Journal of the Operational Research Society (2009) 60, S16-S23

© 2009 Operational Research Society Ltd. All rights reserved. 0160-5682/09 -%E

www.palgravejournals.com/jors/

50 years of data mining and OR: upcoming trends

and challenges

B Baesensl’Z*, C Muesz, D Martens!:3 and J Vanthienen!

'K.U. Leuven, Leuven, Belgium; University of Southampton, Southampton, UK; and > University College

Ghent, Ghent, Belgium

Data mining involves extracting interesting patterns from data and can be found at the heart of operational
research (OR), as its aim is to create and enhance decision support systems. Even in the early days, some data
mining approaches relied on traditional OR methods such as linear programming and forecasting, and modern
data mining methods are based on a wide variety of OR methods including linear and quadratic optimization,
genetic algorithms and concepts based on artificial ant colonies. The use of data mining has rapidly become
widespread, with applications in domains ranging from credit risk, marketing, and fraud detection to counter-
terrorism. In all of these, data mining is increasingly playing a key role in decision making. Nonetheless, many
challenges still need to be tackled, ranging from data quality issues to the problem of how to include domain
experts’ knowledge, or how to monitor model performance. In this paper, we outline a series of upcoming

trends and challenges for data mining and its role within OR.
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Introduction: data mining

The research area of data mining refers to the process of
extracting previously unknown patterns or models from (often
very large) data sets. Data mining techniques and applica-
tions can be categorized as being either predictive or descrip-
tive (Witten and Frank, 2000). Predictive data mining entails
predicting the value for a certain target variable, based on
historical data. When this target is discrete, we refer to the
task at hand as classification. There are many applications,
including predicting the repayment behaviour of loan applica-
tions (known as credit scoring), predicting customer ‘churn’,
and classifying an insurance claim as fraudulent or not. The
credit scoring example problem is illustrated in Figure 1.
Regression, on the other hand, is the task of predicting the
value of a continuous target variable. Typical examples are
stock price, credit loss, and sales amount prediction.

Descriptive data mining aims at finding patterns that
describe underlying relationships in the data, for example
association rules and clustering. Association rule mining
looks for frequently occurring patterns in the data and is
often used for market basket analysis. A well-known example
is the rule: if someone buys nappies then this person is also
likely to buy beer. Although its actual truthfulness has been
questioned, its use as a marketing vehicle for data mining
has surely been effective.
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Since data mining is often used to support decision
making, it can to a large extent be considered part of oper-
ational research (OR), a substantial part of which also
focuses on developing various kinds of decision models from
data. Hence, clearly there is substantial potential for cross-
fertilization between both disciplines. In this paper, we begin
by giving a brief overview of the two-way interaction between
data mining and OR. We then discuss some recent upcoming
trends and challenges facing data mining approaches, which
may among other things involve the application of OR tech-
niques. In particular, we address the issue of data quality,
the need for interpretable white-box data mining models,
the role of domain knowledge, the need for backtesting and
stress testing data mining models, networked-based learning,
and some exciting new application areas.

Data mining and its role within OR

The origins of data mining predate the birth of OR. Durand
(1941) used quadratic discriminant analysis for analysing a
credit scoring data set of more than 7000 observations. Credit
scoring, where the aim is to distinguish good payers from
defaulters based on a set of customer characteristics, can
undoubtedly be considered as one of the most popular appli-
cation fields for both data mining and OR techniques. Many
of the specific features of this problem statement have led to
the development of new data mining/OR techniques, which
will be illustrated later in this paper.

Mangasarian (1965) applied linear programming to
perform linear and nonlinear separation of patterns. This
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Client Income Sex Amount Default
A 1.600 M 175.000 N
B 2.600 F 350.000 Y
C 3.280 M 50.000 N
D 950 M 120.000 Y
E 10.500 M 1.000.000 N
F 5.700 F 240.000 N
G 2.400 F 250.000 N
Data Mining

Classification Model

if income < 3.000€ and Amount Loan > 100.000 and ...
then default = yes

Amotml\

500000 | ®

Client Income Sex Default

New client 2.000 F

Figure 1 Predicting the creditworthiness of loan applications
based on historical data.

