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Problems of protein
structure
Our research focuses on two important problems in
molecular biology, both critical componentsof the HumanGenomeProject. The first problemis that of protein folding, whereour emphasisis on prediction of secondary structure from primary sequencedata. The second problemis identification of the motifs, or building
blocks, from whichall proteins are constructed. Below
we summarizeour past results and current approaches
to these problems.
Protein folding
Weconsider two approaches to protein folding. Our
past work used a memory-based(nearest-neighbor)
method, and our current work uses Bayesian methods.
Memory-based
methods
The disciplines of machinelearning and pattern recognition have for manyyears been exploring methodsfor
classification. The protein folding problemfalls into
the set of problemsappropriate for these methods. We
transform the probleminto a classification problemby
taking a string of aminoacids and attempting to label
each character with the nameof the secondarystructure
class to whichit belongs. Nearest-neighborclassification, a memory-basedmethod that has been studied
since the early 1950s (Fix & Hodges,1952), is one
the most well-knownmethods that might be used for
this task. Morerecent methodshave emphasizedbuilding modelsin the form of rules, decision trees (Quinlan, 1986), or hyper-rectangles (Salzberg, 1991),
the nearest-neighbor methodis probably the simplest
algorithm for performingclassification. However,when
the feature values havesymbolic,unorderedvalues (e.g.,
the 20 aminoacids in a globular protein, whichhaveno
natural inter-value "distance"), nearest-neighbormethods typically resort to muchsimpler metrics, such as
Hammingdistance. The Hammingdistance between
two aminoacid strings is simply the numberof positions for whichthe two strings mismatch.Simpler metrics, however,mayfail to capture the complexityof the
problemdomains,and as a result maynot performwell.
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Our algorithm enhances standard nearest-neighbor
by first constructing (from the training data) a distance metric that gives a numericdistance betweenany
two aminoacids, and then attaching weights to individual examples.Intuitively, the distance measurecaptures the correlation betweeneach two amino acids in
the context of the prediction task. A similar technique
has been used in Zhanget ai. (1992). The combination of this distance metric and the instance weights
results in a robust nearest-neighborlearning algorithm
that worksfor any domainwith symbolicfeature values.
Our implementationperformsas well as any previouslyreported methodfor predicting protein secondarystructure. Its training time is muchfaster than the neural
net methodsthat have been used for this problem. In
addition, it is easy to parallelize our algorithmfor even
greater speed-ups, as we have shown by implementing our system on a parallel machine. This method,
described in detail in (Cost and Salzberg 1991), has
achieved
accuracy
of 71.0%on a datasetof I00proteins.
Inanearlier
study
using
thesamedata,
theback
propagation
algorithm
achieved
64.3%accuracy
(Qian
& Sejnowski,
1988).
Morerecently,
another
studyby
Zhang
et al.(1992)
described
ona hybrid
method
that
achieves 66.4%accuracy on a different data set consisting of 107 proteins. All of these methodscompare
favorably to earlier techniques (e.g., Lim, 1974; Chou
& Fasman,1978; Gamieret al., 1978).
A Bayesian

approach

Oneproblem with manyof the previous approaches for
predicting secondarystructure is that they do not produce a qualitative description of the problem domain
(e.g., rules). Wehave devised a simple probabilistic
approach that synthesizes an evidence network from
whichone can extract qualitative rules. Therules of the
networkare precise probabilistic Bayesianconstraints
of the form: given this information about a protein,
the probability that a specific secondarystructure will
occur is p. Probabilistic reasoning is a growingdiscipline in AI, and it has been used in speech processing,
automated diagnosis, and more recently in common-
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sense reasoning. Weare interested in using this framework to devise probabilistic belief networks (e.g., causal
trees such as those developed by Pearl (1988)) for
wide range of tasks involving scientific analysis of data.
Previous work in AI on scientific discovery has been
based on a different paradigm. Our current work is
aimed at using the belief network frameworkto discover
new rules about protein folding. The well-done study
by Zhang et al. (1992) describes another probabilistic
method for the same problem which is similar in spirit
to our approach.

