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Bioinformatics and Medical Informatics: Collaborations on the
Road to Genomic Medicine?

VICTOR MAOJO, MD, PHD, CASIMIR A. KULIKOWSKI, PHD

A b s t r a c t In this report, the authors compare and contrast medical informatics (MI) and bioinformatics (BI)
and provide a viewpoint on their complementarities and potential for collaboration in various subfields. The authors
compare MI and BI along several dimensions, including: (1) historical development of the disciplines, (2) their scientific
foundations, (3) data quality and analysis, (4) integration of knowledge and databases, (5) informatics tools to support
practice, (6) informatics methods to support research (signal processing, imaging and vision, and computational
modeling, (7) professional and patient continuing education, and (8) education and training. It is pointed out that,
while the two disciplines differ in their histories, scientific foundations, and methodologic approaches to research in
various areas, they nevertheless share methods and tools, which provides a basis for exchange of experience in their
different applications. MI expertise in developing health care applications and the strength of BI in biological
‘‘discovery science’’ complement each other well. The new field of biomedical informatics (BMI) holds great promise for
developing informatics methods that will be crucial in the development of genomic medicine. The future of BMI will be
influenced strongly by whether significant advances in clinical practice and biomedical research come about from
separate efforts in MI and BI, or from emerging, hybrid informatics subdisciplines at their interface.

j J Am Med Inform Assoc. 2003;10:515–522. DOI 10.1197/jamia.M1305.

With the Human Genome Project (HGP) published in draft
form,1 new challenges in functional genomics have followed
hard on its heels, opening up a wide variety of medical
applications. Altman,2 Sander,3 and others4–8 have recently
emphasized the need for new genomic-based approaches in
medicine, such as studying genome-related risk factors for
various diseases, developing novel diagnostics tests, creating
updated cancer cell classifications, or integrating genetic and
medical data in clinical practice. Both bioinformatics (BI)
and medical informatics (MI) are widely expected to have
important roles in supporting these types of efforts, but
whether they will do so together or apart is a matter of debate
among researchers in both disciplines.4

Bioinformatics involves the development and application of
novel informatics techniques in the biological (especially
genomic) sciences. It is a young, successful discipline, which
already has its own professional societies, meetings, and
scientific journals focused on a clear research agenda, having
contributed critically to the successes of the human and other
genome projects. In contrast, MI is a more established field
that has pioneered the development and introduction of
informatics methods in clinical medicine and biomedical
research but has recently found itself increasingly challenged
by the emergence of BI.9

New approaches in MI have been called for to bridge the
divide with BI in developing novel methods for the emerging
joint field of biomedical informatics (BMI).10–12 This raises an
interesting set of strategic issues for BI and MI, focused
around the question: Is enough known already for BI to
productively focus on developing methods and tools for enhancing
the transfer of genomic results to medicine, and what novel
clinically oriented MI methods will be needed to make such
transfers a success?

Relationship of BI and MI to Medical Research
and Practice
Beginning in the late 1950s, the introduction of computers
into medical settings was followed by the implementation
of clinical and bibliographic databases, computerized med-
ical records (CPRs),13,14 and medical information systems
(MISs)15 during thenext twodecades, contributing to the rapid
development of MI.16,17 Pioneering medical consultation
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systems, based first on logical and statistical methods, and
later on expert knowledge-based methods,18–25 attracted
considerable attention, had high impact in scientific journal
publications, and served as models for similar research and
many successful applications in other disciplines. Large
clinical databases26,27 and literature indexing and search
technologies developed by medical informatics researchers
led to significant shifts in medical research and practice.

It is now common for physicians to use systems such as
Medline28 in conjunction with MISs and CPRs without
thinking twice and referring to them simply as ‘‘data
sources.’’ Taking for granted these results of MI research is
clear evidence of their success, but it tends to hide and
underestimate the fact that it took more than 30 years to reach
such a level of ‘‘seamless’’ technology. Medline is not just
a database with millions of records. Its developer, the U.S.
National Library of Medicine, has supported research on
medical vocabularies, information retrieval, and natural
language processing for more than three decades to improve
the capabilities of Medline.28,29 Similarly, CPRs are not
ordinary databases but incorporate research results on
cognitive studies of physician–patient interaction, human
interfaces, knowledge representation, system interoperability,
and coding standards, among others30; they are much more
than simple ‘‘data sources.’’

