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Summary 
Objective: To introduce the special topic of 
Methods of Information in Medicine on 
data mining in biomedicine, with selected 
papers from two workshops on Intelligent 
Data Analysis in bioMedicine (IDAMAP) held 
in Verona (2006) and Amsterdam (2007). 
Methods: Defining the field of biomedical 
data mining. Characterizing current devel-
opments and challenges for researchers in 
the field. Reporting on current and future ac-
tivities of IMIA’s working group on Intelli-
gent Data Analysis and Data Mining. De-
scribing the content of the selected papers in 
this special topic.  
Results and Conclusions: In the biomedi-
cal field, data mining methods are used to 
develop clinical diagnostic and prognostic 
systems, to interpret biomedical signal and 
image data, to discover knowledge from bio-
logical and clinical databases, and in bio -
surveillance and anomaly detection appli-
cations. The main challenges for the field are 
i) dealing with very large search spaces in a 
both computationally efficient and statis-
tically valid manner, ii) incorporating and 
utilizing medical and biological background 
knowledge in the data analysis process, iii) 
reasoning with time-oriented data and tem-
poral abstraction, and iv) developing end-
user tools for interactive presentation, inter-
pretation, and analysis of large datasets. 
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What Is Data Mining? 
The goal of this special topic is to survey the 
current state of affairs in biomedical data 
mining. Data mining is generally described as 
the (semi-)automatic process of discovering 
interesting patterns in large amounts of data 
[1–4]. It is an essential activity to translate the 
increasing abundance of data in the biomedi-
cal field into information that is meaningful 
and valuable for practitioners. Traditional 
data analysis methods, such as those originat-
ing from statistics, often fail to work when 
 datasets are sizeable, relational in nature, 
multimedial, or object-oriented. This has led 
to a stormy development of novel data analy-
sis methods that are increasingly receiving 
 attention in the biomedical literature. 

Data mining is a young and interdiscipli -
nary field, drawing from fields such as data-
base systems, data warehousing, machine 
learning, statistics, signal analysis, data visu-
alization, information retrieval, and high-
performance computing. It has been success-
fully applied in diverse areas such as market-
ing, finance, engineering, security, games, and 
science. And rather than comprising a clear-
cut set of methods, the term “data mining” 
refers to an eclectic approach to data analysis 
where choices are led by pragmatic consider-
ations concerning the problem at hand. 

Broadly speaking, the goals of data mining 
can be classified into two categories: descrip-
tion and prediction [2–4]. Descriptive data 
mining attempts to discover implicit and pre-
viously unknown knowledge, which can be 
used by humans in making decisions. In this 
case, data mining is part of a larger knowledge 
discovery process that includes data cleaning, 
data integration, data selection, data trans-
formation, data mining, pattern evaluation, 
and presentation of discovered knowledge to 
end-users. To arrive at usable results, it is es-
sential that the discovered patterns are com-
prehensible by humans. Typical descriptive 
data mining tasks are unsupervised machine 
learning problems such as mining frequent 
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patterns, finding interesting associations and 
correlations in data, cluster analysis, outlier 
analysis, and evolution analysis. 

Predictive data mining seeks to find a 
model or function that predicts some crucial 
but (yet) unknown property of a given object, 
given a set of currently known properties. In 
prognostic data mining, for instance, one 
seeks to predict the occurrence of future 
medical events before they actually occur, 
based on patients’ conditions, medical his-
tories, and treatments [5]. Predictive data 
mining tasks are typically supervised ma-
chine learning problems such as regression 
and classification. Well-known supervised 
learning algorithms are decision tree learners, 
rule-based classifiers, Bayesian classifiers, 
 linear and logistic regression analysis, arti -
ficial neural networks, and support vector 
machines. The models that result from pre-
dictive data mining may be embedded in 
 information systems and need not, in that 
case, to be always comprehensible by humans, 
even though a sound motivation of the pro-
vided prediction is often required in the 
medical field. 

The distinction between descriptive and 
predictive data mining is not always clear-cut. 
Interesting patterns that were found with de-
scriptive data mining techniques can some-
times be used for predictive purposes. Con-
versely, a comprehensible predictive model 
(e.g. a decision tree) may highlight interesting 
patterns and thus have descriptive qualities. It 
may also be useful to alternate between de-
scriptive and predictive activities within a 
data mining process. In all cases, the results of 
descriptive and predictive data mining 
should be valid on new, unseen data in order 
to be valuable to, and trusted by, end-users.  

Data Mining  
in Bio medicine 
Data mining can be applied in biomedicine 
for a large variety of purposes, and is thus 
connected to diverse biomedical subfields. 
Traditionally, data mining and machine 
learning applications focused on clinical ap-
plications, such as decision support to medi-
cal practitioners and interpretation of signal 
and image data. More recently, applications 
in epidemiology, bioinformatics, and biosur-
veillance have received increasing attention. 

