feasi-
ble to re-use the above results to quan-
tify monetary advantages in a more di-
rect manner. Specifically, if a company

faces a decision problem similar to, e.g.,
DMC 2001 (i.e., similar in terms of objec-
tive and data characteristics), currently
approaches the task by means of a deci-
sion tree classifier, and considers replac-
ing this technique with, e.g., RF, then it
may be acceptable to approximate the ad-
vantage of the latter with 4%, i.e., the re-
sult observed here (see Table 3). In other
words, the anticipated utility of the new
method could be estimated without any
additional experimentation on the basis
of the results presented in this study. In
view of the fact that all considered de-
cision problems stem from the field of
customer-centric classification and span
a variety of applications within this do-
main, conclusions by analogy may be fea-
sible to some degree. Then, it would suf-
fice to determine the costs associated with
licensing the novel software and training
users to make a qualified and informed
investment decision.

Whereas performance comparisons be-
tween the two groups of novel and tra-
ditional classifiers have provided strong
evidence for the superiority of the for-
mer, it is debatable whether recommen-
dations for particular techniques are war-
ranted. The empirical results are less clear
in this respect (e.g., Fig. 2) and it is obvi-
ous that there is no dominant approach
which excels in all possible (customer-
centric) classification problems. How-
ever, it seems justified to highlight the
performance of the SGB classifier. This
method has delivered consistently good
results within all experiments. In partic-

ular, SGB achieves highest predictive ac-
curacy within the monetary comparison
(Fig. 2), the benchmark in terms of MNP
(Fig. 3) and the bootstrapping experi-
ment (Fig. 5). Moreover, Fig. 4 evidences
its robustness towards dataset character-
istics. On the basis of these results, it
seems likely that SGB will perform well in
other customer-centric settings. Hence,
data mining practitioners may want to
pay particular attention to this approach.

6 Limitations and Future
Research

A critical discussion of observed results
(e.g., with respect to their generalizabil-
ity) and an experiment’s limitations is a
pivotal part of empirical research. The
results of Sect. 4.2 indicate that several
risks that may impede a benchmarking
study’s external validity in general can
be rejected in the present case. However,
a vast number of customer-centric deci-
sion problems exist and it is likely that
their quantity will continue to grow. Sev-
eral drivers like company size, customer
homogeneity/heterogeneity etc. may af-
fect the structure of corresponding de-
cision problems, so that it is question-
able whether the trend in classification
models’ comparative performance as ob-
served in this study will persist in all pos-
sible environments. Therefore, decision
makers are well advised to carefully ex-
amine the similarity between their appli-
cations and the tasks considered here, be-
fore courses of actions are derived from
the study’s results.

The study assesses classifiers solely in
terms of their predictive accuracy and es-
pecially according to profits/costs derived
from their deployment. Although these
measures are of key importance in deci-
sion making, this scope leaves out other
factors that influence a method’s suit-
ability alongside forecasting performance
and may thus be too narrow. For ex-
ample, computational complexity may be
relevant and traditional methods gener-
ally possess an advantage in this respect.
However, considering the focal applica-
tion domain, the speed of model build-
ing and application seems less impor-
tant. Marketing campaigns are routinely
planned with some lead time, leaving suf-
ficient time to train computer intensive

10For example, support vector machines as well as some ensemble classifiers and SGB in particular are supported in current releases of SAS Enter-
prise Miner and SPSS PASW Modeler (formally Clementine). Furthermore, there are several specialized packages like Salford Systems, KXEN or
DTREG, which also support respective techniques.
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classifiers. Moreover, the computation-
ally more expensive techniques like sup-
port vector machines or ensembles of-
fer multiple opportunities for organizing
model building in a parallel fashion.

Contrary to resource intensity, a clas-
sifier’s usability and comprehensibility
must be seen as key requirements in cor-
porate data mining. In fact, the objec-
tive to detect understandable patterns in
data is stressed in virtually any defini-
tion of data mining. Clearly, novel and
more complex methods suffer some lim-
itations in that aspect, which may be seen
as the main reason for their conserva-
tive use in corporate practice. With re-
gard to usability, it has been shown that
a fully-automated model building and
calibration procedure delivers promis-
ing results. Hence, respective reservations
appear unfounded. The interpretability
of a model’s predictions, on the other
hand, is often not given if employing
one of the modern classifiers. However,
post-processing procedures are available
to overcome this obstacle and clarify a
model’s internal mechanisms and predic-
tive behavior, respectively (Barakat and
Bradley 2007, p. 733 ff; Breiman 2001,
p. 23 ff; Friedman 2001, p. 1216 ff;
Martens et al. 2009, p. 180 ff; 2007,
p. 1468 ff). In particular, these tech-
niques enable drivers for customer be-
havior to be discerned, i.e., explain why
a model classifies a customer as churner.
Such insight may suffice to satisfy con-
straints associated with model compre-
hensibility in many applications. How-
ever, the area would benefit from fu-
ture research to, e.g., develop a formal
taxonomy for assessing classifiers’ inter-
pretability. This would nicely comple-
ment the accuracy-based evaluation pre-
sented in this paper, whereby appraising
the (monetary) value of higher compre-
hensibility, or, similarly, lower computa-
tional complexity, will represent a major
challenge.

In addition to classification, a data
mining process embraces several preced-
ing and succeeding tasks. Especially data
pre-processing activities may substan-
tially affect the predictive performance
of a classification model (Crone et al.
2006, p. 792 ff). This aspect has not been
examined in the present study. Conse-
quently, it would be interesting to ex-
plore the influence of alternative pre-
processing techniques on classifier’s accu-
racy. For example, pre-processing could
refer to, e.g., missing value imputation,
attribute transformation and/or feature

selection. The results of respective exper-
iments, which could also concentrate on
steps succeeding classification within a
data mining process, would amend the
findings of this study and may facilitate
an assessment and comparison of the rel-
ative importance of different data anal-
ysis tasks and, thereby, help to design
resource efficient data mining processes.
This would indeed be a significant con-
tribution to the field.

In general, one may argue that eco-
nomical constraints have not yet re-
ceived sufficient attention within the data
mining community. Thus, increasing the
awareness of business requirements of
real-world decision contexts is a worth-
while undertaking. For example, con-
straints associated with resource avail-
ability could be taken into account when
building a classification model to further
enhance its value. Considerations along
this line have been put forward within the
young field of utility-based data mining
(Weiss et al. 2008) and the great poten-
tial of research at the interface between
data mining and corporate decision mak-
ing has been exemplified in recent work
of Boylu et al. (2009) as well as Saar-
Tsechansky and Provost (2007). The un-
derlying idea of an economically driven
data analysis has also been adopted in
this paper, i.e., by assessing classifica-
tion models in terms of their monetary
consequences in real-world decision con-
texts. Whereas clarifying the economic
potential of novel classifiers has been the
study’s major objective, it may also help
to increase awareness of the potential and
challenges of utility-based data mining
within Information Systems and, thereby,
motivate future research within this dis-
cipline.
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