Something similar may already be happening to BI, given the
responses recently reported in a Bioinformatics journal
editorial31 in which professionals outside the field are cited
as considering BI research to be easy and cheap, yielding free
software, and producing rapid publication of easily verified
predictions. While most BI researchers might disagree with
such opinions, the fact that they are widely held is likely to
influence the future of the field just as similar opinions have
influenced MI in the past. Many of the BI programs are
complex software systems that use a mix of mathematical
models and expert heuristics, which are hard to evaluate out
of context and in general, but whose benefits are obvious for
specific problems of biological inquiry and analysis.32,33

While it is impossible to anticipate exactly how and when
BI results will substantially affect the practice of medicine,
a careful look at the experiences of MI might help anticipate
some of the technological and scientific challenges for clinical
applications of genomics.

MI and BI—Complementarities for Genomic
Medicine
A comparison between BI and MI can yield useful insights
for planning the future of both disciplines. Within BI,
some professionals have suggested that researchers from
other areas, such as physicists or statisticians, should mainly
contribute to BI tasks, given their expertise in dealing with the
massive quantities of experimental data.34 Yet, maybe the
most fruitful collaborations lie with the more proximal
discipline of MI,2,4,5,6,35 which has been dealing with prob-
lems of structuring complex and large quantities of data and
knowledge in biomedicine for the last 30 years.

In this report, we compare the disciplines from a number of
different perspectives. Table 1 summarizes the main points of
this comparison. Below we briefly expand on the contrasting
features of MI and BI summarized in Table 1.

Development of MI and BI as Academic
Informatics Disciplines
Even before the introduction of computers into medical
settings and biology laboratories, one can note some in-
teresting differences between MI’s and BI’s underlying fields
of study. Cybernetics, information theory, and automata
theory, emerging in the 1940s and 1950s, introduced ideas
critical to the foundations of computer science (CS) and infor-
matics, which usually is taken to embrace CS, information
technology (IT), and the information/library sciences more
generally. Pioneers such as Wiener, Shannon, and von Neu-
mann, were involved in the study of biological issues and
contributed to the thinking that led to breaking the genetic
code.36 Cryptographers were also involved in these efforts,
using computers to carry out complex calculations to check the
feasibility of theoretical proposals for the genetic code, which,
while not directly successful, introduced a set of concepts and
metaphors into genetics, such as ‘‘information,’’ ‘‘message,’’
and ‘‘code,’’ which were decisive in establishing the centrality
of information in genetics through the central dogma of
molecular biology.37 The practice of medicine, in contrast, had
fewer connections with these or other ‘‘preinformatics’’ disci-
plines such as mathematics, statistics, and linguistics, with ex-
ceptions involving mathematical modeling in neurology and
immunology and statistical analyses of radiologic images.38–40

WhenMI developed as an academic field in the late 1960s and
early 1970s, it concentrated more on practical issues of clinical
documentation, information systems, and technology in
which computers had been introduced to increase pro-
ductivity of medical processes41,42 more than for basic biology
studies. Scientific inquiry did, nevertheless, provide a focus
for work on medical knowledge representation and language
understanding, implemented in software as pioneering
statistical and artificial intelligence (AI) consultation and
decision support systems of the 1960s and 1970s. It also led to
foundational work on terminologies, coding, medical records,
and indexing for Medline, since carried forward through the
Unified Medical Language System29 and related research. It
has been said that many MI pioneers arrived to the field by
chance, because they were working on issues related to
specific informational needs in various clinical settings,42

although complemented by academic specialists from lin-
guistics, mathematics, computer science, engineering, and
other disciplines.41,42

Bioinformatics experienced a more gradual development
evolving from the individual efforts of researchers who
helped analyze early deoxyribonucleic acid (DNA) and pro-
tein sequence data and, later, the macromolecular structural
and functional data needed for genomic discovery. BI was
able to build on work in computational biology involving
a large number of mathematically oriented investigators
and theoreticians.43 When BI emerged in the 1990s, many
of its practitioners had already been working on traditional
scientific tasks for which informatics methods and software
became a practical means to an end, rather than being the
primary focus, as in MI.

