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A New Biology for the Information Age

Sometime in the mid-1960s biology became an in-
formation science. While François Jacob and Jacques

Monod’s work on the genetic code is usually credited
with propelling biology into the Information Age, in
this essay I explore the transformation of biology by what
have become essential tools to the practicing biochem-
ist and molecular biologist: namely, the contributions
of information technology. About the same time as Jacob
and Monod’s work, developments in computer archi-
tectures and algorithms for generating models of chemi-
cal structures and simulations of chemical interactions
were created that allowed computational experiments
to interact with and draw together theory and labora-
tory experiment in completely novel ways. The new com-
putational science  linked with visualization has had a
major impact in the fields of biochemistry, molecular
dynamics, and molecular pharmacology (Friedhoff &
Benzon, 1989; Panel on Information Technology and
the Conduct of Research, 1989; McCormick, DeFanti,
& Brown, 1987, p. A-1; Hall, 1995).  By “computational
science” I mean the use of computers in science disci-
plines like these as distinct from computer science (Mc-
Cormick, DeFanti, & Brown, p. 11). The sciences of
visualization are defined by McCormick, DeFanti, and
Brown as follows:

Images and signals may be captured from cameras or sen-
sors, transformed by image processing, and presented
pictorially on hard or soft copy output. Abstractions of
these visual representations can be transformed by com-
puter vision to create symbolic representations in the form
of symbols and structures. Using computer graphics, sym-
bols or structures can be synthesized into visual repre-
sentations. (P. A-1)

Computational approaches have substantially trans-
formed and extended the domain of theorizing in these
areas in ways unavailable to older, non–computer-based
forms of theorizing.

But other information technologies have also proved
crucial to bringing about this change. In the 1970s
through the 1990s, armed with such new tools of mo-
lecular biology as cloning, restriction enzymes, protein
sequencing, and gene product amplification, biologists
were awash in a sea of new data. They deposited this
data in large and growing electronic databases of genetic
maps, atomic coordinates for chemical and protein struc-
tures, and protein sequences. These developments in
technique and instrumentation launched biology onto
the path of becoming a data-bound science, a “science”
in which all the data of a domain—such as a genome—
are available before the laws of the domain are under-
stood. Biologists have coped with this data explosion by
turning to information science: applying artificial intel-
ligence and expert systems and developing search tools
to identify structures and patterns in their data.

The aim of this paper is to explore early develop-
ments in the introduction of computer modeling tools
from artificial intelligence (AI) and expert systems into
biochemistry in the 1960s and 1970s, and the intro-
duction of informatics techniques for searching data-
bases and extracting biological function and structure
in the emerging field of genomics during the 1980s and
1990s. I have two purposes in this line of inquiry.
First I want to suggest that by introducing tools of in-
formation science biologists have sought to make biol-
ogy a unified theoretical science with predictive powers
analogous to other theoretical disciplines. But I want
also to suggest that along with this highly heterogeneous
and hybrid form of computer-based experimentation
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and theorizing has come a different conception of
theorizing itself: one based on models of information-
processing and best captured by the phrase “knowledge
engineering” developed within the AI community. My
second concern is to contribute to recent discussions on
the transformation of biology into an information sci-
ence. Lily Kay, Evelyn Fox Keller, Donna Haraway, and
Richard Doyle have explored the role of metaphor, dis-
ciplinary politics, economics, and culture in shaping the
context in which the language of “DNA code,” “genetic
information,” “text,” and “transcription” have been in-
serted into biological discourse, often in the face of re-
sistance from some of the principal actors themselves
(Doyle, 1997).  I am more interested than these authors
in software and the computational regimes that it en-
ables. Elaborating on the theme of “tools to theory,” re-
cently espoused in science and technology studies, I am
interested in exploring the role of the computational me-
dium itself in shaping biology as an information science.
But a further crucial stimulation to the takeoff of bio-
informatics, of course, was provided by hardware and
networking developments underwritten by the NIH and
NSF (Hughes, 1999).

Computers and Biochemistry:
Molecular Modeling

The National Institutes of Health have been active at
every stage in making biology an information science.
NIH support was crucial to the explosive take-off of com-
putational chemistry and the promotion of computer-
based visualization technologies in the mid-1960s. The
agency sponsored a conference at UCLA in 1966 on “Im-
age Processing in Biological Science.” The NIH’s Bruce
Waxman, co-chair of the meeting, set out the NIH agenda
for computer visualization by sharply criticizing the no-
tion of mere “image processing” as the direction that
should be pursued in computer-enhanced vision research.
The goal of computer-assisted “vision,” he asserted, was
not to replicate relatively low-order motor and percep-
tual capabilities even at rapid speeds. “I have wondered
whether the notion of image processing is itself restric-
tive; it may connote the reduction of and analysis of ‘natu-
ral’ observations but exclude from consideration two- or
three-dimensional data which are abstractions of phe-
nomena rather than the phenomena themselves” (Ramsey,
1968, pp. xiii–xiv).  Waxman suggested “pattern recog-
nition” as the subject that they should really pursue—
and in particular where the object was what he termed
“non-natural.” In general, Waxman asserted, by its ca-
pacity to quantize massive data sets automatically, the
computer, linked with pattern-recognition methods of

imaging the non-natural, would permit the development
of stochastically based biological theory.

Waxman’s comments point to one of the important
and explicit goals of the NIH and other funding agen-
cies: to mathematize biology. That biology should fol-
low in the footsteps of physics had been the centerpiece
of a reductionist program since at least the middle of
the nineteenth century. But the development of molecu-
lar biology in the 1950s and 1960s encouraged the no-
tion that a fully quantitative theoretical biology was on
the horizon. The computer was to be the motor for this
change. Analogies were drawn between highly mathe-
matized and experimentally based Big Physics and the
anticipated “Big Biology.” As Lee B. Lusted, the chair-
man of the Advisory Committee to the National Re-
search Council on Electronic Computers in Biology and
Medicine argued, because of the high cost of computer
facilities for conducting biological research, computer
facilities would be to biology what SLAC (the Stanford
Linear Accelerator) and the Brookhaven National Labo-
ratory were to physics (Ledley, 1965, pp. ix–x).  Robert
Ledley, then affiliated with the Division of Medical Sci-
ences, National Research Council, and author of the
volume expressed the committee’s interest in fostering
computing and insisted that biology was on the thresh-
old of a new era. New emphasis on quantitative work
and experiment was changing the conception of the bi-
ologist: the view of the biologist as an individual scien-
tist, personally carrying through each step of his investi-
gation and his data-reduction processes, was rapidly
broadened to include the biologist as a part of an intri-
cate organizational chart that partitions scientific, tech-
nical, and administrative responsibilities. In the new
organization of biological work, modeled on the physi-
cists’ work at large national labs, the talents and knowl-
edge of the biologist “must be augmented by those of
the engineer, the mathematical analyst, and the profes-
sional computer programmer” (Ledley, 1965, p. xi).

At the UCLA meeting Bruce Waxman held up as a
model the work on three-dimensional representations
of protein molecules carried out by Cyrus Levinthal.
Levinthal worked with the facilities of MIT’s Project on
Mathematics and Computation (MAC), one of the first
centers in the development of graphics. Levinthal’s
project was an experiment in computer time-sharing
linking biologists, engineers, and mathematicians in the
construction of Big Biology. Levinthal’s work at MIT
illustrates the role of computer visualization as a condi-
tion for theory development in molecular biology and
biochemistry.

Since the work of Linus Pauling and Robert Corey
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on the α-helical structure of most protein molecules in
1953, models have played a substantial role in biochem-
istry. Watson and Crick’s construction of the double helix
model for DNA depended crucially upon the construc-
tion of a physical model. Subsequently, work in the field
of protein biology has demonstrated that the functional
properties of a molecule depend not only on the inter-
linkage of its chemical constituents but also on the way
in which the molecule is configured and folded in three
dimensions. Much of biochemistry has focused on un-
derstanding the relationship between biological func-
tion and molecular conformational structure.

A milestone in the making of physical models (in
three dimensions) of molecules was John Kendrew’s con-
struction of myoglobin. The power of models in inves-
tigations of biomolecular structure was evident from
work such as this, but such tools had limitations as well.
Kendrew’s model, for instance, was the first successful
attempt to build a physical model into a Fourier map of
a molecule’s electron densities derived from X-ray crys-
tallographic sources. As a code for electron density, clips
of different colors were put at the proper vertical posi-
tions on a forest of steel rods. A brass wire model of the
alpha helices and beta sheets that make up the molecule
was then built in among the rods. Mechanical interfer-
ence made it difficult to adjust the structure, and the
model was hard to see because of the large number of
supporting rods. The model incorporated both too little
and too much: too little, in that the basic shape of the
molecule was not represented; too much, in that the for-
est of rods made it difficult to see the three-dimensional
folding of the molecule (even though bond connec-
tivity was represented). Perhaps the greatest drawback
was the model’s size: It filled a large room. The answer
to these problems was computer representation. For an
early stereogram of myoglobin constructed by compu-
ter on the basis of Kendrew’s data, see Watson (1969).
It was obvious that such three-dimensional representa-
tions would only become really useful when it was pos-
sible to manipulate them at will. Proponents of com-
puter graphics argued that this flexibility is exactly what
computer representations of molecular structure would
allow. Cyrus Levinthal first illustrated these methods in
1965.

