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We have developed a hybrid system to predict the secondary structures (a-helix. f-sheet
and coil) of proteins and achieved 66-4 9, accuracy, with correlation coefficients of C,;, =
0-429, C, = 0:470 and C, = 0-387. This system contains three subsystems (‘‘experts”): a
neural network module, a statistical module and a memory-based reasoning module. First,
the three experts independently learn the mapping between amino acid sequences and
secondary structures from the known protein structures, then a Combiner learns to
. combine automatically the outputs of the experts to make final predictions. The hybrid
system was tested with 107 protein structures through k-way ecross-validation. Its
performance was better than each expert and all previously reported methods with greater
than 0-99 statistical significance. It was observed that for 209, of the residues, all three
experts produced the same but wrong predictions. This may suggest an upper bound on the
accuracy of secondary structure predictions based on local information from the currently
available protein structures, and indicate places where non-local interactions may play a
dominant role in conformation. For 64 9, of the residues, at least two experts were the same
and correct, which shows that the Combiner performed better than majority vote. For 779,
of the residues, at least one expert was correct, thus there may still be room for
improvement in this hybrid approach. Rigorous evaluation procedures were used in testing
the hybrid system, and statistical significance measures were developed in analyzing the
differences among different methods. When measured in terms of the number of secondary
structures (rather than the number of residues) that were predicted correctly, the prediction
produced by the hybrid system was also better than those of individual experts.

Keywords: protein secondary structure prediction; hybrid system; neural networks;
memory-based reasoning: statistical methods

L. Introduction higher order structures (e.g. super secondary struc-

Determining the mapping between amino acid  tures (Taylor & Thornton. 1984), domains (Lathrop

sequences and secondary structures (« helix, f sheet,
etc.) is an important step towards our under-
standing of how protein sequences specify their
overall structures and functions. Currently the main
technique to determine protein structures is X-ray
crystallography, which is a slow and often difficult
process. On the other hand, the database of known
protein sequences is growing very rapidly. Thus, it
is increasingly important to develop computational
approaches to determine automatically (predict) the
structures of proteins whose sequences are known.
The correct prediction of secondary structures can
contribute significantly towards this goal. For
example, the knowledge of secondary structures can
provide a good starting point and reduce the search
space in simulation of protein folding by molecular
dynamics (Levitt, 1983) or lattice models (Skolnick
& Kolinski, 1990), or can be used in predicting

et al., 1987)).

Many algorithms have been developed for protein
secondary structure prediction. One of - the first
efforts was made by Chou & Fasman (1974).
Different implementations of their algorithm have
all attained about a 50 to 609, level of accuracy in
predicting the location of a helices, § strands and
*coil”” (i.e. anything other than helix or strand) in a
protein sequence. Garnier, Osguthorpe & Robson’s
algorithm (Garnier et al, 1978) is about 589,
accurate for this task. More recently, their improved
algorithm (Gibrat et al., 1987) is 639, accurate.
Qian & Sejnowski (1988) used an artificial neural
network algorithm to increase the prediction accu-
racy to 649. Similar results have also been
achieved by other researchers (e.g. Kneller et al.,
1990; Holley & Karplus, 1989). Thus there has been
about a 69, improvement of prediction accuracy in
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as the Combiner in this work. But it is not the only
choice. A MBR system, for example. can also be
used as a Combiner. This paper is the first place
where the SM algorithm and the particular MBR
distance function have been introduced. Their accu-
racy were as good as or even better than any other
single algorithm reported to date for secondary
structure prediction. They deserve a more detailed
discussion, which is beyond the scope of this paper
and is done elsewhere (X. Zhang, unpublished
results). The techniques we used to control the
training of artificial neural networks were not only
objective but also effective. For a single one-hidden-
layer network, the accuracy was 63-19, with our
techniques (to control training purely based on the
training data). Whereas the other approach, to
monitor the performance of the network on the test
data during training, was 63-5%,. The difference
between them. was only 0-4%,. Thus our techniques
produced near-optimal training.

One of the reviewers of this paper raised the issue
of whether residues assigned to state G by the DSSP
program (Kabsch & Sander, 1983a) should be con-
sidered as in helix, especially when they are
adjacent to state H. In our original experiments, we
wanted to make our result directly comparable with
results obtained by other researchers, such as Qian
& Sejnowski (1988), since the main point of this
paper is that for the same secondary structure
assignment, the hybrid system gives better predic-
tion than other algorithms. Thus we used the same
assignment as Qian & Sejnowski (1988), i.e. only
considering H for « helix and E for § strand. After
we received the reviewer’s comments, we did the
following experiment: we assigned G states to be

_helix if they are adjacent to H, otherwise assigning
them to be coil. This way, among the 19,861
residues in our database, 162 residues (0-89, of the
total residues) were assigned differently, i.e. to helix
instead of coil. Then we compared the original
prediction of our hybrid system with this new
assignment. It is 66-1 9, accurate. This is very close
to the original accuracy of 66-49,. The change in
accuracy (0-39%,) is much smaller than the change in
the assignment (0:89%). This means that even
though the hybrid system was trained with a
different assignment, it can still predict correctly
most of the new assignment. This is in accordance
with observations by other researchers (e.g.

- Richardson & Richardson, 1988) that there are
certain ambiguities on secondary structure
boundaries assigned by DSSP.

" Good criteria for evaluating and comparing
different prediction algorithms are crucial for the
progress of this research field. In this work, we made
use of the significance interval measure from statis-
tics, which could tell us whether the differences
observed are significant or not, and what factors can
influence that. We emphasize the importance of the
fact that in our tests, the hybrid system never
looked at the test data during training, thus making
the performance of the system on the test data as
objective as possible. The k-way cross-validation

allowed us to test our hybrid system with as many
data as we have, and yet still avoided overlapping
between the test data and training data. Some
researchers have used one protein in each test
group, thus maximizing the training data size.
However. the extremely large amount of compu-
tation in our work prevented us from doing that (i.e.
k=113, the total number of protein sequences of
our database). We choose k =8. which did not
reduce the size of each training data set very much,
and yet cut the amount of computation dramati-
cally. Even so, a large amount of computation was
still needed to carry out our experiment. This
involved (1) computing many statistics for SM and
distance matrices for MBR; (2) pattern matching
and sorting through the whole database to find
neighbors in MBR; and (3) training many neural
networks with large numbers of inputfoutput
examples. The experiment was done on a massively
parallel computer Connection Machine CM-2. The
particular machine we used had 4096 processors. In
general, CM-2 can have up to 65,5636 processors.

There are many important issues in protein
secondary structure prediction, such as: (1) is “the
percentage of correctly predicted residues’ the best
measure for success? (2) What is the best way to
assign the secondary structures to a protein once
its three-dimensional co-ordinates are known?
(3) What is the right criteria for homology in
selecting test/training data? A comprehensive
discussion of these issues is beyond the scope of this
paper. The emphasis here is to demonstrate that our
hybrid system gives significantly better perform-
ance than individual algorithms and all previous
methods, using the same criteria in selecting data
and the same accuracy measure as used by other
researchers.

We are grateful to Eric Lander and Tau-Mu Yi for
valuable comments and suggestions on several drafts of

- this paper. We thank Christian Sander for providing us

with the DSSP program and Anand V. Bodapati for
helpful - discussions. . We also thank the anonymous
reviewers who gave us insightful comments.
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