OR-based solution to a data mining problem has been
validated in several empirical application settings, for
example credit scoring (Thomas et al, 2002), customer rela-
tionship management (CRM) (Padmanabhan and Tuzhilin,
2003), and breast cancer detection (Mangasarian et al, 1995).
Furthermore, the modern data mining algorithm support
vector machines (SVM) essentially uses ideas from mathe-
matical programming to develop powerful nonlinear predic-
tion models (Burges, 1998). The principles of mathematical
programming have also been successfully used in other data
mining settings, for example for data clustering (Bradley et
al, 1997), data visualization (Abbiw-Jackson, 2006), decision
tree construction (Bennett, 1992), attribute selection (Breden-
steiner and Bennett, 1998; Yang and Olafsson, 2005), and
classification cut-off setting (Thomas et al, 2002). Bradley
et al (1999) give an overview of mathematical programming
formulations and challenges for data mining.

Earlier OR-based forecasting methods have also been
introduced for data mining. Popular examples include linear
regression and time series analysis. Both techniques have
been successfully applied in data mining settings, and have
laid the foundation for developing new techniques, for
example projection pursuit regression, multivariate adaptive
regression splines, neural networks, and regression trees.
See Fildes et al (2008) for an overview of the historical
relationship between forecasting and OR.

The OR concepts of Markov processes and Monte Carlo
sampling have also been widely used in data mining, for
example model selection and Bayesian network learning
(Baesens et al, 2002; Giudici and Castelo, 2003). Social
network analysis also often uses the Markov property for
learning structures from networked data (see below).

Recently, ant colony optimisation (ACO) algorithms have
been introduced as a new promising OR technique (Dorigo
and Stiitzle, 2004). Initial successful applications include
the travelling salesman problem, manufacturing control,
and routing of packages through the Internet (Di Caro and
Dorigo, 1998). However, the same optimization method
can also be applied for data mining. For example, Martens
et al (2007b) used ACO to develop AntMiner+, a system
capable of extracting if-then classification rules from data.
Genetic/evolutionary algorithms are another example of
optimization algorithms that can serve both traditional OR
and data mining applications. As such, the latter have been
successfully used to perform feature selection, train neural
networks, infer classification rules, or optimize the weights
of classifiers in a data mining ensemble (Freitas, 2007).

From the above examples, it becomes clear that both OR
and data mining are growing more closely intertwined, with
no clear-cut boundary in between (Olafsson, 2006). Both have
contributed significantly to the analysis of decision problems,
and the discussion of whether a technique should be consid-
ered OR or data mining seems increasingly irrelevant.

In this paper, we will outline a series of upcoming trends
and challenges for data mining and its role within OR. It is
obvious that these challenges will require new developments,
for example by devising new (optimization) algorithms, or
re-using earlier introduced OR/data mining methods in new
settings.

Data quality

Both OR and data mining rely on the use of data. Bad data
yields bad models. This is often referred to as the GIGO
principle: garbage data in, garbage results out. Hence, it is
of crucial importance that data is of good quality in order
to obtain good OR and/or data mining models. Furthermore,
it has been shown in many data mining studies that simple
models generally perform well on most data sets. For example,
the benchmarking study of Baesens ez al (2003b) showed
that logistic regression typically performs quite well for clas-
sification, whereas Holte (1993) obtained a similar finding
using simple classification rules. Hence, in several areas, the
best way to augment the performance of a data mining/OR
model often is to improve data quality. Measuring data quality
is however not an easy endeavour and many challenges lie
ahead in trying to improve data quality. In the next section,
we discuss five aspects of data quality: data accuracy, data
completeness, data bias and sampling, data transformations,
and data definition.