Levinthal reasoned that since protein chains are
formed by linking molecules of a single class, amino
acids, it should be relatively easy to specify the linkage
process in a form mathematically suitable for a digital
computer (Levinthal, 1966). Initially the computer
model considers the molecule as a set of rigid groups of
constant geometry linked by single bonds around which

rotation is possible. Program input consists of a set of
coordinates consistent with the molecular stereochem-
istry as given in data from X-ray crystallographic stud-
ies. Several constraints delimit stable configurations
among numerous possibilities resulting from combina-
tions of linkages among the twenty different amino
acids. These include bond angles, bond lengths, van der
Waals radii for each species of atom, and the planar
configuration of the peptide bond.

Molecular biologists, particularly the biophysicists
among them, were motivated to build a unified theory,
and the process of writing a computer program that could
simulate protein structure would assist in this goal by
providing a framework of mental and physical discipline
from which would emerge a fully mathematized theo-
retical biology. In such non-mathematized disciplines as
biology, the language of the computer program would
serve as the language of science (Oettinger, 1966, p.
161).  But there was a hitch: In an ideal world domi-
nated by a powerful central theory, one would like, for
example, to use the inputs of xyz coordinates of the at-
oms, types of bond, and so forth, to calculate the pairwise
interaction of atoms in the amino acid chain, predict
the conformation of the protein molecule, and check
this against its corresponding X-ray crystallographic im-
age. As described, however, the parameters used as in-
put in the computer program do not provide much limi-
tation on the number of molecular conformations. Other
sorts of input are needed to filter among the myriad
possible structures. Perhaps the most important of these
is energy minimization. In explaining how the thousands
of atoms in a large protein molecule interact with one
another to produce a stable conformation, one hypoth-
esizes that, like water running downhill, the molecular
string will fold to reach a lowest energy level. To carry
out this sort of minimization would entail calculating
the interactions of all pairs of active structures in the
chain, minimizing the energy corresponding to these
interactions over all possible configurations, and then
displaying the resulting molecular picture. Unfortunately,
this objective could not be achieved, as Levinthal noted,
because a formula describing such interactions could not,
given the state of molecular biological theory in 1965,
even be stated, let alone be manipulated with a finite
amount of labor. In Levinthal’s words:

The principal problem, therefore, is precisely how to
provide correct values for the variable angles. . . . I should
emphasize the magnitude of the problem that remains
even after one has gone as far as possible in using chemi-
cal constraints to reduce the number of variables from
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several thousand to a few hundred. . . . I therefore de-
cided to develop programs that would make use of a man-
computer combination to do a kind of model-building
that neither a man nor a computer could accomplish
alone. This approach implies that one must be able to
obtain information from the computer and introduce
changes in the way the program is running in a span of
time that is appropriate to human operation. This in turn
suggests that the output of the computer must be pre-
sented not in numbers but in visual form. (Levinthal,
1966, pp. 48–49)

In Levinthal’s view, visualization generated in real-time
interaction between human and machine can assist
theory construction. The computer becomes in effect
both a microscope for examining molecules as well as a
laboratory for quantitative experiment. Levinthal’s pro-
gram, CHEMGRAF, could be programmed with suffi-
cient structural information as input from physical and
chemical theory to produce a trial molecular configura-
tion as graphical output. A subsystem called SOLVE then
packed the trial structure by determining the local mini-
mum energy configuration due to non-bonded interac-
tive forces. A subroutine of this program, called EN-
ERGY, calculated the torque vector caused by the atomic
pair interactions on rotatable bond angles. An additional
procedure for determining the conformation of the
model structure was “cubing.” This procedure searched
for nearest neighbors of an atom in the center of a
3 × 3 × 3 cube and reported whether any atoms were in
the twenty-six adjacent cubes. The program checked for
atom pairs in the same or adjacent cubes and for atoms
within a specified distance. It maintained a list of pairs
that were, for instance, in contact violation, while an-
other routine calculated energy contribution of the pair
to the molecule. The cubing program rejected as early
as possible all those atom pairs where the interatomic
distance was too great to be of more than negligible
contribution, and it enabled more efficient use of com-
puter time.

Levinthal emphasized that interactivity was a cru-
cial component of CHEMGRAF. Built into his system
was the requirement of observing the result of the calcu-
lations interactively so that one could halt the minimi-
zation process at any step, either to terminate it com-
pletely or to alter the conformation and then resume it
(Katz & Levinthal, 1972).  Levinthal noted that often,
as the analytical procedures were grinding on, a mole-
cule would be trapped in an unfavorable conformation
or in a local minimum and the problem would be ob-

scure until the conformation could be viewed three-
dimensionally. CHEMGRAF enabled the investigator
to assist in generating the local minimization of energy
for a subsection of the molecule through three different
types of user-guided empirical manipulation of struc-
ture: “close,” “glide,” and “revolve.” These manipula-
tions in effect introduced external “pseudo-energy” terms
into the computation that pulled the structure in vari-
ous ways (Levinthal, Barry, Ward, & Zwick, 1968).  At-
oms could be rotated out of the way by direct command
and a new starting conformation chosen from which to
continue the minimization procedure. By pulling indi-
vidual atoms to specific locations indicated by experi-
mental data from X-ray diffraction studies, a fit between
X-ray crystallographic data and the computer model of
a specific protein, such as myoglobin, could ultimately
be achieved. With the model in hand of the target mole-
cule, such as myoglobin, one could then proceed to in-
vestigate the various energy terms involved in holding
the protein molecule together. Thus, the goal of this in-
teractive effort involving human and machine was even-
tually to generate a theoretical formulation for the low-
est energy state of a protein molecule, to predict its
structure, and to have that prediction confirmed by
X-ray crystallographic images (Hall, 1995).

The enormous number of redundant trial calcula-
tions involved in Levinthal’s work hints at the desir-
ability of combining an expert system with a visualiza-
tion system. E. J. Corey and W. Todd Wipke, working
nearby at Harvard, took this next step. (Space limita-
tions prevent me from discussing their work here.) In
developing their work, Wipke and Corey drew upon a
prototype expert system at Stanford called DENDRAL,
the result of a collaboration at Stanford among com-
puter scientist Edward Feigenbaum, biologist Joshua
Lederberg, and organic chemist Carl Djerassi, working
on another of the NIH initiatives to bring computers
directly into the laboratory. The Stanford project, called
DENDRAL, was an early effort in the field of what
Feigenbaum and his mentors Herbert Simon and Marvin
Minsky termed “knowledge engineering.” In effect, it
attempted to put the human inside the machine.

DENDRAL: The AI Approach at Stanford

DENDRAL aimed at emulating an organic chemist  op-
erating in the harsh environment of Mars (Lederberg,
n.d.; Lederberg, Sutherland, Buchanan, & Feigenbaum,
1969). The ultimate goal was to create an automated
laboratory as part of the Viking mission planned to land
a mobile instrument pod on Mars in 1975. Given the
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mass spectrum of an unknown compound, the specific
goal was to determine the structure of the compound.
To accomplish this, DENDRAL would analyze the data,
generate a list of plausible candidate structures, predict
the mass spectra of those structures from the theory of
mass spectrometry, and select as a hypothesis the struc-
ture whose spectrum most closely matched the data.