Scientific Content and Informatics Goals
of MI and BI
While this topic has already been introduced above in
contrasting the academic disciplines, it can be made more
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Table 1 j Selected Similarities and Differences between Medical Informatics (MI) and Bioinformatics (BI)

Feature Comparison and Contrast

Discipline Feature Bioinformatics Medical Informatics

1. Academic discipline,
development, and
interdisciplinary links.

Gradual build-up, focusing on
science-driven methods of
analysis for data from emerging
gene and protein technologies.
Early connections with cybernetics,
information, and automata theory
gave an information-oriented
focus to genomics.

Rapid launch in the 1960s
based on computer technology
opportunities in health care.
Few connections of medicial
practice with ‘‘preinformatics’’
disciplines (mathematical modeling,
statistics, linguistics, AI, etc.)—
though fundamental for public
health epidemiology, laboratory
medicine, and radiology.

2. Scientific content and
informatics goals.

Molecular biology and
biochemistry—massive data
analysis and management
demands for biological
scientific discovery.

Medicine—standardization,
efficient data processing and
specialized analysis and
management tools for clinical
practice, biomedical research,
and education.

3. Data quality and analysis:
noise and uncertainty.
Role of data mining.

Scientific data—controlled
noise and uncertainty
models and prospective
studies allow relatively
frequent direct application
of data mining methods.

Clinical data—other than for
controlled clinical trials,
the incompleteness, subjectivity,
and uncertainty of retrospective
patient data make mining results
difficult to replicate and transfer.

4. Integrating data and knowledge:
networks, databases,
interoperability, standardization,
and information retrieval.

Many specialized databases publicly
available over the Web.
Interoperability good; quality
issues addressed by increased
curation.

Pioneering networking (Medline,
SUMEX-AIM), documentation
standards, vocabularies, and
coding (e.g., UMLS, SNOMED,
HL7). Clinical databases mostly
nonpublic.

5. Tools to support medical
practice.

Recent emphasis on ontologies,
network models, etc. No
involvement in clinical
applications until gene
expression and SNP
studies—still in early stages.

Emphasis on information systems for
patient care, hospital, and medical
information (HIS, MIS), education,
and telemedicine. Representation of
medical knowledge and language
(i.e., terminology, indexing, disease
taxonomies), central for information
retrieval and decision support.

6. Tools to support research
and practice: signal processing,
imaging and visualization,
computational modeling.

Signal processing biophysics-oriented.
Three-dimensional graphic
visualization of molecular structures
for scientific research. Image
analysis of functional data and
network modeling and simulation.

Signal, image processing, and
computational modeling
bioengineering-oriented.
Three-dimensional visualization
of radiologic, histologic, other
imaging for clinical and
educational use. Related to
clinically useful (logic,
coding, text, and graphics)
knowledge representations and
systems architectures.

7. Professional and health
consumer education.

Widely available tools for scientific
data analysis. Prevention and
personalized diagnosis and
treatment seen as future promises.

Widely available Web sites,
multimedia tools for accessing
wide range of biomedical information,
analysis tools less widely disseminated.

8. Education and training of MI
and BI professionals:
role as scientists, engineers,
and information brokers.

Recent creation of training
programs, rapidly expanding.

Training programs from the 1970s,
firmly consolidated—much
interdisciplinary experience.
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specific with the following observations. Biology has been
transformed from a largely descriptive science to one
grounded scientifically on theories and principles such as
Darwin’s theory of evolution, Mendel’s laws, the central
dogma of molecular biology, and the structure of DNA and its
functions within cells and their anatomic, organismal, and
environmental contexts. BI has emerged as the computational
driving engine behind the analysis of massive data that
support discovery science in genomics, proteomics, met-
abolomics, and the other biological ‘‘-omic’’ subfields. It is not
surprising then, that BI is predominantly oriented to the
support of research.

