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The progressive increase in the amount of clinical data stored in elec-
tronic form isdfor the first time in historydmaking it possible to carry
out large-scale studies that focus on the interaction between genotype, phe-
notype, and disease at a population level. Such studies have extraordinary
potential to determine the effectiveness of treatment and monitoring strate-
gies, identify subpopulations at risk for disease, define the real variability in
the natural history of disease and comorbidities, discover rational bases
for targeting therapies to particular patients, and determine the incidence
and contexts of unwanted health care outcomes. Matching patient re-
sponses (phenotype) with gene expression and known metabolic pathway
relationships across large numbers of individuals may be the best hope for
understanding the complex interplay between multiple genes and the envi-
ronment that underlies some of the most common and debilitating health
problems [1]. Although serious issues remain to be resolved before the
large-scale secondary use of health data for research can become routine,
this topic has been recognized and identified as a national priority in Canada
[2] and the United States [3]. Clinical laboratory databases contain perhaps
the largest available collection of structured medical data representing hu-
man phenotypes of disease progression and response to therapy. Alone
and especially in combination with other clinical and environmental data,
laboratory databases have substantial value for translational research, in-
cluding correlative studies linking gene expression with phenotype, and
for identifying groups of patients with similar characteristics for follow-up
analysis or inclusion in clinical studies.

Large-scale clinical databases permit targeted observational and correla-
tive studies that complement randomized clinical trials [4,5]. These data-
bases also hold the promise of more comprehensive analyses to reveal
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unknown, useful real-world relationships among clinical data. The data vol-
ume and comprehensiveness that make these data sets useful, however, also
make them difficult or impossible to analyze by manual or traditional statis-
tical methods. Analogous challenges have occurred previously in other do-
mains, including the need to identify purchasing associations among billions
of retail transactions [6], the need to identify similarities in patterns among
terabytes of geologic data for oil exploration [7], and the need to identify
patterns in planetary mapping data [8], among many other examples. These
needs have been addressed using a set of techniques from the machine learn-
ing and pattern recognition fields collectively referred to as ‘‘data mining.’’
In recent years, biomedical science has also begun to apply these techniques
to large-scale data analysis, as evidenced by the dramatic increase in bio-
medical publications referring to data mining over the past 10 years (Fig. 1).
Brief overview of data mining

Data mining has been described as the ‘‘extraction of implicit, previously
unknown and potentially useful information’’ [9], such as associations and
correlations between data elements, from large repositories of data. It is
the technical and statistical component of the process of ‘‘knowledge discov-
ery in databases’’ (KDD, Refs. [10,11]), which has a primary goal of identi-
fying useful new information and is sometimes used synonymously with
KDD. Although the data mining label is sometimes also applied to tech-
niques designed to determine whether and to what extent prespecified pat-
terns exist in data sets, those primarily data querying methods are distinct
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Fig. 1. Dramatic increase in articles and reviews in biomedical science mentioning data mining

since 1981. The first article appeared in 1984, and single articles also appeared in 1995 and 1996.

The first review appeared in 1997. Articles and reviews include clinical research topics and stud-

ies using bioinformatics/high-throughput analytic techniques. In 2006 there were 304 articles

and 44 reviews mentioning data mining.
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from data mining. The latter, in contrast, relies on unsupervised machine
learning and statistical techniques [12] to create a catalog of patterns found
in data, without prespecification, and to assess their potential usefulness.

Data mining techniques include methods to group data elements that
have similar features (pattern discovery, eg, association rules and clustering)
and methods to determine predictive and other relationships between groups
of data elements (model building, eg, regression techniques, classification,
neural networks, and support vector machines, among others) [12]. For
best results, these techniques require consistent, accurate data that are ap-
propriately structured, and thus they are often applied in the setting of
integrated data repositories or warehouses designed for mining. Mining
typically yields a large number of patterns and relationships, some of which
are previously known or trivial. Ultimately, evaluation of the usefulness of
these patterns requires human expertise, although statistical and heuristic
methods are important for prioritizing, or ‘‘pruning,’’ found pattern sets
to yield a subset most likely to be of interest that is small enough to evaluate
manually. Data mining is often performed in settings in which the number of
features or dimensions (eg, over-expressed genes) contributing to a compari-
son between items of interest (eg, tumor tissue specimens) is relatively large
with respect to the population of items. Because traditional statisticalmethods
are not well-suited to evaluating the probability of coincidental patterns in
these high-dimensional data sets, methods specialized for data mining appli-
cations, such as false discovery rate calculations, have been developed [12].