A key part of this program was the representation
of chemical structure in terms of topological graph
theory. Chemical graphs were the visual “language” to
augment the theoretical and practical knowledge of the
chemist with the calculating power of the computer. This
part of the effort was contributed by Lederberg, the win-
ner of the 1958 Nobel Prize in medicine or physiology,
for his work on genetic exchange in bacteria, who had
been interested in the introduction of information con-
cepts into biology for most of his professional life. Self-
described as a man with a Leibnizian dream of a uni-
versal calculus for the alphabet of human thought,
Lederberg’s interest in mass spectrometry and topologi-
cal mapping of molecules was in part driven by the dream
of mathematizing biology, starting with organic chem-
istry. The structures of organic molecules are bewilder-
ingly complex, and the “theory” of organic chemistry
does not have an elegant axiomatic structure analogous,
say, to Newtonian mechanics, even though it is sprinkled
with lots of theory derived from quantum mechanics
and thermodynamics. Lederberg felt that a first step to-
ward such a quantitative, predictive theory would be a
rational systematization of organic chemistry. Trampling
upon a purist’s notion of theory, Lederberg thought that
computers were the royal road to mathematization in
chemistry:

Could not the computer be of great assistance in the
elaboration of novel and valid theories? I can dream of
machines that would not only execute experiments in
physical and chemical biology but also help design them,
subject to the managerial control and ultimate wisdom
of their human programmer. (Lederberg, 1969)

Mass spectrometry, the area upon which Feigenbaum
and Lederberg concentrated with Carl Djerassi, was a
particularly appropriate challenge. It differed in at least
one crucial aspect from the molecular modeling of pro-
teins I have considered above. Whereas in those areas a
well-understood theory, such as the quantum mechani-
cal theory of the atomic bond, was the basis for devel-
oping the computer program to examine effects in large
calculations, there was no theory of mass spectrometry
that could be transferred to the program from a text-

book (Lederberg, Sutherland, Buchanan, & Feigenbaum,
1969).  The field has bits of theory to draw upon, but it
has developed mainly by following rules of thumb, which
are united in the form of the chemist-expert. The field
thrives on tacit knowledge. The following excerpt from
a memo by Feigenbaum written after his first meetings
with Lederberg on the DENDRAL project provides a
vivid sense of the objective and the problems faced:

The main assumption we are operating under is that the
required information is buried in chemists’ brains if only
we can extract it. Therefore, the initiative for the inter-
action must come from the system not the chemist, while
allowing the chemist the flexibility to supply additional
information and to modify the question sequence or con-
tent of the system. . . . What we want to design then is a
question asking system [that] will gather rules about the
feasibility of the chemical molecules and their subgraphs
being displayed. (“Second Cut,” n.d.)

In short, Feigenbaum sought to emulate a gifted chem-
ist with the computer. That chemist was Carl Djerassi,
nicknamed “El Supremo” by his graduate and post-
doctoral students. Djerassi’s astonishing achievements
as a mass spectrometrist relied on his abilities to feel his
way through the process without the aid of a complete
theory, relying rather on experience, tacit knowledge,
hunches, and rules of thumb. In interviews Feigenbaum
elicited this kind of information from Djerassi, in a pro-
cess that heightened awareness of the structure of the
field for both participants. The process of involving a
computer in chemical research in this way organized a
variety of kinds of information, which constituted a cru-
cial step toward theory.

A Paradigm Shift in Biology

Thus far I have been considering efforts to predict struc-
ture from physical principles as the first path through
which computer science and computer-based informa-
tion technology began to reshape biology. The Holy Grail
of biology has always been the construction of a mathe-
matized theoretical biology, and for most molecular
biologists the journey there has been directed by the
notion that the information for the three-dimensional
folding and structure of proteins is uniquely contained
in the linear sequence of their amino acids (Anfinsen,
1973).  As we have seen, the molecular dynamics ap-
proach assumed that if all the forces between atoms in a
molecule, including bond energies and electrostatic at-
traction and repulsion, are known, then it is possible to
calculate the three-dimensional arrangement of atoms
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that requires the least energy. Christian B. Anfinsen
(1973) discussed the work for which he was awarded
the Nobel Prize in chemistry in 1972:

This hypothesis (the “thermodynamic hypothesis”) states
that the three-dimensional structure of a native protein
in its normal physiological milieu . . . is the one in which
the Gibbs free energy of the whole system is lowest; that
is, that the totality of interatomic interactions and hence
by the amino acid sequence, in a given environment.
(P. 223)

Because this method requires intensive computer calcu-
lations, shortcuts have been developed that combine
computer-intensive molecular dynamics computations,
artificial intelligence, and interactive computer graphics
in deriving protein structure directly from chemical
structure.

While theoretically elegant, the determination of
protein structure from chemical and dynamical principles
has been hobbled with difficulties. In the abstract, analy-
sis of physical data generated from protein crystals, such
as X-ray and nuclear magnetic resonance data, should
offer rigorous ways to connect primary amino acid se-
quences to three-dimensional structure. But the prob-
lems of acquiring good crystals and the difficulty of get-
ting NMR data of sufficient resolution are impediments
to this approach. Moreover, while quantum mechanics
provides a solution to the protein-folding problem in
theory, the computational task of predicting structure
from first principles for large protein molecules contain-
ing many thousands of atoms has proved impractical.
Furthermore, unless it is possible to grow large, well-
ordered crystals of a given protein, X-ray structure
determination is not an option. The development of
methods of structure determination by high-resolution
two-dimensional NMR has alleviated this situation
somewhat, but this technique is also costly and time-
consuming, requiring large amounts of protein of high
solubility, and is severely limited by protein size. These
difficulties have contributed to the slow rate of progress
in registering atomic coordinates of macromolecules.

An indicator of the difficulty of pursuing this ap-
proach alone is suggested by the relatively slow growth
of databanks of atomic coordinates for proteins. The
Protein Data Bank (PDB) was established in 1971 as a
computer-based archival resource for macromolecu-
lar structures. The purpose of the PDB was to collect,

standardize, and distribute atomic coordinates and other
data from crystallographic studies. In 1977 the PDB
listed atomic coordinates for forty-seven macromolecules
(Bernstein et al., 1977).  In 1987 that number began to
increase rapidly at a rate of about 10 percent per year
because of the development of area detectors and wide-
spread use of synchrotron radiation; by April 1990
atomic coordinate entries existed for 535 macromole-
cules. Commenting on the state of the art in 1990,
Holbrook and colleagues (1993) noted that crystal de-
termination could require one or more man-years.  Cur-
rently (1999), the PDB’s Biological Macromolecule
Crystallization Database (BMCD) contains entries for
2,526 biological macromolecules for which diffraction
quality crystals have been obtained. These include pro-
teins, protein:protein complexes, nucleic acid, nucleic
acid:nucleic acid complexes, protein:nucleic acid com-
plexes, and viruses.1

While structure determination was moving at a
snail’s pace, beginning in the 1970s, another stream of
work contributed to the transformation of biology into
an information science. The development of restriction
enzymes, recombinant DNA techniques, gene cloning
techniques, and polymerase chain reactions (PCRs) re-
sulted in a flood of data on DNA, RNA, and protein
sequences. Indeed more than 140,000 genes were cloned
and sequenced in the twenty years from 1974 to 1994,
of which more than 20 percent were human genes
(Brutlag, 1994, p. 159).  By the early 1990s, well before
the beginning of the Human Genome Initiative, the NIH
GenBank database (release 70) contained more than
74,000 sequences, while the Swiss Protein database
(Swiss-Prot) included nearly 23,000 sequences. Protein
databases were doubling in size every twelve months,
and some were predicting that by the year 2000 ten
million base pairs a day would be sequenced as a result
of the technological impact of the Human Genome
Initiative. Such an explosion of data encouraged the de-
velopment of a second approach to determining the func-
tion and structure of protein sequences: namely, predic-
tion from sequence data alone. This “bioinformatics”
approach identifies the function and structure of un-
known proteins by applying search algorithms to exist-
ing protein libraries in order to determine sequence simi-
larity, percentages of matching residues, and the statistical
significance of each database sequence.

A key project illustrating the ways in which com-

1 Biological Macromolecule Crystallization Database and the NASA Archive for Protein Crystal Growth Data (version 2.00) are located on
the Web at http://www.bmcd.nist.gov:8080/bmcd/bmcd.html.
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puter science and molecular biology began to merge in
the formation of bioinformatics was the MOLGEN
project at Stanford and events related to the formation
and subsequent development of BIONET. MOLGEN
was a continuation of the projects in artificial intelli-
gence and knowledge engineering begun at Stanford with
DENDRAL. MOLGEN was started in 1975 as a project
in the Heuristic Programming Project with Edward
Feigenbaum as principal investigator directing the the-
sis projects of Mark Stefik and Peter Friedland (Feigen-
baum & Martin, 1977).  The aim of MOLGEN was to
model the experimental design activity of scientists in
molecular genetics (Friedland, 1979).  Before an experi-
mentalist sets out to achieve some goal, he produces a
working outline of the experiment, guiding each step of
the process. The central idea of MOLGEN was based
on the observation that scientists rarely plan from scratch
in designing a new experiment. Instead, they find a skele-
tal plan, an overall design that has worked for a related
or more abstract problem, and then adapt it to the par-
ticular experimental context. Like DENDRAL, this ap-
proach is heavily dependent upon large amounts of
domain-specific knowledge in the field of molecular bi-
ology and even more upon good heuristics for choosing
among alternative implementations.

MOLGEN’s designers chose molecular biology as
appropriate for the application of artificial intelligence
because the techniques and instrumentation generated
in the 1970s seemed ripe for automation. The advent of
rapid DNA cloning and sequencing methods had had
an explosive effect on the amount of data that could be
most readily represented and analyzed by a computer.
Moreover, it appeared that very soon progress in analyz-
ing information in DNA sequences would be limited by
the lack of an appropriate combination of search and
statistical tools. MOLGEN was intended to apply rules
to detect profitable directions for analysis and to reject
unpromising ones (Feigenbaum et al., 1980).