Data accuracy determines the extent to which the data
accurately and consistently measures what it is intended to
measure. Poor data accuracy can be caused by data entry
errors and/or measurement errors. Outliers may also be a
sign of poor data accuracy, although it should be noted that
an outlier does not necessarily represent an invalid observa-
tion. For example, when considering ratio variables in a credit
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scoring data mining system, it is often observed that these vari-
ables have highly dispersed distributions, because the division
of two Gaussian distribution is a Cauchy distribution with fat
tails. Hence suitable methods must be adopted to deal with
these valid, outlying observations, so that the data mining
system is best able to detect genuine patterns in the data. One
way is using robust winsorizing schemes (Van Gestel et al,
2005). However, other interesting outlier handling schemes
could be developed, taking into account the type of variable,
the reason why it is an outlier, and of course the data mining
technique adopted.

Data completeness refers to the proportion of missing
values and/or observations in the data. Missing information
should clearly be minimized, especially for variables that are
retained in the data mining model; however, if present, appro-
priate procedures should be used to deal with it. Although
many approaches have been suggested to deal with missing
values, for example (multiple) imputation routines or intro-
ducing a separate category/variable, it is still not always clear
which is the best approach given the problem domain and
the data mining technique adopted.

The next data quality criterion relates to data bias and
sampling. When building a data mining model, one typically
starts from a sample of data. A first important issue relates to
the sampling strategy to be adopted. It is very important to
select the observations carefully, using both active and adap-
tive learning strategies. Also, selecting a (near-)optimal set
of variables is far from straightforward, particularly in high-
dimensional data sets, which often occur in bio-informatics
applications. It is important to note that, in many cases, the
chosen sample is not representative of the population for
which the data mining model is intended. For example, when
building data mining models for credit scoring, one only has
the target variable (good/bad) available for the sample of past
accepts, whereas the future population may not be exactly
the same, because of the past credit policy. This leads to
the problem of reject inference, which has been the subject
of intensive study using a variety of techniques, but has to
date not been solved unambiguously (Thomas et al, 2002).
Closely related to this is the problem of policy inference,
where data mining models are being used to apply different
policies to different customers, making it more difficult to
decide whether the actual outcome was due to the policy
applied or to customer characteristics. Similar problems also
often occur in other data mining settings. Hence, studying the
impact of data bias and its impact on data mining models is
clearly an important issue of future research.

Data transformations are often applied to make attributes
more informative, so that the data mining technique can more
easily detect patterns. A popular example is coarse classifi-
cation, which categorizes categorical and/or continuous vari-
ables for more robust analysis or for introducing nonlinear
effects into linear models. Another example are Box—Cox
transformations, which are a set of simple logarithmic trans-
formations that may significantly improve the performance

of classification models (Van Gestel et al, 2005). Principal
component analysis is also often used to transform the vari-
ables to a set of uncorrelated principal components, typically
at the cost of decreased interpretability. A crucial issue here
is the choice of the most appropriate transformations for the
data mining task at hand (ie classification, regression, clus-
tering, and so on) given model priorities, such as accuracy,
interpretability, or re-training efforts, for example.

Data definition relates to the way data attributes have been
defined. Consider for example a corporate credit risk rating
system in which the ratio debt/earnings is used as a variable in
a linear/logistic regression based data mining system. Because
earnings can be both negative and positive, the impact of
that variable on the default risk is not uniquely defined. By
defining the variable in that way, one may already force the
model to make a suboptimal decision, both in terms of perfor-
mance and interpretability. Hence, it is of crucial importance
to think carefully about how variables have been defined and
what might be their impact on the target variable of interest.

In summary, in the preceding paragraphs we have outlined
various issues related to data quality. We clearly stressed that
these issues should be dealt with in the best way possible,
in order to obtain the most powerful data mining system.
However, further research is needed on how to improve data
quality by either redesigning data entry processes (using, eg,
validation constraints or business rules), or by developing new
procedures to optimally encode, transform or redefine data,
thereby allowing the data mining/OR system to better detect
patterns in the data. It is clear that traditional OR techniques
such as linear programming and genetic algorithms can defi-
nitely also provide added value in this context.