This issue presents an initial set of foundational articles in data mining
(techniques, tools, databases, and time sequence mining) followed by a set
of articles addressing data mining applications in health care. Basic data
mining techniques for discovering data patterns and their relationships are
introduced in the article by Brown, elsewhere in this issue. A substantial
number of high-quality software tools for applying these data mining tech-
niques are available. An overview of open-source data mining tools is pro-
vided in the article by Zupan and Demsar, elsewhere in this issue and
detailed descriptions of commercial tools are available from vendors, such
as SAS [13], SPSS [14], Cognos [15], Insightful [16], and Oracle [17]. Key
topics related to aggregation of data for mining are discussed in an article
by Lyman and colleagues, elsewhere in this issue and topics related to
data handling for specific applications are addressed in later articles. Special
considerations related to the developing field of time series mining are dis-
cussed in the article by Post and Harrison, elsewhere in this issue. The arti-
cles by Siadaty and Harrison, Harrison and Aller, Brossette and Hymel,
Klee, and Lee and colleagues, elsewhere in this issue examine data mining
applications relevant to laboratory medicine, including pattern detection
in laboratory databases in conjunction with knowledge bases, the character-
istics and usefulness of several types of regional databases that may incorpo-
rate laboratory data, mining microbiology data in infection control, data
mining for biomarker discovery, and mining applied to high throughput
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genomics data sets. Some foundational topics are also addressed in the later
articles in the setting of specific applications, for example pattern pruning
and false discovery rate evaluation in the articles by Siadaty and Harrison,
and Lee and colleagues, elsewhere in this issue.

Although topics in data mining can often be approached in an intuitive
manner, data mining methodology is based on mathematic and statistical
principles. Effective application of data mining techniques, including effec-
tive use of data mining software, requires a reasonable understanding of
these principles. A full introduction to the mathematics of data mining is be-
yond the scope of this brief review issue, but several references are generally
available for interested readers. Those who find the mathematic discussions
in the articles by Brown, Klee, and Lee and colleagues, elsewhere in this
issue too advanced may wish to start their study of data mining by reviewing
Tan’s Introduction to Data Mining [18], which presents data mining topics
intuitively using visualizations, or the initial sections of Dunham’s Data
Mining: Introductory and Advanced Topics [19], which takes a bit more
mathematic approach. General reviews introducing data mining topics are
also available from Fayyad and colleagues [10], Hand and colleagues [20],
and Cios and Moore [21].