Peter Friedland was responsible for constructing the
knowledge-base component of MOLGEN. Though not
himself a molecular biologist, he made a major contri-
bution to the field by assembling the rules and tech-
niques of molecular biology into an interactive, com-
puterized system of analytical programs. Friedland
worked with Stanford molecular biologists Douglas
Brutlag, Laurence Kedes, John Sninsky, and Rosalind
Grymes, who provided expert knowledge on enzymatic
methods, nucleic acid structures, detection methods, and
pointers to key references in all areas of molecular bi-
ology. Along with providing an effective encyclopedia

of information about technique selection in planning a
laboratory experiment, the knowledge base contained a
number of tools for automated sequence analysis. Brut-
lag, Kedes, Sninsky, and Grymes were interested in hav-
ing a battery of automated tools for sequence analysis,
and they contracted with Friedland and Stefik—both
gifted computer program designers—to build these tools
in exchange for contributing their expert knowledge to
the project (Douglas Brutlag, personal communication;
Peter Friedland, personal communication). (In 1987,
after his work on MOLGEN and at IntelliGenetics [dis-
cussed below], Friedland went on to become chief sci-
entist at the NASA-Ames Laboratory for Artificial In-
telligence.)

This collaboration of computer scientists and mo-
lecular biologists helped move biology along the road to
becoming an information science. Among the programs
Friedland and Stefik created for MOLGEN was SEQ,
an interactive self-documenting program for nucleic acid
sequence analysis, which had thirteen different proce-
dures with over twenty-five different subprocedures,
many of which could be invoked simultaneously to pro-
vide various analytical methods for any sequence of in-
terest. SEQ brought together in a single program meth-
ods for primary sequence analysis described in the
literature by L. J. Korn and colleagues, R. Staden, and
numerous others (Korn, Queen, & Wegman, 1977);
Staden, 1977; Staden, 1978; Staden, 1979).  SEQ also
performed homology searches on DNA sequences and
specified the degree of homology, and conducted dyad
symmetry (inverted repeats) searches (Friedland, Brutlag,
Clayton, & Kedes, 1982).  Another feature of SEQ was
its ability to prepare restriction maps with the names
and locations of the restriction sites marked on the nucle-
otide sequence. In addition it had a facility for calculat-
ing the length of DNA fragments from restriction di-
gests of any known sequence. Another program in the
MOLGEN suite was GA1 (later called MAP). Con-
structed by Stefik, GA1 was an artificial intelligence pro-
gram that allowed the generation of restriction enzyme
maps of DNA structures from segmentation data (Ste-
fik, 1977).  It would construct and evaluate all logical
alternative models that fit the data and rank them in
relative order of fit. A further program in MOLGEN
was SAFE, which aided in enzyme selection for gene
excision. SAFE took amino acid sequence data and pre-
dicted the restriction enzymes guaranteed not to cut
within the gene itself.

In its first phase of development (1977–1980)
MOLGEN consisted of the programs described above
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and a knowledge base containing information on about
three hundred laboratory methods and thirty strategies
for using them. It also contained the best currently avail-
able data on about forty common phages, plasmids,
genes, and other known nucleic acid structures. The sec-
ond phase of development beginning in 1980 scaled up
the analytical tools and the knowledge base. Perhaps the
most significant aspect of the second phase was making
MOLGEN available to the scientific community at large
on the Stanford University Medical Experimental na-
tional computer resource, SUMEX-AIM. SUMEX-
AIM, supported by the Biotechnology Resources Pro-
gram at NIH since 1974, had been home to DENDRAL
and several other programs. The new experimental re-
source on SUMEX, comprising the MOLGEN programs
and access to all major genetic databases, was called
GENET. In February 1980 GENET was made avail-
able to a carefully limited community of users (Rind-
fleisch, Friedland, & Clayton, 1981).

MOLGEN and GENET were immediate successes
with the molecular biology community. In their first few
months of operation in 1980 more than two hundred
labs (with several users in each of those labs) accessed
the system. By 1 November 1982 more than three hun-
dred labs on the system around the clock accessed the
system from a hundred institutions (Douglas Brutlag,
personal communication; NIH Special Study Section,
1983; Lewin, 1984).  Traffic on the site was so heavy
that restrictions had to be implemented and plans for
expansion considered. In addition to the academic users
a number of biotech firms, such as Monsanto, Genen-
tech, Cetus, and Chiron, used the system heavily. Feigen-
baum, principal investigator in charge of the SUMEX
resource, and Thomas Rindfleisch, facility manager, de-
cided to exclude commercial users in order to ensure
that the academic community had unrestricted access
to the SUMEX computer and to answer the NIH’s con-
cern that commercial users gain unfair access to the re-
source (Maxam to GENET community, 1982).

To provide commercial users with their own unre-
stricted access to the GENET and MOLGEN programs,
Brutlag, Feigenbaum, Friedland, and Kedes formed a
company, IntelliGenetics, which would offer the suite
of MOLGEN software for sale or rental to the emerging
biotechnology industry. With 125 research labs doing
recombinant DNA research in the United States alone
and a number of new genetic engineering firms starting

up, opportunities looked outstanding. No one was cur-
rently supplying software in this rapidly growing genetic
engineering marketplace. With their exclusive licensing
arrangement with Stanford for the MOLGEN software,
IntelliGenetics was poised to lead a huge growth area.
The business plan expressed well the excellent position
of the company:

A major key to the success of IntelliGenetics will be the
fact that the recombinant DNA research revolution is so
recent. While every potential customer is well capital-
ized, few have the manpower they say they need; this
year several firms are hiring 50 molecular geneticist
Ph.D.s, and one company speaks of 1000 within five
years. These firms require computerized assistance—for
the storage and analysis of very large amounts of DNA
sequence information which is growing at an exponen-
tial rate—and will continue to do so for the foreseeable
future (10 years). Access to this information and the abil-
ity to perform rapid and efficient pattern recognition
among these sequences is currently being demanded by
most of the firms involved in recombinant DNA research.

The programs offered by IntelliGenetics will enable
the researchers to perform tasks that are: 1) virtually im-
possible to perform with hand calculations, and 2) ex-
tremely time-consuming and prone to human error. In
other words, IntelliGenetics offers researcher productivity im-
provement to an industry with expanding demand for more
researchers which is experiencing a severe supply shortage
[emphasis in original]. (“Business plan for IntelliGenetics,”
1981; Friedland to Reimers, 1984)2

The resource that IntelliGenetics eventually offered to
commercial users was BIONET. Like GENET, BIONET
combined all databases of DNA sequences with programs
to aid in their analysis in one computer site.

Prior to the startup of BIONET and contempora-
neous with GENET, other resources for DNA sequences
were developed. Several researchers were making their
databases available. Under the auspices of the National
Biomedical Research Foundation, Margaret Dayhoff had
created a database of DNA sequences and some soft-
ware for sequence analysis that was marketed commer-
cially. Walter Goad, a physicist at Los Alamos National
Laboratory, collected DNA sequences from the published
literature and made them freely available to researchers.
But by the late 1970s the number of bases sequenced
was already approaching three million and expected to

2 Details of the software licensing arrangement and the revenues generated are discussed in a letter to Niels Reimers, at the Stanford Office
of Technology Licensing, on the occasion of renegotiating the terms.
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double soon. Some form of easy communication between
labs for effective data handling was considered a major
priority in the biological community. While experi-
ments were going on with GENET, a number of na-
tionally prominent molecular biologists had been press-
ing to start an NIH-sponsored central repository for
DNA sequences. In 1979, at Rockefeller University,
Joshua Lederberg organized an early meeting with such
an agenda. The proposed NIH initiative was originally
supposed to be coordinated with a similar effort at the
European Molecular Biology Laboratory (EMBL) in
Heidelberg, but the Europeans became dissatisfied with
the lack of progress on the American end and decided
to go ahead with their own databank. EMBL announced
the availability of its Nucleotide Sequence Data Library
in April 1982, several months before the American
project was funded. Finally, in August 1982, the NIH
awarded a contract for $3 million over five years to
the Boston-based firm of Bolt, Berenek, and Newman
(BB&N) to set up the national database known as
GenBank in collaboration with Los Alamos National
Laboratory. IntelliGenetics submitted an unsuccessful
bid for that contract.

The discussions leading up to GenBank included
consideration of funding a more ambitious databank,
known as “Project 2,” which was to provide a national
center for the computer analysis of DNA sequences.
Budget cuts forced the NIH to abandon that scheme
(Lewin, 1984).  However, officials there returned to it
the following year, thanks to the persistence of Intelli-
Genetics representatives. Although GenBank launched
a formal national DNA sequence collection effort, the
need for computational facilities voiced by molecular
biologists was still left unanswered. In September 1983,
after a review process that took over a year, the NIH
division of research resources awarded IntelliGenetics a
$5.6 million five-year contract to establish BIONET
(Lewin, 1984).  The contract, the largest award of its
kind by the NIH to a for-profit organization (p. 1380),
started on 1 March 1984 and ended on 27 February
1989.