Clinical data mining applications are 
mostly predictive in nature and attempt to 
derive models that use patient-specific infor-
mation to predict a patient’s diagnosis, prog-
nosis, or any other outcome of interest and to 
thereby support clinical decision-making [6]. 
Historically, diagnostic applications have re-
ceived most attention [7–9], but in the last 
decade prognostic models are becoming 
more popular [5, 10, 11]. Other tasks that are 
addressed with clinical data mining are detec-
tion of data artifacts [12] and adverse events 
[13], discovering homogeneous subgroups of 
patients [14], and extracting meaningful 
 features from signal and image data [15].  

Several characteristic features of clinical 
data may complicate the data mining process, 
such as the frequent and often meaningful oc-
currence of missing values, and the fact that 
data values (e.g. diagnostic categories) may 
stem from structured and very large medical 
vocabularies such as the ICD [16]. Fur-
thermore, when the data were collected in 
routine care settings, it may be misleading to 
draw conclusions from the data with respect 
to causal effects of therapies. Data from 
 randomized controlled studies enable re-
searchers to compute unbiased estimates of 
causal effects, as these studies ensure ex-
changeability of patient groups [17]. In ob-
servational data, however, the analysis is 
biased due to the lack of this exchangeability. 

In recent years, biomedical data mining 
has received a strong impulse from research 
in molecular biology. In this field, datasets fall 
into three classes: i) sequence data, often rep-
resented by a collection of single nucleotide 
polymorphisms (SNPs) [18]; ii) gene ex-
pression data, which can be measured with 
DNA microarrays to obtain a snapshot of the 
activity of all genes in one tissue at a given 
time [19], and iii) protein expression data, 
which can include a complete set of protein 
profiles obtained with mass spectra technol-
ogies, or a few protein markers [20]. Initially, 
most genomic and proteomic research fo-
cused upon working with individual data 
sources and achieved considerable success. 
However, a number of key barriers have been 
met concerning for example the variability in 
microarray data [21] and the enormous 
search spaces involved with identifying pro-
tein-protein interactions and folding which 
require substantial data samples. An alter-
native approach to dealing directly with ge-

nomic and proteomic data is to perform lit-
erature mining which aims to discover related 
genes and proteins through analysis of bio-
medical publications [22]. Recent develop -
ments have explored methods to combine 
data sources such as meta-analysis and con-
sensus algorithms for homogenous data [23] 
and Bayesian priors for heterogeneous data 
[24]. Another major recent development that 
aims to combine data and knowledge is sys-
tem biology. This is an emerging field that at-
tempts to model an entire organism (or a 
major system within an organism) as a whole 
[25]. It is starting to show genuine promise 
when combined with data mining [26], par-
ticularly in certain biological subsystems such 
as the cardiovascular and immune systems. 

Although many data mining concepts are 
today well-established and toolsets are avail-
able to readily apply data mining algorithms 
[27, 28], various challenges remain for re-
searchers in the biomedical data mining field. 
First and foremost, biomedical datasets con-
tinue to grow in terms of the number of vari-
ables (measurements) per patient. This re-
sults in exponentially growing search spaces 
of hypotheses that are explored by data min-
ing algorithms. An important challenge is to 
deal with these very large search spaces in a 
manner that is both computationally efficient 
and statistically valid. Second, knowledge dis-
covery activities are only meaningful when 
they take advantage of existing background 
knowledge in the application area at hand 
[29]. Biomedical knowledge typically resides 
in structured medical vocabularies and on-
tologies, clinical practice guidelines and 
protocols, and results from scientific studies. 
Few existing data mining methods are ca-
pable of utilizing any of these forms of back-
ground knowledge. Third, a most character-
istic feature of medical data is its temporal di-
mension. All clinical observations and inter-
ventions must occur at some point in time or 
during a time period, and the medical jargon 
abounds with references to time and tem-
porality [30]. Although the attention to tem-
poral reasoning and data analysis has in-
creased over the last decade [31–33], there is 
still a lack of established data mining meth-
ods that deal with temporality. The fourth 
and final challenge is the development of 
software tools for end users (such as biol-
ogists and medical professionals). With the 
growing amounts of data available, there is an 
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increasing need for interactive tools that sup-
port users in the presentation, interpretation, 
and analysis of datasets. 

IMIA’s Working Group on 
Intelligent Data Analysis 
and Data Mining 

In 2000, a Working Group on Intelligent Data 
Analysis and Data Mining was established as 
part of the International Medical Informatics 
Association (IMIA) [34]. The objectives of the 
working group are i) to increase the awareness 
and acceptance of intelligent data analysis and 
data mining methods in the biomedical com-
munity, ii) to foster scientific discussion and 
disseminate new knowledge on AI-based 
methods for data analysis and data mining 
techniques applied to medicine, iii) to pro-
mote the development of standardized plat-
forms and solutions for biomedical data 
analysis, iv) to provide a forum for presenta-
tion of successful intelligent data analysis and 
data mining implementations in medicine.  