It is said often that the field of medicine is as much art as
science.44 Although the field of medicine as a whole has seen
dramatic advances in its scientific base during the last century
(and last decades in particular), its focus on the management
of individual patients means that it has yet to find a unified
scientific framework for interpreting the great variety of
evidence that such clinical practice entails. The large num-
ber of proposed paradigms for medicine—evidence-based
medicine,45 molecular medicine,46 telemedicine,47 economic
medicine,48 technology-driven care,49 and many others—
illustrates the heterogeneity of scientific assumptions
underpinning its different technologies, which advance
unpredictably based on opportunities for improving the
quality of individual patient care and, increasingly, contain-
ing their costs. The lack of unified theories in medicine may
have also contributed to the extreme diversity of directions
within MI, with very different subfields emphasizing medical
practice, research, and educational applications. The area of
informatics itself also covers a wide diversity of technologies
and scientific approaches on how to model, represent, and
manage information computationally, and there is as yet
no unified underlying scientific theory for it any more than
there is for medicine. MI’s emphasis on understanding and
developing practical medical information systems, thus, gets
a double dose of breadth and diversity.

Data Quality and Analysis: Noise and Uncertainty
Medical data sets frequently are partial, noisy, and difficult to
reproduce because of individual variability and the subjective
nature of many clinical observations. Underlying medical
knowledge often is uncertain, as shown inmanyMI studies of
medical decision making.21–25 While biological data share, to
a large measure, in all the above problems, they typically are
gathered under more controlled conditions as the result of
carefully designed experiments based on specific models of
instrumentation, observation, and controllable replication.

In medicine, factors beyond the physiologic—e.g., psycho-
logical/cognitive, socioeconomic, ethical, geographical, en-
vironmental—introduce variables that are difficult to define
and measure in clinical contexts. The very large range of
variation in such factors, coupled with the fundamentally
different reasoning problems18 involved in treating individ-
ual patients, may explain why many MI systems, such as
decision support programs, frequently fail to generate similar
or reproducible outcomes outside their institution of origin.
Research in biology—and BI—has been laboratory centered
with its own sources of variation, but these are more clearly
differentiated according to whether they are ‘‘in vivo,’’ ‘‘in
vitro,’’ or ‘‘in silico,’’ all recognized as generating different

qualities of data, having differing levels of experimental
control, and answering different types of questions with
various degrees of evidential support.50

Integration of Data and Knowledge—Networks,
Databases, Interoperability, and Information
Retrieval
Medical informatics has made substantial contributions to
data documentation, integration, and networking through
the development of standards, medical terminologies, and
coding systems (e.g., UMLS, SNOMED, HL7, MeSH) that
have laid the foundation for research on data models and
facilitated the interoperability of data and programs across
heterogeneous computing platforms and systems. However,
most clinical databases usually are special-purpose, restricted
in access or private, and frequently not interconnected with
other databases or the Web. Patient data are rarely freely
exchanged and must be protected (usually a legal require-
ment) by security and confidentiality technologies and
protocols. Despite this, a number of pioneering medical
informatics projects have analyzed large clinical databases
and used them to study patterns of longitudinal man-
ifestations, tests, and treatments,26,27 and these have contrib-
uted to our understanding of medical data structures and
analytical methodologies. More recently, medical in-
formaticians have been in the forefront of developing
ontology-building tools such as PROTÉGÉ,51 computerizing
the major text on genetic components of disease52 and
developing a highly detailed computational model for
medical knowledge needed for the interpretation of in-
creasingly complex and informative imaging modalities—the
Foundational Model of Anatomy.53

Bioinformatics, in contrast, has only recently begun towork on
developing ontologies, e.g., gene ontology (GO),54 and related
initiatives. The collaborative efforts carried out within the
HGP enhanced the exchange of genomic information as
ameans for accelerating research. Bioinformaticians have built
databases for a variety of sequence, structure, and functional
data,31 facilitating research efforts in genomics, proteomics,
and all the other developing ‘‘-omic’’ technologies.