Searching for motifs
It has been conjectured by several prominent molecular
biologists (John Gilbert, Hamilton Smith and others)
that all proteins were formed from a commonset of
motifs, or building blocks. This conjecture is based on
the hypothesis that nature typically does not tend to
invent new mechanisms, but rather reuses and modifies
old ones. These motifs (sequences of conserved aminoacids) are, presumably, short sequences of amino acids
that can be found in proteins from widely varying life
forms. However, until recently it has been impossible
to gather evidence supporting this hypothesis, because
of the lack of sequence data. With the growth of the
protein sequence data base in recent years, it now may
be possible to find motifs and perhaps to refine and verify this conjecture. Finding these building blocks could
revolutionize molecular biology and protein structure
research. Work has begun recently at a small number
of places, including Johns Hopkins, to develop methods
for finding motifs (Smith et al. 1990).
Most of the work on searching protein sequences
has focused on pairwise sequence alignment, with some
more recent algorithms dedicated to multiple sequence
alignment. Optimal multiple sequence alignment problems are typically NP-hard, and solution methods typically use greedy heuristic methods. However,even these
heuristic algorithms are too expensive to apply to large
sets of proteins, since their complexityis usually O(nm),
for m proteins of length n (Lipman et al. 1989. The
motif problem does not require alignment of entire proteins, since motifs are only small subsequences, and thus
less expensive algorithms may be devised.
Our current approach uses clustering methods to attempt to find significant clusters of short sequences, in
which the average intra-cluster distance is minimized,
while the inter-cluster distance is maximized. To test
our approach, we have gathered a large database containing over 2000 proteins, with the help of collaborators from the Human GenomeDatabase (Prof. Ken
Fasman) and in the Department of Molecular Biology
(Prof. Hamilton Smith). Our current algorithms have
quadratic complexity, and the size of this database
presents a computationally expensive problem: the
database has over 600,000 strings that are considered
to be candidate motifs, where each such string is of
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length k. (We vary k in our experiments, but the number of strings is basically the same for 10 < k < 50.)
Thus a quadratic algorithm requires roughly 3.6x 1011
iterations. In order to avoid this expensive calculation,
we have chosen heuristic methods such as the following:
choose a small numberof proteins (e.g., 100), find good
candidate motifs, and then search the entire database to
determine whether or not those motifs occur frequently
across all proteins. Wehave also devised a simple data
structure which is a variant of discrimination net (trie).
The data structure compresses the data using a labelled
tree. Each path in the tree is a prefix of some string
in the database. Thus, all strings that share a common
prefix are sons of the same node. This saves us from
comparing the same prefixes over and over. The data
structure will allow us to achieve substantial constant
speed-up for clustering.
Critical

issues
for discussion
presentations

and

Scientific analysis of data is a very important application area for AI research. Traditional methods of data
analysis, e.g., regression analysis, typically do not function adaptively and require substantial user guidance.
They do not generate hierarchical concept descriptions
(e.g, decision trees or rules). Theydo not generate qualitative domain descriptions. They do not generate experiments to validate partially constructed models.
Webelieve the ultimate data analysis system using
AI techniques will integrate a variety.of data analysis
tools and will do all of the above. It should have a
wide range of analysis tools (including statistical methods) at its disposal. It will adaptively choose various
methods and automatically modify its behavior based
on partial findings. It will be able to generate simulations automatically and verify models constructed
based on a given data set. When the model does
not fit the data, the system will try to explain the
source of error, conduct additional experiments, and
choose a different model by modifying system parameters. Whenit needs user guidance, it will produce
a simple low-dimensional view of the model and the
multi-dimensional data, which will allow the user to
guide the system in designing the next set of experiments.
Our preliminary work on the motif problem fits this
general paradigm. Our system comes up with a set
of candidate motifs (a model) and tries to validate the
model on the full data set. Whenthe model does not fit
the data (which happens frequently), the system sampies the data again and produces a different model. We
are in the process of constructing other analysis tools
(in addition to clustering). It will be most interesting
to have the system integrate results from different data
analysis programs and modify its behavior based on the
partial results.
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In the conference, we would like to discuss the general paradigm of data analysis based on AI techniques.
Along these lines, we can present our work on secondary structure prediction, described above, and our
new Bayesian approach. Wecan also present our workin-progress on the motif problem and the preliminary
results we have.
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