Interpretable data mining models

In recent years, many data mining algorithms for a variety of
different problems have been developed, for example neural
networks, SVM, Bayesian networks, genetic algorithms,
fuzzy techniques, and swarm intelligence. An important focus
of these developments was the optimal detection of patterns
in data, given a predetermined performance metric, such as
classification accuracy, R-squared, or mean squared error.
Although it is undoubtedly important, technical performance
is however not the only relevant criterion for the successful
deployment of data mining models in business. Increasingly,
interpretability and model readability are considered key
critical success factors. A popular illustration of this is the
recently proposed Basel II Capital Accord, which encour-
ages financial institutions to develop data mining models
estimating default risk, loss risk and exposure risk. Given
the strategic impact of these models on measures such as
capital levels maintained, financial regulators are reluctant
to approve the use of complex, black-box models. Thus
there is a need for white-box data mining models that give
a clear and transparent view of the patterns in the data. The
well-known principle of Ockam’s razor embodies this idea
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Term > 12 Months
Purpose=cash provisioning
Applicant=good
Purpose=second hand car

Savings account > 12.40 Euro

Income > 719 Euro

Property=No Q Applicant=bad

Years client > 3 years

Economical sector=sector C

if Term >12 months and Purpose=cash provisioning and Savings Account<=12.40
Euro and Years client<=3 then Applicant=bad

if Term >12 months and Purpose=cash provisioning and Owns Property=No and
Savings Account <=12.40 Euro then Applicant=bad

if Purpose=cash provisioning and Income>719 Euro and Owns Property=No and
Savings Account <= 12.40 Euro and Years client<=3 then Applicant=bad

if Purpose=second hand car and Income>719 Euro and Owns Property=No and
Savings Account <= 12.40 Euro and Years client<=3 then Applicant=bad

if Savings Account <=12.40 Euro and Economical sector=Sector C then
Applicant=bad

Default class: Applicant=good

1. Savings Account <=12.40 Euro >12.40 Euro
2. Economical sector || SectorC other r
3. Purpose — cash provisioning second-hand car other -
4. Term - <= 12 months > 12 months - - -
5. Years client = =3 >3|«=3| >3 <=3 >3] - b
6. Owns Property - Yes No - | - |Yes|No|Yes No - - -
7. Income - - |<=719Euro|>719Euro| - | - - | -1 - |¢«<=719Euro|>718Euro| - = =
1. applicant = good - X X - i x | -] x X - X X X
2. applicant = bad X = = X =i - | x| - = X = - =
1 2 3 4 5 6 78 9 10 1" 12 13 14

Figure 2 Developing interpretable data mining models using neural network rule extraction and decision tables (Baesens et al, 2003a).
The network above was used to extract propositional if—then rules presented in the middle, which were then transformed to a decision
table given at the bottom of the figure.

of model simplicity. However, aiming for model understand- need to be taken into account. In recent years, attempts have
ability often comes at the price of decreased performance, so been made to balance this trade-off. Baesens et al (2003a)
trade-offs between model readability and model performance used neural network rule extraction as a way of opening up
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Table 1 Taxonomy of possible domain constraints to incorporate into the data mining model

Univariate

Ordinal

Nominal Linear

Nonlinear Multivariate

Piecewise linear

Non-piecewise linear

Soft
Hard

the neural network black box and shed light on its decision
logic, by extracting propositional if—then rules mimicking its
behaviour. Furthermore, in order to represent the rules in the
most user-friendly way, decision tables were adopted. This
entire process is illustrated in Figure 2. The translation of
this work from neural networks to SVM is currently also
being addressed (eg Martens et al, 2007a).