Given the shared concerns of genetics and medicine in
understanding the mechanisms of organismal health and
disease and their respective informatics methods and systems
in BI and MI, one might expect that many standards, coding
systems, and ontologies will have to be shared and updated
jointly in the future. A case in point is the project in Iceland
that is gathering genomic data from a largely genetically
circumscribed population. Genomic data from such a con-
trolled group of people should provide significant insight into
relationships between genomic and phenotypic information.
Researchers expect that this kind of analysis will yield
new knowledge about the causes of various diseases and
alternative therapeutic approaches.55,56

While this kind of work raises expectations, it also presents
a serious challenge for molecular epidemiology, given the
different types of data gathered under uncontrolled con-
ditions and merged retrospectively in the database.

Tools to Support Medical Practice
Medical informatics professionals have engaged in many
long-term efforts to develop systems for patient care, the
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management of hospital and other medical informa-
tion,14,15,23 and its communication through telemedicine.
Major concerns have been with practical issues of developing
and understanding these systems and helping improve
quality of care. They also contributed to develop the field of
knowledge engineering, in which MI researchers did not
intend to simulate human problem solving in a formal way57

but were able to capture expert reasoning heuristics with
systems such as MYCIN,22 DIALOG24 (later INTERNIST-I),
CASNET,21 and PIP,25 which introduced novel approaches to
manage medical uncertainty using rule-based causal, hierar-
chical, and frame-based knowledge extracted from expert
clinicians in their respective fields. AI approaches to scientific
discovery in genomics seem to show other differences
between MI and BI.58 While medical informaticians have
had scientific goals of understanding how to model expert
knowledge about individual decision-making practice and
represent it in computer systems, they generally built
practical applications that empirically supported their design
hypotheses about both medical reasoning and related
software engineering.

Work on digital medical libraries and the development of
many reference texts and databases of biomedical informa-
tion online following the pioneering example of Medline have
revolutionized the routine way in which people can access
and directly make use of the biomedical literature.
Availability of OMIM online, the database for genetic causes
of disease, provides one example of a bridge to research. Yet,
connection to individual patient data is still almost entirely
human-mediated. Search tools over the Web are increasingly
sophisticated but still limited in their retrieval performance
from text and even more so from image content.

BI has only recently become concerned with medical practice
problems, as microarray gene expression data become in-
creasingly available for incorporation into the medical record.
Concerns about potential misuse of genetic data emphasize
the importance of developing new combined BMImethods for
ensuring their confidentialitywithout losing the opportunities
for learning about genetic components of diseases through
the aggregation of anonymized data.

Tools for Research and Practice: Signal, Image
Processing, Visualization, Computational
Modeling
Signal and image processing and analysis techniques have
been used in MI and BI for many decades. From the
perspective of methods and software techniques, no great
differences exist between the disciplines, although BI has
been closer to biophysical/chemical models of signal pro-
cessing and analysis, while MI has been closer to the applied,
biomedical engineering approaches to analysis and in-
strument/systems design. These involve devices such as
electrocardiography, electroencephalography, computed to-
mography, and magnetic resonance imaging together with
the informatics tools for signal analysis and decision support
that are in routine use in most advanced clinical settings.

In BI, graphics modeling has been used widely for analyzing
protein structures and building three-dimensional models of
molecules. The objective of this research is focused on
scientific inquiry, to understand better the connection of
macromolecular structure and function. Once the structure

of molecules or proteins were reconstructed in three
dimensions, researchers can anticipate more precisely the
functions of a molecule, which also is essential for drug
discovery and design. In MI, different types of goals have
predominated: two-dimensional and three-dimensional im-
age analysis and reconstruction of images for diagnostic and
treatment planning, and three-dimensional modeling (and
virtual reality methods) for medical training and surgical
simulation. Computational modeling of disease processes
has been carried out in the context of consultation and deci-
sion-support systems and for qualitative description and
explanation.59,60

Bioinformatics approaches may contribute new insights for
MI research in computational modeling and analysis, while
MI may contribute to advance research in medicine by
building three-dimensional anatomic models that can be
linked to specific functions and physiologic processes.