BIONET first became available to the research com-
munity in November 1984. The fee for use was $400
per year per laboratory and remained at that level
throughout its first five years. BIONET’s use grew im-
pressively. Initially the IntelliGenetics team set the tar-
get for user subscriptions at 250 labs. However, in March
1985, the annual report for the first year’s activities of
BIONET listed 350 labs with nearly 1,132 users. By
August 1985 that number had increased dramatically to

450 labs and 1,500 users (Minutes of the meeting,
1985).  In April 1986, for example, BIONET had 464
laboratories comprising 1,589 users. By October 1986
the numbers were 495 labs and 1,716 users (BIONET
users status, 1986).  By 1989, 900 laboratories in the
United States, Canada, Europe, and Japan (comprising
about 2,800 researchers) subscribed to BIONET, and
20 to 40 new laboratories joined each month (Huber-
man, 1989).

BIONET was intended to establish a national com-
puter resource for molecular biology satisfying three
goals, which it fulfilled to varying degrees. A first goal
was to provide a way for academic biologists to obtain
access to computational tools to facilitate research relat-
ing to nucleic acids and possibly proteins. In addition
to giving researchers ready access to national databases
on DNA and protein sequences, BIONET would pro-
vide a library of sophisticated software for sequence
searching, matching, and manipulation. A second goal
was to provide a mechanism to facilitate research into
improving such tools. The BIONET contract provided
research and development support of further software,
both in-house research by IntelliGenetics scientists and
through collaborative ventures with outside researchers.
A third goal of BIONET was to enhance scientific pro-
ductivity through electronic communications.

The stimulation of collaborative work through elec-
tronic communication was perhaps the most impressive
achievement of BIONET. BIONET was much more
than the Stanford GENET plus the MOLGEN–
IntelliGenetics suite of software. Whereas GENET with
its pair of ports could accommodate only two users at
any one time, BIONET had twenty-two ports provid-
ing an estimated annual thirty thousand connect hours
(Friedland, 1984; Smith, Brutlag, Friedland, & Kedes,
1986).  All subscribers to BIONET were provided with
e-mail accounts. For most molecular biologists this was
something entirely new, since most university labs were
just beginning to be connected with regular e-mail ser-
vice. At least twenty different bulletin boards on nu-
merous topics were supported by BIONET. In an effort
to change the culture of molecular biologists by accus-
toming them to the use of electronic communications
and more collaborative work, BIONET users were re-
quired to join one of the bulletin board groups.

BIONET subscribers had access to the latest ver-
sions of the most important databases for molecular
biology. Large databases available at BIONET were Gen-
Bank, the National Institutes of Health DNA sequence
library; EMBL, the European Molecular Biology
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Laboratory nucleotide sequence library; NBRF-PIR, the
National Biomedical Research Foundation’s protein se-
quence database, which is part of the Protein Identifica-
tion Resource [PIRI] supported by NIH’s Division of
Research Resources; SWISS-PROT, a protein sequence
database founded by Amos Bairoch of the University of
Geneva and subsequently managed and distributed by
the European Molecular Biology Laboratory; Vector-
Bank, IntelliGenetics’ database of cloning vector restric-
tion maps and sequences; Restriction Enzyme Library, a
complete list of restriction enzymes and cutting sites
provided by Richard Roberts at Cold Spring Harbor;
and Keybank, IntelliGenetics’ collection of predefined
patterns or “keys” for database searching. Several smaller
databases were also available, including a directory of
molecular biology databases, a collection of literature
references to sequence analysis papers, and a complete
set of detailed protocols for use in a molecular biologi-
cal laboratory (especially for Escherichia coli and yeast
work) (IntelliGenetics, 1987, p. 23).

Perhaps the most important contribution made by
BIONET to establishing molecular biology as an infor-
mation science did not materialize until the period of
the second contract for GenBank. As described above,
BB&N was awarded the first five-year contract to man-
age GenBank. The contract was up for renewal in 1987,
and on the basis of its track record in managing
BIONET, IntelliGenetics submitted a proposal to man-
age GenBank. GenBank users had become dissatisfied
with the serious delay in sequence data publication.
GenBank was two years behind in disseminating se-
quence data it had received (Douglas Brutlag, personal
communication, 19 June 1999).  At a meeting in Los
Alamos in 1986, Walter Goad noted that GenBank had
twelve million base pairs. Other sequence collections
available to researchers contained fourteen to fifteen mil-
lion base pairs, so that GenBank was at least 14 to 20
percent out of date (Boswell, 1987).  Concerned that
researchers would turn to other, more up-to-date data
sources, the NIH listed encouraging use as one of the
issues they wanted IntelliGenetics to address in their
proposal to manage GenBank (Duke, 1987).

IntelliGenetics proposed to solve this problem by
automating the submission of gene and protein se-
quences. The standard method up to that time required
an employee at GenBank to search the published scien-
tific literature laboriously for sequence data, rekey these
into a GenBank standard electronic format, and check
them for accuracy. IntelliGenetics would automate the

submission procedure with an online submission pro-
gram, XGENPUB (later called “AUTHORIN”).

In fact, IntelliGenetics was already progressing to-
ward automating all levels of sequence entry and (as
much as possible) analysis. As early as 1986 Intelli-
Genetics included SEQIN in PC/GENE, its commer-
cial software package designed for microcomputers.
SEQIN was designed for entering and editing nucleic
acid sequences, and it already had the functionality
needed to deposit sequences with GenBank or EMBL
electronically (“PC/Gene,” 1986).  Transferring this pro-
gram to the mainframe was a straightforward move. In-
deed the online entry of original sequence data was al-
ready a feature of BIONET, since large numbers of
researchers were using the IntelliGenetics GEL program
on the BIONET computer. GEL was a program that
accepted and analyzed data produced by all the popular
sequencing methods. It provided comprehensive record-
keeping and analysis for an entire sequencing project
from start to finish. The final product of the GEL pro-
gram was a sequence file suitable for analysis by other
programs, such as SEQ.XGENPUB, extended to this
capability by allowing the scientist to annotate a sequence
according to the standard GenBank format and mail the
sequence and its annotation to GenBank electronically.
The interface was a forms-oriented display editor that
would automatically insert the sequence in the appro-
priate place in the form by copying the sequence from a
designated file on the BIONET computer. When com-
pleted, it could be forwarded to the GenBank computer
at Los Alamos; the National Institutes of Health DNA
sequence library, EMBL; the nucleotide sequence data-
base from the European Molecular Biology Laboratory;
and NBRF-PIR, the National Biomedical Research
Foundation’s protein sequence database (Brutlag & Kris-
tofferson, 1988).

Creating a new culture requires both carrot and stick.
Making the online programs available and easy to use
was one thing. Getting all molecular biologists to use
them was another. In order to doubly encourage mo-
lecular biologists to comply with the new procedure of
submitting their data online, the major molecular bi-
ology journals agreed to require evidence that data had
been so submitted before they would consider a manu-
script for review. Nucleic Acids Research was the first jour-
nal to enforce this transition to electronic data submis-
sion (Brutlag & Kristofferson, 1988).  With these new
policies and networks in place, BIONET was able to
reduce the time from submission to publication and dis-
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tribution of new sequence data from two years to twenty-
four hours. As noted above, just a few years earlier, at
the beginning of BIONET, there were only ten million
base pairs published, and these had been the result of
several years’ effort. The new electronic submission of
data generated ten million base pairs a month (Douglas
Brutlag, personal communication, 19 June 1999; “Nom-
ination for Smithsonian-ComputerWorld Award,” n.d.).
Walter Gilbert may have angered some of his colleagues
at the 1987 Los Alamos Workshop on Automation in
Decoding the Human Genome when he stated that “Se-
quencing the human genome is not science, it is pro-
duction” (Boswell, 1987).  But he surely had his finger
on the pulse of the new biology.