Similarly, Martens et al (2007b) used ACO algorithms to
extract propositional if-then rules from data. It should be
noted that other types of rules, such as M-of-N rules, oblique
rules, or fuzzy rules, can be considered as viable alternatives.
Further research is needed into the most suitable rule repre-
sentation in terms of simplicity and ease of use, in order to
derive interpretable and user-friendly data mining models.

Van Gestel et al (2005) introduced an alternative way of
obtaining interpretable models by using an additive combi-
nation of linear (logistic regression) and nonlinear (SVM)
modelling techniques to find an optimal balance between
model interpretability, obtained from the linear part, and
model performance, obtained from the nonlinear part. Note
that also Bayesian networks are considered white-box proba-
bilistic models with a high degree of model transparency and
readability.

Despite recent advances, many challenges still lie ahead
in obtaining interpretable data mining models. Examples of
such challenges are:

e What is the preferred model representation in terms of
simplicity, for example rule-based models, linear models,
or graphical models?

e How can we choose the optimal balance between model
interpretability and model performance?

e How can we suitably quantify not just performance but
both criteria?

Incorporating domain knowledge

Although data mining techniques were originally introduced
to analyse large-scale data sets, the same techniques are
increasingly being used to mine small data sets. Examples of
these are in medical settings where only a limited number of
observations may be available, or financial institutions with
low default portfolios (eg exposures to sovereigns, or banks).
Detecting patterns from small volume data sets requires the

use of special techniques. In this context, one often tries to
include domain-specific expert knowledge during the learning
process. In this way, the purpose is to derive a model using an
optimal combination of limited data with any available busi-
ness expert knowledge. The problem of how to consolidate
automatically generated data mining knowledge with knowl-
edge reflecting experts’ domain expertise constitutes the
so-called knowledge fusion problem (Martens et al, 2006).

There are many types of constraints that a domain expert
might wish to incorporate. The most popular constraint is the
monotonicity constraint, stating that an increase in a certain
input variable cannot lead to a decrease in the output variable.
A credit scoring example is that an increasing income, keeping
all other variables equal, should yield a decreasing proba-
bility of loan default. Although almost all research in this
field is focused on this constraint, the taxonomy of possible
domain constraints, shown in Table 1, indicates that this is
arguably too limited a view. It is, however, the most common
type of constraint to be incorporated. Each constraint can be
either mandatory, which we term a hard constraint, or simply
preferred, which we term a soft constraint. An example of
multivariate constraints is requiring that variable X is more
important in the model than variable Y. A detailed overview
of examples and existing research can be found in Martens
and Baesens (2009).

In the early OR approaches to data mining, such as linear
programming, it was very easy to include domain knowl-
edge. For example, an additional constraint specifying that
the weight of one variable should be greater than a constant
or the weight of some other variable could often do the job.
However, in newer techniques, such as rule extraction tech-
niques, neural networks, SVM, ACO systems, or Bayesian
networks, it is harder to identify the best way to take account
of domain knowledge. Hence, in this area, there are many
issues and challenges for further study. Examples are:

e What is the best way of formalizing domain knowledge?

e How can we best elicit domain knowledge from business
experts?

e What is the best way to include domain knowledge when
learning patterns from data?

e How can we resolve conflicts between patterns learnt from
data and domain knowledge?
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Backtesting and stress testing data mining models