Special characteristics of medical data

Medical data have characteristics that make them uniquely difficult to an-
alyze in an automated fashion by traditional techniques or by data mining
[21]. Some of these characteristics appear in data sets from other domains,
but medical data seem to combine more problematic and challenging fea-
tures at once than almost any other type of data.
High dimensionality
High dimensionality means that many different data elements, each rep-
resenting a dimension that can vary in value, characterize an item of interest,
such as a patient, disease, or specimen. It is not unusual for a patient’s med-
ical record to contain 50 or even 100 different types of data elements. With
so many variables across a limited number of comparisons, the likelihood of
patients sharing coincidental patterns is high and appropriate techniques
must be used to minimize identification of spurious patterns.
Heterogeneity
Medical data may include textual descriptions, various types of images,
and discrete values using multiple scales. Values may be obtained from mul-
tiple methods, some of which may produce incompatible results for the same
observation. Data mining requires consistent data, which means that large
volumes of clinical data may need to be transformed to compatible represen-
tations. Some of these challenges are further addressed in the articles by Sia-
daty and Harrison, and Harrison and Aller, elsewhere in this issue.
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Imprecision
Unlike retail transactions, which directly reflect a particular purchase act,
medical observations commonly indicate a probability that a condition ex-
ists based on their sensitivity and specificity as indicators for that condition.
A given feature thus may be consistent with more than one condition, or the
condition may exist without the feature. Furthermore, sensitivities and spec-
ificities for most features are not known precisely for all data sets and at best
may be estimated based on values obtained in other data sets. For these rea-
sons, linking data elements to true characteristics of patients is not
straightforward.
Interpretations
Diagnoses and other summary data in medical records are generally hu-
man interpretations of aggregates of observations and objective data values.
Interpretations by different individuals may differ or even conflict, and are
often expressed as text that must be further interpreted to a form that
may be processed during data mining.
No canonical form
Although substantial progress continues to be made in developing stan-
dard medical terminologies, in the absence of a generally accepted represen-
tation for important medical concepts many clinical data are still expressed
in idiosyncratic ways.
Incomplete and inconsistent data
Patients who have the same conditions may have substantially different
types and timing of observations, unlike retail transactions, surveys, or tech-
nical data, which generally have comparable complements of data elements
obtained at similar times. Clinical data may be inconsistent or conflicting for
various reasons. These qualities add noise and spurious patterns that in-
crease the difficulty of identifying real patterns of interest.
Difficult mathematic characterization
Medicine deals with concepts, such as inflammation, comorbidities, and
disease severity, that strongly influence clinical outcome but are difficult
to quantitate and incorporate into mathematic relationships with diagnoses
and disease progression models.
Temporal patterns
Data elements in clinical records may not be meaningful outside of a par-
ticular temporal context. This phenomenon is particularly true for labora-
tory databases, which are largely composed of time sequences. For
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example, a time sequence of viral antigen and antibody values associated
with hepatitis might be interpreted differently if it were randomly shuffled.
The important informationthat is implicit in timesequencespresentsaproblem
because it is not accessible to data mining methods that catalog associations
between individual data elements. The article by Post andHarrison, elsewhere
in this issue discusses methods for abstracting temporal data sequences to
meaningful new data elements that can be used by data mining tools.
Need for generalization
The need to understand and generalize information about the mechanism
and causation of relationships in medical data makes data mining techniques
that do not reveal meaningful information about discovered relationships
(eg, neural networks) less desirable than those that do (eg, classification
trees), thus limiting applicable techniques.
Ethical, legal, and social issues
Important questions remain about the ownership and appropriate use of
clinical information, the need to ensure an appropriate balance of risk to pa-
tients with benefit to society, and the need to protect patient privacy and
confidentiality. Controversy and confusion exist related to these issues
that complicate the aggregation and analysis of clinical databases for rea-
sons other than individual patient care. The call for a national framework
for the secondary use of health information referenced above [3] is largely
a recommendation that society, health care providers, and government re-
solve these issues so that the communitydand ultimately patientsdcan ben-
efit from techniques such as data mining.

These typical characteristics of medical data do not preclude data mining,
but they may necessitate extra data processing and compensatory techniques
that substantially complicate mining, increasing effort and costs.
Summary

Mining medical data, including laboratory data, is currently a challenging
exercise in data acquisition, aggregation, and reconciliation. Significant po-
litical and legal challenges may also exist for medical data mining projects.
Partly for these reasons, data mining techniques have not been widely used
in laboratory medicine (with a few notable exceptions). Substantial potential
exists, however. The last five articles in this issue show that data mining can
be applied successfully to clinical care, public health, and research problems.
As the volume of data online increases, standard data representations be-
come more widespread, and issues related to secondary analysis of health
data are resolved, the cost and effort barriers to data mining projects will
decrease. Laboratory data represent a substantial volume of objective,
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relatively well-standardized and well-characterized data that directly express
patient phenotype in disease presentation and response to therapy. Because
of the value of these data, laboratories have the opportunity to contribute to
mining projects and to lead projects that particularly target laboratory data.
This is an opportunity that should not be missed and for which laboratories
can begin to prepare.
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