The Matrix of Biology

The explosion of data on all levels of the biological con-
tinuum made possible by the new biotechnologies and
represented powerfully by organizations such as BIO-
NET was a source of both exhilaration and anxiety. Of
primary concern to many biologists was how best to or-
ganize this massive outpouring of data in a way that
would lead to deeper theoretical insight, perhaps even a
unified theoretical perspective for biology. The National
Institutes of Health were among those most concerned
about these issues, and they organized a series of work-
shops to consider the new perspectives emerging from
recent developments. The meetings culminated in a re-
port from a committee chaired by Harold Morowitz
titled Models for Biomedical Research: A New Perspective
(1985). The committee foresaw the emergence of a new
theoretical biology “different from theoretical physics,
which consists of a small number of postulates and the
procedures and apparatus for deriving predictions from
those postulates.” The new biology was far more than
just a collection of experimental observations. Rather it
was a vast array of information gaining coherence
through organization into a conceptual matrix (Moro-
witz, 1985, p. 21).  A point in the history of biology had
been reached where new generalizations and higher-
order biological laws were being approached but ob-
scured by the simple mass of data and volume of litera-
ture. To move toward this new theoretical biology, the
committee proposed a multidimensional matrix of bio-
logical knowledge:

That is the complete data base of published biological
experiments structured by the laws, empirical generali-
zations, and physical foundations of biology and con-

nected by all the interspecific transfers of information.
The matrix includes but is more than the computerized
data base of biological literature, since the search meth-
ods and key words used in gaining access to that base are
themselves related to the generalizations and ideas about
the structure of biological knowledge. (Morowitz, 1985,
p. 65)

New disciplinary requirements were imposed on the bi-
ologist who wanted to interpret and use the matrix of
biological knowledge:

The development of the matrix and the extraction of
biological generalizations from it are going to require a
new kind of scientist, a person familiar enough with the
subject being studied to read the literature critically, yet
expert enough in information science to be innovative
in developing methods of classification and search. This
implies the development of a new kind of theory geared
explicitly to biology with its particular theory structure.
It will be tied to the use of computers, which will be
required to deal with the vast amount and complexity of
the information, but it will be designed to search for gen-
eral laws and structures that will make general biology
much more easily accessible to the biomedical scientist.
(Morowitz, 1985, p. 67)

Similar concerns about managing the explosion of
new information motivated the Board of Regents of the
National Library of Medicine. In its Long Range Plan
of 1987 the NLM drew directly on the notion of the
matrix of biological knowledge and elaborated upon it
explicitly in terms of fashioning the new biology as
an information science (Board of Regents, 1987).  The
Long Range Plan contained a series of recommendations
that were the outcome of studies done by five different
panels, including a panel that considered issues con-
nected with building factual databases, such as sequence
databases.

In the view of the panel the field of molecular bi-
ology was opening the door to an era of unprecedented
understanding and control of life processes, including
“automated methods now available to analyze and mod-
ify biologically important macromolecules” (Board of
Regents, 1987, p. 26).  The report characterized biomedi-
cal databases as representing the universal hierarchy of
biological nature: cells, chromosomes, genes, proteins.
Factual databases were being developed at all levels of
the hierarchy, from cells to base-pair sequences. Because
of the complexity of biological systems, basic research
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in the life sciences was increasingly dependent on auto-
mated tools to store and manipulate the large bodies of
data describing the structure and function of important
macromolecules. The NIH Long Range Plan stated,
however, that the critical questions being asked could
often only be answered by relating one biological level
to another, but methods for automatically suggesting
links across levels were nonexistent (Board of Regents,
1987, pp. 26–27).

A singular and immediate window of opportunity exists
for the Library in the area of molecular biology informa-
tion. Because of new automated laboratory methods, ge-
netic and biochemical data are accumulating far faster than
they can be assimilated into the scientific literature. The
problems of scientific research in biotechnology are in-
creasingly problems of information science. By applying
its expertise in computer technologies to the work of un-
derstanding the structure and function of living cells on a
molecular level, NLM can assist and hasten the Nation’s
entry into a remarkable new age of knowledge in the bio-
logical sciences. (Board of Regents, 1987, p. 29)

To support and promote the entry into the new age of
biological knowledge, the NIH recommended building
a National Center for Biotechnology Information to
serve as a repository and distribution center for this grow-
ing body of knowledge and as a laboratory for develop-
ing new information analysis and communications tools
essential to the advance of the field. The proposal rec-
ommended $12.75 million per year for 1988–1990, with
an additional $10 million per year for work in medical
informatics (Board of Regents, 1987, pp. 46–47).  The
program would emphasize collaboration between com-
puter and information scientists and biomedical research-
ers. In addition the NIH would support research in
the areas of molecular biology database representation,
retrieval-linkages, and modeling systems, while examin-
ing interfaces based on algorithms, graphics, and expert
systems. The recommendation also called for the con-
struction of online data delivery through linked regional
centers and distributed database subsets.

Brave New Theory

Two different styles of work have characterized the field
of molecular biology. The biophysical approach has sought
to predict the function of a molecule from its structure.
The biochemical approach, on the other hand, has been
concerned with predicting phenotype from biochemical
function. If there has been a unifying framework for the
field, at least from its early days up through the 1980s, it

was provided by the “central dogma” emerging from the
work of James Watson, Francis Crick, Monod, and Jacob
in the late 1960s, schematized as follows:

DNA → RNA → Protein → Function

In this paper I have singled out molecular biologists
whose Holy Grail has always been to construct a mathe-
matized, predictive biological theory. In terms of the
“central dogma” the measure of success in the enterprise
of making biology predictive would be—and has been
since the days of Claude Bernard—rational medicine. If
one had a complete grasp of all the levels from DNA to
behavioral function, including the processes of transla-
tion at each level, then one could target specific proteins
or biochemical processes that may be malfunctioning
and design drugs specifically to repair these disorders.
For those molecular biologists with high theory ambi-
tions, the preferred path toward achieving this goal has
been based on the notion that the function of a mole-
cule is determined by its three-dimensional folding and
that the structure of proteins is uniquely contained in
the linear sequence of their amino acids (Anfinsen,
1973). But determination of protein structure and func-
tion is only part of the problem confronting a theoreti-
cal biology. A fully fledged theoretical biology would
want to be able to determine the biochemical function
of the protein structure as well as its expected behavioral
contribution within the organism. Thus biochemists
have resisted the road of high theory and have pursued a
solidly experimental approach aimed at eliciting com-
mon models of biochemical function across a range of
mid-level biological structures from proteins and en-
zymes through cells. Their approach has been to iden-
tify a gene by some direct experimental procedure—
determined by some property of its product or other-
wise related to its phenotype—to clone it, to sequence
it, to make its product, and to continue to work experi-
mentally so as to seek an understanding of its function.
This model, as Walter Gilbert has observed, was suited
to “small science,” experimental science conducted in a
single lab (Gilbert, 1991, p. 99).

The emergence of organizations like the Brookhaven
Protein Data Bank in 1971, GenBank in 1982, and
BIONET in 1984, and the massive amount of sequenc-
ing data that began to become available in university
and company databases, and more recently publicly
through the Human Genome Initiative, has complicated
this picture immensely through an unprecedented influx
of new data. In the process a paradigm shift has occurred
in both the intellectual and institutional structures of
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biology. According to some of the central players in this
transformation, at the core is biology’s switch from hav-
ing been an observational science, limited primarily by
the ability to make observations, to being a data-bound
science limited by its practitioners’ ability to understand
large amounts of information derived from observations.
To understand the data, the tools of information sci-
ence have not only become necessary handmaidens to
theory; they have also fundamentally changed the pic-
ture of biological theory itself. A new picture of theory
radically different from even the biophysicists’ model of
theory has come into view. In terms of discipline bi-
ology has become an information science. Institution-
ally, it is becoming “Big Science.” Gilbert characterizes
the situation sharply:

To use this flood of knowledge, which will pour across
the computer networks of the world, biologists not only
must become computer-literate, but also change their
approach to the problem of understanding life.

The next tenfold increase in the amount of informa-
tion in the databases will divide the world into haves and
have-nots, unless each of us connects to that informa-
tion and learns how to sift through it for the parts we
need. (Gilbert, 1991)

The new data-bound biology implied in Gilbert’s sce-
nario is genomics. The theoretical component of geno-
mics might be termed computational biology, while its
instrumental and experimental component might be
considered bioinformatics. The fundamental dogma of
this new biology, as characterized by Douglas Brutlag,
reformulates the central dogma of Jacob-Monod in terms
of “information flow” (Brutlag, 1994):

Genetic → Molecular → Biochemical → Biologic
information structure function behavior

Walter Gilbert describes the newly forming genomic
view of biology:

The new paradigm now emerging is that all the “genes”
will be known (in the sense of being resident in data-
bases available electronically), and that the starting point
of a biological investigation will be theoretical. An indi-
vidual scientist will begin with a theoretical conjecture,
only then turning to experiment to follow or test that
hypothesis. The actual biology will continue to be done
as “small science”—depending on individual insight and
inspiration to produce new knowledge—but the reagents
that the scientist uses will include a knowledge of the
primary sequence of the organism, together with a list of

all previous deductions from that sequence. (Gilbert,
1991, p. 99)

Genomics, computational biology, and bioinformatics
restructure the playing field of biology, bringing a sub-
stantially modified toolkit to the repertoire of molecu-
lar biology skills developed in the 1970s. Along with
the biochemistry components, new skills are now re-
quired, including machine learning, robotics, databases,
statistics and probability, artificial intelligence, informa-
tion theory, algorithms, and graph theory (Douglas
Brutlag, personal communication).