Data mining models are typically constructed using a snap-
shot of historical data. Once implemented in practice, the
performance of these models may degrade over time. Three
obvious reasons for this are sampling variability, macro-
economic influences, and endogenous effects. Sampling
variability is the uncertainty due to the fact that the sample
only gives a limited view of the population. Macro-economic
influences reflect the impact economic up- or downturns may
have on the model. Endogenous effects represent changes
induced by the firm itself, for example strategy changes or
exploration of new market segments. These three effects can
have a strong impact on the performance of a data mining
model, and they typically occur in a mixed way. Clearly, this
is a complicating factor when backtesting the models, that
is, tracking their performance over time. Hence, backtesting
frameworks should constantly monitor the behaviour of data
mining models, and perform diagnostic checks on its perfor-
mance taking into account the influences mentioned above.
In doing so, it is important to be aware of the philosophy
that was adopted when designing the data mining models.
A distinction can sometimes be made between point-in-time
(PIT) data mining models, which take into account both
cyclical and non-cyclical information, and through-the-cycle
(TTC) data mining models which only focus on non-cyclical
inputs. For example, a customer score can measure churn
behaviour or default risk during the upcoming year (PIT),
or over a longer term horizon (TTC). Knowing this helps to
judge the significance of temporary fluctuations due (say)
to macro-economic volatility. Clearly, both PIT and TTC
represent the extremes of a continuum, and it is vital to know
towards which extreme the data mining system is situated
before any backtesting exercise can start.

When working out a backtesting framework, a first critical
question is which test statistics, metrics and/or measurements
should be used for monitoring data mining model perfor-
mance. For example in a clustering setting, one might be
interested in monitoring cluster stability, whereas in a clas-
sification setting one might be interested in monitoring data
stability, discriminatory power and/or probability calibration.
When developing these backtesting diagnostics, one should
clearly take into account the three influences measured above,
combined with the fact that customer behaviour might be
correlated. Measuring and taking these correlation effects into
account is a key challenge for a successful backtesting exer-
cise. Furthermore, clear advice should be given regarding
the significance levels to be adopted. Next, all the diagnostic
checks need to be combined in a user-friendly intelligent dash-
board environment allowing constant, real-time monitoring of
the data mining model. Finally, action plans should be avail-
able that specify what to do in case the data mining model
starts degrading in performance, ranging from simple param-
eter adjustment and incremental learning to complete model
re-estimation. Although preliminary work has been done in

this area (see, eg Castermans et al (2007) for an overview
of backtesting credit risk models), more research needs to be
conducted to appropriately answer the above questions and
come up with powerful backtesting frameworks that can be
implemented in a user-friendly way.

Since data mining models are increasingly being used as
key inputs for strategic organization processes (eg allocating
marketing budgets or capital calculation in a Basel II setting),
it is crucial to know how they behave under adverse economic
circumstances. The aim of stress testing is to determine the
impact of stress events such as macro-economic downturns
on data mining models. This can range from simple sensi-
tivity checks to advanced scenario-based analysis, based on
historical or hypothetical scenarios. It is clear that also in this
area, much work lies ahead to come up with reliable methods
for stress testing data mining models and/or making them less
stress sensitive.

Network-based learning

Typically, data mining is performed on a set of indepen-
dent and identically distributed (iid) observations. However,
in practice most observations relate to agents acting in a
network-based structure. Examples of networked data include
web pages connected by hyperlinks, research papers linked
by citations, and customers linked by social networks (eg
telephone calls, or social network sites such as LinkedIn or
Facebook). It is believed that quantifying these social network
structures and including them as part of the data mining
learning process can have a significant impact on the type and
power of patterns and/or models being learnt. For example,
graph-based data mining algorithms can be used for commu-
nity discovery and/or web structure mining, or information
about an individual’s social network may improve the perfor-
mance of response or churn models in the marketing domain.
However, many challenges lie ahead. Since the class
membership of one entity may influence the class member-
ship of another, relational data mining algorithms are being
developed that take the network dependencies into account.
Furthermore, methods of collective inference are being
devised to determine how the unknown nodes in a social
network can be jointly estimated. Also, since a network func-
tions as a complete structure, it is hard to separate it into a
training and independent test set for performance calculation.
Although preliminary work has been done in this area (see eg
Lu and Getoor, 2003; Macskassy and Provost, 2007), there
is currently a great need for more empirical applications of
network-based learning, in order to assess its added value
over existing approaches, and potentially, for new algorithms
to be developed. Again, this creates new opportunities for
using existing OR techniques in exciting novel settings.