Professional and Patient Continuing Education
In contrast to MI professionals, those in BI have less occasion
for teaching physicians or patients their informatics craft.
While BI professionals may become involved in developing
future health prevention and personalized therapy plans,
these are rarely ready for deployment beyond the laboratory
today.

One of the fundamental challenges for genomics to succeed in
achieving significant results in medicine is to educate health
practitioners, e.g., physicians and nurses, on its foundations
and methods. Physicians will not easily change their
reasoning approaches to think in terms of genetic and
genomic information, and BI and MI should collaborate to
develop methods to enhance this shift in clinical practice.
Informatics tools may help by embedding the knowledge
representation and problem-solving methods needed to
better manage and combine genomic and clinical informa-
tion. MI and BI developers can facilitate a shift from current
practice to genomic medicine by creating user-friendly
interfaces and advice systems that facilitate clinicians’ work.

However, the fundamental challenge is to discover the
essential new knowledge about natural and treated courses
of illnesses for such technologies to be widely adopted.
Such knowledge is centered around the elucidation of the
connections between genotypes and phenotypes and the
modeling of diseases by mathematical, logical, and
semantic relationships that will provide both the ensemble
predictive and explanatory power needed for scientific
discovery. It also will provide some new type of prediction
needed to make wise individual choices in a complex
world of relationships between individuals at the cellular,
organ, and whole organism levels and their multifaceted
group and role memberships. Past experience suggests this
is more likely to come from new observational/data
sources, combined with powerful visualization and repre-
sentation methods that make clinical significance direct
and utility obvious and necessary. Informaticians who are
also strong biomedical scientists—or biomedical scientists
who are also strong informaticians—will be needed.
Hybrids of both sorts are few, given the vast amount of
knowledge that needs to be mastered, and this is the
challenge that faces those involved in education in this
new interdisciplinarity, as we discuss next.
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BI and MI Education and Training
Given the professional differences that have evolved over
time and the relatively small overlap of the MI and BI
research communities, it is doubtful that a merging of the
disciplines will happen easily or in the short term. Yet,
a productive area of mixing and interchange may likely
emerge even as they preserve their independence. Programs
in biomedical informatics such as those at Stanford and
Columbia involve common components with concentrations
in either MI or BI. Because MI and BI often involve significant
differences in background, specialization, and cognitive
reasoning style in those who gravitate to and become
successful in the two fields, only time will tell what types of
combined programs will prove effective in providing good
training for future leaders in MI and BI separately or the
newly merged BMI discipline.

Cognitive studies of clinical reasoning have advanced over
the past decade, but general models for describing it
adequately have yet to emerge,61 and MI decision support
systems are mainly empirically justified. In contrast, modern
(postdescriptive) biologists appear to reason in a much more
focused way based on scientifically grounded principles of
molecular biology, genetics, and evolutionary theory, al-
though they must also bring to bear considerable numbers of
heuristics for each domain and type of problem.

In general, biologists have been exacting customers for
computer applications, being usually directly involved in
the efforts to develop the informatics tools that serve their
needs of scientific discovery62 and, as such, more conscious of
the need for specifications, data models, and software
evaluation criteria. In contrast, physicians, on the whole, still
tend to avoid analytical and computational methods and
experience, which suggests that independent MI expertise
will continue to be needed for developing informatics tools
for future genomic-based medicine. MI and BI professionals
need to be aware of these differences to systematize the
development of informatics systems for medicine and
biology.

Developing a Joint Biomedical Informatics
Strategy: Toward ‘‘-omic’’ Medicine Based on
Systems Biology and Informatics
Medical informatics and bioinformatics professionals have
both made (separately) significant research contributions in
areas such as knowledge-based systems, database design,
data mining, sequence and structure analysis, and image
processing.