Proclamations of the sort made by Gilbert and other
promoters of genomics may seem like hyperbole. But
the Human Genome Initiative and the information tech-
nology that enables it have fundamentally changed mo-
lecular biology, and indeed, may suggest similar changes
in store for other domains of science. The online DNA
and protein databases that I have described have not just
been repositories of information for insertion into the
routine work of molecular biology, and the software pro-
grams discussed in connection with IntelliGenetics and
GenBank are more than retrieval aids for transporting
that information back to the lab. As a set of final reflec-
tions, I want to look in more detail at some ways this
software has been used to address the problems of mo-
lecular biology in order to gain a sense of the changes
taking place.

Biology in Silico

To appreciate the relationship between genomics and
earlier work in molecular biology, it is useful to com-
pare approaches to the determination of structure and
function. Rather than an approach deriving structure
and function from first principles of the dynamics of
protein folding, the bioinformatics approach involves
comparing new sequences with preexisting ones and dis-
covering structure and function by homology to known
structures. This approach examines the kinds of amino
acid sequences or patterns of amino acids found in each
of the known protein structures. The sequences of pro-
teins whose structure have already been determined
and are already on file in the PDP are examined to infer
rules or patterns applicable to novel protein sequences
to predict their structure. For instance, certain amino
acids, such as leucine and alanine, are very common in
α-helical regions of proteins, whereas other amino ac-
ids, such as proline, are rarely if ever found in α-helices.
Using patterns of amino acids or rules based on these
patterns, the genome scientist can attempt to predict
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where helical regions will occur in proteins whose struc-
ture is unknown and for which a complete sequence
exists. Clearly the lineage in this approach is work on
automated learning first begun in DENDRAL and car-
ried forward in other AI projects related to molecular
biology such as MOLGEN.

The great challenge in the study of protein struc-
ture has been to predict the fold of a protein segment
from its amino acid sequence. Before the advent of se-
quencing technology it was generally assumed that
each unique protein sequence would produce a three-
dimensional structure radically different from every other
protein. But the new technology revealed that protein
sequences are highly redundant: Only a small percent-
age of the total sequence is crucial to the structure and
function of the protein. Moreover, while similar protein
sequences generally indicate similarly folded conforma-
tions and functions, the converse does not hold. In some
proteins, such as the nucleotide-binding proteins, the
structural features encoding a common function are con-
served, while primary sequence similarity is almost non-
existent (Rossman, Moras, & Olsen, 1974; Creighton,
1983; Birktoft & Banaszak, 1984).  Methods that de-
tect similarities solely at the primary sequence level
turned out to have difficulty addressing functional asso-
ciations in such sequences. A number of features often
only implicit in the protein’s linear or primary sequence
of twenty possible amino acids turned out to be impor-
tant in determining structure and function.

Such findings implied the need for more sophisti-
cated techniques of searching than simply finding iden-
tical matches between sequences in order to elicit in-
formation about similarities between higher-ordered
structures such as folds. One solution adopted early on
by programs such as SEQ was to assume that if two DNA
segments are evolutionarily related, their sequences will
probably be related in structure and function. The re-
lated descendants are identifiable as homologues. For
instance, there are more than 650 globin sequences (as
in myoglobin or hemoglobin) in the protein sequence
databases, all of them very similar in structure. These
sequences are assumed to be related by evolutionary de-
scent rather than having been created de novo. Many
programs for searching sequence databases have been
written, including an important early method written
in 1970 by S. B. Needleman and C. D. Wunsch and
incorporated into SEQ for aligning sequences based on
homologies (Needleman & Wunsch, 1970).  The method
of homology depends upon assumptions related to the
genetic events that could have occurred in the divergent

(or convergent) evolution of proteins; namely, that ho-
mologous proteins are the result of gene duplication and
subsequent mutations. If one assumes that after the du-
plication point mutations occur at a constant or vari-
able rate, but randomly along the genes of the two pro-
teins, then after a relatively short period of time the
protein pairs will have nearly identical sequences. Later
there will be gaps in the shared sets of base-pairs be-
tween the two proteins. Needleman and Wunsch deter-
mined the degree of homology between protein pairs by
counting the number of non-identical pairs (amino acid
replacements) in the homologous comparison and us-
ing this number as a measure of evolutionary distance
between the amino acid sequences. A second approach
was to count the minimum number of mutations repre-
sented by the non-identical pairs.

Another example of a key tool used in determining
structure-function relationship is a search for sequences
that correspond to small conserved regions of proteins,
modular structures known as motifs. Since insertions
and deletions (gaps) within a motif are not easily handled
from a mathematical point of view, a more technical
term, “alignment block,” has been introduced that re-
fers to conserved parts of multiple alignments contain-
ing no insertions or deletions (Bork & Gibson, 1996).

Several different kinds of motifs are related to sec-
ondary and tertiary structure. Protein scientists distin-
guish among four hierarchical levels of structure. Pri-
mary structure is the specific linear sequence of the
twenty possible amino acids making up the building
blocks of the protein. Secondary structure consists of
patterns of repeating polypeptide structure within an
α-helix, β-sheet, and reverse turns. Supersecondary struc-
ture refers to a few common motifs of interconnected
elements of secondary structure. Segments of α-helix
and β-strand often combine in specific structural mo-
tifs. One example is the α-helix-turn-helix motif found
in DNA-binding proteins. This motif contains twenty-
two amino acids in length that enable it to bind to DNA.
Another motif at the supersecondary level is known as
the Rossmann fold, in which three α-helices alternate
with three parallel β-strands. This has turned out to be a
general fold for binding mono- or dinucleotides and is
the most common fold observed in globular proteins
(Richardson & Richardson, 1989).

A higher order of modular structure is found at the
tertiary level. Tertiary structure is the overall spatial ar-
rangement of the polypeptide chain into a globular mass
of hydrophobic side chains forming the central core, from
which water is excluded, and more polar side chains fa-
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voring the solvent-exposed surface. Within tertiary struc-
tures are certain domains on the order of a hundred
amino acids, which are themselves structural motifs.
Domain motifs have been shown to be encoded by ex-
ons, individual DNA sequences that are directly trans-
lated into peptide sequences. Assuming that all contem-
porary proteins have been derived from a small number
of original ones, Walter Gilbert and colleagues have ar-
gued that the total number of exons from which all ex-
isting protein domains have been derived is somewhere
between one thousand and seven thousand (Dorit,
Schoenback, & Gilbert, 1990).

Motifs are powerful tools for searching databases of
known structure and function to determine the struc-
ture and function of an unknown gene or protein. The
motif can serve as a kind of probe for searching the
database or some new sequence, testing for the presence
of that motif. The PROCITE database, for example, has
more than a thousand of these motifs (Bairoch, 1991).
With such a library of motifs one can take a new se-
quence and use each one of the motifs to get clues about
its structure. Suppose, for example, the sequence of a
gene or protein has been determined. Then the most
common way to investigate its biologic function is sim-
ply to compare its sequence with all known DNA or
protein sequences in the databases and note any strong
similarities. The particular gene or protein that has just
been determined will of course not be found in the
databases, but a homologue from another organism or a
gene or protein having a related function may be found.
The evolutionary similarity implies a common ancestor
and hence a common function. Searching with motif
probes refines the determination of the fold regions of
the protein. These methods become more and more suc-
cessful as the databases grow larger and as the sensitivity
of the search procedure increases. Bork, Ouzounis, and
Sander (1994) state that the likelihood of identifying
homologues is currently higher than 80 percent for bac-
teria, 70 percent for yeast, and about 60 percent for ani-
mal sequence series (Bork & Gibson, 1996).

The all-or-nothing character of consensus sequences—
a sequence either matches or it does not—led research-
ers to modify this technique to introduce degrees of simi-
larity among aligned sequences as a way of detecting
similarities between proteins, even distantly related ones.
Knowing the function of a protein in some genome, such
as E. coli, for instance, might suggest the same function
of a closely related protein in an animal or human ge-
nome (Patthy, 1996).  Moreover, as noted above, differ-
ent amino acids can fit the same pattern, such as the

helix-turn-helix, so that a representation of sequence
pattern in which alternative amino acids are acceptable,
as well as regions in which a variable number of amino
acids may occur, are desirable ways of extending the
power of straightforward consensus sequence compari-
son. One such technique is to use weights or frequen-
cies to specify greater tolerance in some positions than
in others. An illustration of the success of this approach
is provided by the DNA-binding proteins mentioned
above, which contain a helix-turn-helix motif twenty-
two acids in length (Brennan & Mathews, 1989).  Com-
parison of the linear amino acid sequences of these
proteins revealed no consensus sequence that could dis-
tinguish them from any other protein. A weight matrix
is constructed by determining the frequency with which
each amino acid appears at each position, and then con-
verting these numbers to a measure of the probability of
occurrence of each acid. This weight matrix can be ap-
plied to measure the likelihood that any given sequence
twenty-two amino acids long is related to the helix-turn-
helix family. A further modification of the weight ma-
trix is the profile, which allows one to estimate the prob-
ability that any amino acid will appear in a specific
position (Gribskov et al., 1987; Gribskov et al., 1988).