New application areas

Having been originally introduced in well-known problem
domains such as CRM, or specific applications such as churn
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prediction, fraud detection, or credit scoring, data mining
is currently being applied in many new exciting application
areas. One interesting novel application is web analytics,
where data mining is being used for analysing all kinds of
data collected from the World Wide Web (Liu, 2006). This
involves web usage mining, which studies web logs for
detecting web usage patterns, web content mining, which
focuses on analysing the content of web pages, and web struc-
ture mining, which aims at mining communities from a set of
hyperlinks.

Another popular application domain is bio-informatics,
where data mining is being studied for analysing biological
data, such as protein sequence databases (De Moor et al,
2003). Text mining applications are also becoming increas-
ingly popular. Typical challenges in both are the relatively
small number of observations compared to the high number
of dimensions, which calls for special types of algorithms
that are able to cope with such sparse data. Data mining
is also becoming increasingly popular for classical medical
analysis problems, for example cancer detection or drug
effect analysis. A key challenge in this field is the previ-
ously discussed problem of merging patterns derived from
data with knowledge extracted from domain experts such as
medical practitioners.

Data mining techniques are currently also being applied
to terrorism prevention. The application of social network
mining techniques seems very promising in this area.
However, there are major issues here relating to data confiden-
tiality, civil liberties and the protection of privacy. Consumer
privacy is also a major concern for mining RFID (Radio
Frequency Identification) data, particularly in a retail context.
RFID is an increasingly popular supply-chain technology that
overcomes several of the limitations of traditional barcodes
and which can provide huge amounts of data on product
identity, location, and movement. RFID mining would be of
particular interest for OR as it would allow the possibility
to track products as they move through the supply chain or
(say) are transported across large warehouse spaces, which
can aid in the further optimization of these processes.

Another exciting application is in software engineering,
where data mining has been introduced to predict faults in
software, or software development efforts (Lessmann et al,
2008). More recently, work has also begun on mining data in
software repositories for tasks ranging from identifying code
usage patterns to the analysis of change patterns to assist in
future development or, for example, assigning programmers
to particular tasks. Research in this area is aided by the public
availability of large amounts of data on open-source software
development projects.

Closely related to this is the area of process mining, where
data mining techniques are being used to mine process models
such as Petri nets from event logs of an information system
(Van der Aalst and Weijters, 2004). This allows organizations
to better understand their key operational processes and work-
flows by showing them in what order and by whom various

activities are being performed in practice, and how this may
differ from the processes designed ‘on paper’.

Another emergent area is real-time data mining applica-
tions, in which interesting patterns or anomalies are being
discovered on a continuous basis. In the real world, data and
customer behaviour are changing on a continuous basis and
thus the idea of building a ‘static’ data mining model that is
subsequently used for a fixed period of time may no longer
be appropriate. The data mining model has to be amenable to
very quick, if not automatic updating to allow for real-time
decision making. Applications are typically found in product
configuration and pricing (Seow and Thomas, 2007), fraud
prevention, and also in network intrusion detection systems
(Lee et al, 2001).

The use of data mining techniques for analysing videos
(video mining) also offers many exciting applications, for
example, image/video retrieval, video summarization, visual
surveillance, and real-time decision making during sports
matches. Closely related to this is the application of data
mining to astronomy data, where the aim is to analyse data
obtained by telescopes to find new phenomena, relationships,
and useful knowledge about the universe.

Conclusions

The importance of data mining has steadily grown in recent
decades, with an ever-increasing range of techniques being
developed. Whereas traditionally many applications have been
in the finance and marketing domains, its use has now spread
to several other domains. However, many challenges and
opportunities for data mining still lie ahead. In this paper we
identified a number of outstanding issues and current trends
relating to data quality, the interpretability of data mining
models, the incorporation of domain knowledge into the data
mining process, the need to backtest and stress test models,
network-based learning, and a number of new application
fields. For many of these, it was argued that data mining may
continue to benefit from the introduction of techniques from
the OR area.
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