There are similarities between the fields that bear more
exploration. Through our analysis we have seen the potential
that both disciplines pose for interaction. Not only do they
share many interests, methods, and tools, but each also
presents complementary needs and opportunities to the
other. The following is a brief analysis exploring the pos-
sibilities of synergistic interactions between MI and BI based
on their contributions and strengths in differing subfields of
research and practice.

Figure 1 illustrates a graphic metaphor of these potential
interactions. It represents the relative strengths of BI and MI
in dealing with biological foundations to expertise in building
practical medical and more general (consumer Web-based,

telemedicine) health care applications. It reflects how MI (on
the right side), has historically emphasized the medical/
health care system’s design and implementation shown in the
uppermost stratum of the diagram, leading to considerable
development of biomedical informatics software over the last
30 to 40 years. The large arrow pointing from theMI right side
to the BI left side of the diagram indicates how this experience
might provide a net flow of useful experience, techniques,
and methods to BI researchers as they move toward medical
applications of gene expression and other array data. In
contrast, BI, which is closer to the biological foundations
(especially at the molecular and cellular levels) than MI, is
represented with a larger area at the bottom-most stratum.
Here, the large arrow going from left to right shows how MI
might benefit from a net flow of experience andmethods from
BI at these foundational and biological analysis levels.

At the central stratum of informatics methods we have
indicated how the exchange of methods, experience, and
approaches is more balanced, with arrows of smaller size
pointing in each direction toward the zone of potential
synergies, which goes down the central diagonal of the
diagram. We have deliberately placed the arrows at the
boundaries between strata to illustrate some of the nuances of
the situation. BI tends to use more mathematical and
informatics models currently, while MI tends to be centered
on clinical informatics with a predominance of systems,
software, and knowledge engineering approaches. The
lightly outlined oval superimposed on the central part of
the figure represents the potential for competition, focused on
the central stratum of informatics methods, which currently
tend to be different in both goals and techniques between MI
and BI.

Figure 1 conveys some current opportunities for synergy
along the diagonal zone where BI and MI interact. These can
lead to fusion within the joint discipline of biomedical
informatics (BMI) if the complementarities and opportunities
for synergy win out, or continued separation of the
disciplines if the contrasts and competitive pressures pre-
dominate, as we discuss next.

Conclusions
The compare-and-contrast summary of disciplinary features
of MI and BI given in Table 1 has led us to an analysis
suggesting that differences between the disciplines are based
on differing historical development, scientific content, and
informatics goals. We have argued that the features of both
disciplines are directly linked to the characteristics of their
underlying fields of application: medicine and biology.11

Emphasis in MI has been more technological or engineering
like and focused on medical practice, although many efforts
(largely academic) have also been devoted to biomedical
research activities. Meanwhile, BI has focused on building
applications for supporting scientific research. From these
historical and scientific viewpoints, both disciplines have
grown separately.

In contraposition, there also are many areas in which similar
objectives and complementarities raise opportunities for
interaction and exchange between the disciplines. For in-
stance, many efforts in database integration, information
retrieval, standards, ontologies, decision support, multimedia
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tools, medical records, data mining, user interfaces, or image
processing in both MI and BI could be shared and exchanged
between the two disciplines. The most important collabora-
tion will be to transfer some of the lessons learned by the
professionals of both disciplines in decades of work in many
applications and projects to novel BI–MI approaches to
genomic-based medicine. In this way, MI can benefit from BI
in its experience with problems of scientific inquiry, while MI
can benefit BI with its expertise in developing informatics
methods and tools for solving medical problems.

For a significant shift to occur in medicine, based on
genomics, dramatic changes will have to take place in the
methodologic and cognitive approaches to clinical care. As
mentioned above, it is difficult to foresee a rapid and smooth
shift taking place in medicine without the contribution of
radically new perspectives. Informatics methods and tools,
coming from both MI and BI, will contribute to and make
possible this new vision and practice of biomedicine.
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