In addition to consensus sequences, weight ma-
trices, and profiles, a further class of strategies for deter-
mining structure-function relations are various sequence
alignment methods. In order to detect homologies be-
tween distantly related proteins, one method is to assign
a measure of similarity to each pair of amino acids, and
then add up these pairwise scores for the entire align-
ment (Schwartz & Dayhoff, 1979).  Related proteins will
not have identical amino acids aligned, but they do have
chemically similar or replaceable amino acids in similar
positions. In a scoring method developed by R. M.
Schwartz and M. O. Dayhoff, for example, amino acid
pairs that are identical or chemically similar were given
positive scores, and pairs of amino acids that are not
related were assigned negative similarity scores.

A dramatic illustration of how sequence alignment
tools can be brought to bear on determining function
and structure is provided by the case of cystic fibrosis.
Cystic fibrosis is caused by aberrant regulation of chlo-
ride transport across epithelial cells in the pulmonary
tree, the intestine, the exocrine pancreas, and apocrine
sweat glands. This disorder was identified as being caused
by defects in the cystic fibrosis transmembrane conduc-
tance regulator protein (CFTR). After the CFTR gene
was isolated in 1989, its protein product was identi-
fied as producing a chloride channel, which depends for
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its activity on the phosphorylation of particular resi-
dues within the regulatory region of the protein. Using
computer-based sequence alignment tools of the sort de-
scribed above, it was established that a consensus se-
quence for nucleotide binding folds that bind ATP are
present near the regulatory region and that 70 percent
of cystic fibrosis mutations are accounted for by a three
base-pair deletion that removes a phenylalanine residue
within the first nucleotide-binding position. A significant
portion of the remainder of cystic fibrosis mutations af-
fect a second nucleotide-binding domain near the regu-
latory region (Hyde et al., 1990; Kerem et al., 1989;
Kerem et al., 1990; Riordan et al., 1989).

In working out the folds and binding domains for
the CFTR protein, S. C. Hyde, P. Emsley, M. J. Hart-
shorn, and colleagues (1990) used sequence alignment
methods similar to those available in early models of the
IntelliGenetics software suite. They used the Chou-
Fasman algorithm (1973) for identifying consensus se-
quences and the Quanta modeling package produced
by Polygen Corporation (Waltham, Massachusetts) for
modeling the protein and its binding sites (Hyde et al.,
1990).  In 1992 IntelliGenetics introduced BLAZE, an
even more rapid search program running on a massively
parallel computer. As an example of how computational
genomics can be used to solve structure-function prob-
lems in molecular biology, Brutlag repeated the CFTR
case using BLAZE (Brutlag, 1994). A sequence simi-
larity search compared the CFTR protein to more than
twenty-six thousand proteins in a protein database of
more than nine million residues, resulting in a list of
twenty-seven top similar proteins, all of which strongly
suggested the CFTR protein is a membrane protein in-
volved in secretion. Another feature of the comparison
result was that significant homologies were shown with
ATP-binding transport proteins, further strengthening
the identification of CFTR as a membrane protein. The
search algorithm identified two consensus sequence
motifs in the protein sequence of the cystic fibrosis gene
product that corresponded to the two sites on the pro-
tein involved in binding nucleotides. The search also
turned up distant homologies between the CFTR pro-
tein and proteins in E. coli and yeast. The entire search
took three hours. Such examples offer convincing evi-
dence that tools of computational molecular biology can
lead to the understanding of protein function.

The methods for analyzing sequence data discussed
above were just the beginnings of an explosion of data-
base mining tools for genomics that is continuing to
take place.3 In the process biology is becoming even more
aptly characterized as an information science (Hughes
et al., 1999; IntelliGenetics & MasPar Computer Cor-
poration, 1992).  Advances in the field have led to large-
scale automation of sequencing in genome centers em-
ploying robots. The success this large-scale sequencing
of genes has enjoyed has in turn spawned a similar ap-
proach to applying automation to sequencing proteins,
a new area complementary to genomics called pro-
teomics. Similar in concept to genomics, which seeks to
identify all genes, proteomics aims to develop techniques
that can rapidly identify the type, amount, and activi-
ties of the thousands of proteins in a cell. Indeed, new
biotechnology companies have started marketing tech-
nologies and services for mining protein information en
masse. Oxford Glycosciences (OGS) in Abingdon, En-
gland, has automated the laborious technique of two-
dimensional gel electrophoresis.4  In the OGS process
an electric current applied to a sample on a polymer gel
separates the proteins, first by their unique electric charge
characteristics and then by size. A dye attaches to each
separated protein arrayed across the gel. Then a digital
imaging device automatically detects protein levels by
how much the dye fluoresces. Each of the five thousand
to six thousand proteins that may be assayed in a sample
in the course of a few days is channeled through a mass
spectrometer that determines its amino acid sequence.
The identity of a protein can be determined by compar-
ing the amino acid sequence with information contained
in numerous gene and protein databases. One imaged
array of proteins can be contrasted with another to find
proteins specific to a disease.

In order to keep pace with this flood of data emerg-
ing from automated sequencing, genome researchers have
in turn looked increasingly to artificial intelligence,
machine learning, and even robotics in developing au-
tomated methods for discovering patterns and protein
motifs from sequence data. The power of these methods
is their ability both to represent structural features rather
than strictly evolutionary steps and to discover motifs
from sequences automatically. The methods developed
in the field of machine learning have been used to ex-
tract conserved residues, discover pairs of correlated resi-

3 See, for instance, the National Institute of General Medical Science (NIGMS) “Protein Structure Initiative Meeting Summary,” 24 April
1998 at http://www.nih.gov/nigms/news/reports/protein_structure.html.
4 See the discussion of this technology at the site of Oxford Glycosciences: http://www.ogs.com/proteome/home.html.



Shaping Biomedicine as an Information Science 43

dues, and find higher-order relationships between resi-
dues as well. Techniques from the field of machine learn-
ing have included perceptrons, discriminant analysis,
neural networks, Bayesian networks, hidden Markov
models, minimal length encoding, and context-free
grammars (Hunter, 1993).  Important methods for evalu-
ating and validating novel protein motifs have also de-
rived from the machine learning area.

An example of this effort to scale up and automate
the discovery of structure and function is EMOTIF (for
“electronic-motif”), a program for discovering conserved
sequence motifs from families of aligned protein se-
quences developed by the Brutlag Bioinformatics Group
at Stanford (Nevill-Manning et al., 1998).5  Protein se-
quence motifs are usually generated manually with a
single “best” motif optimized at one level of specificity
and sensitivity. Brutlag’s aim was to automate this pro-
cedure. An automated method requires knowledge about
sequence conservation. For EMOTIF, this knowledge is
encoded as a particular allowed set of amino acid substi-
tution groups. Given an aligned set of protein sequences,
EMOTIF works by generating a set of motifs with a
wide range of specificities and sensitivities. EMOTIF
can also generate motifs that describe possible subfami-
lies of a protein superfamily. The EMOTIF program
works by generating a new database, called IDENTIFY,
of fifty thousand motifs from the combined seven
thousand protein alignments in two widely used pub-
lic databases, the PRINTS and BLOCKS databases.
By changing the set of substitution groups, the algo-
rithm can be adapted for generating entirely new sets of
motifs.

Highly specific motifs are well suited for searching
entire proteomes. IDENTIFY assigns biological func-
tions to proteins based on links between each motif and
the BLOCKS or PRINTS databases that describe the
family of proteins from which it was derived. Because
these protein families typically have several members, a
match to a motif may provide an association with sev-
eral other members of the family. In addition, when a
match to a motif is obtained, that motif may be used to
search sequence databases, such as SWISS-PROT and
GenPept, for other proteins that share this motif. In their
paper introducing these new programs C. G. Nevill-
Manning, T. D. Wu, and Brutlag showed that EMOTIF
and IDENTIFY successfully assigned functions auto-
matically to 25 to 30 percent of the proteins in several
bacterial genomes and automatically assigned functions

to 172 proteins of previously unknown function in the
yeast genome.

Many molecular biologists who welcomed the Hu-
man Genome Initiative with open arms undoubtedly
believed that when the genome was sequenced everyone
would return to the lab to conduct their experiments in
a business-as-usual fashion, empowered with a richer set
of fundamental data. The developments in automation,
the resulting explosion of data, and the introduction of
tools of information science to master this data have
changed the playing field forever: There may be no “lab”
to return to. In its place is a workstation hooked to a
massively parallel computer, producing simulations by
drawing on the data streams of the major databanks,
and carrying out “experiments” in silico rather than in
vitro. The result of biology’s metamorphosis into an in-
formation science just may be the relocation of the lab
to the industrial park and the dustbin of history.
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