The working group’s main activity is or-
ganization of a yearly workshop called Intelli-
gent Data Analysis in bioMedicine and Phar-
macology (IDAMAP) [35]. IDAMAP work-
shops are devoted to computational methods 
for data analysis in medicine, biology and 
pharmacology that present results of analysis 
in the form communicable to domain experts 
and that somehow exploit knowledge of the 
problem domain. Typical methods include 
data visualization, data exploration, machine 
learning, and data mining. Gathering in an 
informal setting, workshop participants have 
the opportunity to meet and discuss selected 
technical topics in an atmosphere that fosters 
the active exchange of ideas among re-
searchers and practitioners. IDAMAP work-
shops have been organized since 1996. The 
most recent workshops were held in Aber-
deen (2005), Verona (2006), Amsterdam 
(2007), and Washington (2008).  

Other activities of the working group in-
clude the organization of tutorials and panel 
discussions at international conferences on 
the topics of intelligent data analysis and data 
mining in biomedicine. In all its activities, 
there is a close collaboration with the Work-
ing Group on Knowledge Discovery and Data 
Mining of AMIA [36]. 

Selected Papers 
From a total of 35 papers presented at the 
IDAMAP-2006 and IDAMAP-2007 work-
shops, the ten best papers were selected based 
on the workshop review reports, and the au-
thors were invited to submit an extended ver-
sion of their paper for the special topic. Eight 
authors responded positively, from which five 
papers were finally accepted after blinded 
peer review. To our opinion, these papers 
form a representative sample of the current 
developments in biomedical data mining. 

The paper by Curk et al. [37] considers the 
problem of knowledge discovery from gene 
 expression data, by searching for patterns of 
gene regulation in microarray datasets. 
Knowledge of gene regulation mechanisms is 
essential for understanding gene function 
and interactions between genes. Curk et al. 
present a novel descriptive data mining algo-
rithm, called rule-based clustering, that finds 
groups of genes sharing combinations of pro-
moter elements (regions of DNA that facili-
tate gene transcription). The main methodo-
logical challenge is the vast number of candi-
date combinations of genes and promoter re-
gions, which is handled by the algorithm by 
employing a heuristic search method. Inter-
esting features of this algorithm are that it 
yields a symbolic cluster representation, and, 
in contrast to traditional clustering tech-
niques, allows for overlapping clusters. 

Also Bielza et al. [38] discuss on the analy-
sis of microarray gene expression data, but 
focus on predictive data mining, using logistic 
regression analysis. As discussed in the pre-
vious section, microarray datasets have cre-
ated new methodological challenges for exist-
ing data analysis algorithms. In particular, the 
number of data attributes (genes) is typically 
much larger than the number of observations 
(patients), potentially resulting in unreliable 
statistical inferences due to a severe ‘multiple 
testing’ problem. One popular solution in 
biostatistics is regularization of the model pa-
rameters by setting a penalty on total size of 
the estimated regression coefficients. How-
ever, estimation of regularized model pa -
rameters is a complex numeric optimization 
problem. The paper by Bielza et al. presents 
an evolutionary algorithm to solve the 
 problem. 

The third paper, by Andreassen et al. [39], 
is clinically oriented and uses a Bayesian 

learning method to solve a well-known prob-
lem in pharmacoepidemiology: discovering 
which bacterial pathogenic organisms can be 
treated with particular antibiotic drugs. 
Again, the large number of possible com-
binations that need to be considered poses 
problems for traditional data analysis meth-
ods. More specifically, many pathogen-drug 
combinations will not even occur in the data, 
or in such small numbers that reliable direct 
inferences are not possible. Andreassen et al. 
propose to solve this problem by borrowing 
statistical strength from observations on 
similar pathogens using hierarchical Dirichlet 
learning. 

Castellani et al. [40] consider the identifi-
cation of tumor areas in dynamic contrast en-
hanced magnetic resonance imaging (DCE-
MRI), a technique that has recently expanded 
the range and application of imaging assess-
ment in clinical research. DCE-MRI data 
consists of serial sets of images obtained be-
fore and after the injection of a paramagnetic 
contrast agent. Rapid acquisition of images 
allows an analysis of the variation of the MR 
signal intensity over time for each image 
voxel, which is indicative for the type of tissue 
represented by the voxel. Castellani et al. use 
support vector machines to classify the signal 
intensity time curves associated with image 
voxels. 

The fifth and final paper of the special 
topic, written by Klimov et al. [41], deals with 
the visual exploration of temporal clinical data. 
They present a new workbench, called 
 VISITORS (VISualizatIon of Time-Oriented 
RecordS), which integrates knowledge-based 
temporal reasoning mechanisms with infor-
mation visualization methods. The under-
lying concept is the temporal association 
chart, a list of raw or abstracted observations. 
The VISITORS system allows users to inter-
actively visualize temporal data from a set of 
patient records.
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