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Fig. 6. Two possible patterns for the amino acid pairing of asheet. -strands are shown as colored segments. The letters correspond
to the amino acid residues.

We have demonstrated that when the sequences are resctiratihave a signicant role in the stabilization of a protém
with more elaborate functions, it is possible to improve th&tructure. More complex dependency models are not feasible
accuracy of the Viterbi algorithm. Though the N-best methadlie to limitations in the available training data and high com-
with the score update using the marginal posterior distributiquutational requirements. To overcome such dlifities, one can
did not perform better than the posterior decoding algorithrfgllow a two-stage approach. Thest step generates a list of
utilization of the N-best approach and the Viterbi scoring hdsest scoring prediction sequences (N-best list) that contains
some advantages. First, suboptimal segmentations generatedmost likely prediction sequence (MAP solution) as well as
by the Viterbi scoring will be valid sequences (i.e., theyhose that are suboptimal under a preakd statistical model.
will be realizable from the hidden semi-Markov model)Such a model contains local correlation information and is
Therefore, after applying the score update procedure, it wittlatively simple. In the second step, the score of each sequence
be possible to obtain segmentations that are both valid asdupdated using a nonlocal correlation model, which is an
are more accurate than the Viterbi segmentation. In additi@xtended version of the initial model and utilizes information
since the correct secondary structure segmentation is atetated to long-range interactions. Theal prediction sequence
realizable from the hidden semi-Markov model, it can bean then be computed using a weighted voting scheme applied
captured when the size of the N-best list is fiéntly large. to a selected set of top scoring sequences.

As a third and more important factor, the Viterbi algorithm A nonlocalinteraction model has to capture the intrinsic prop-
optimizes the joint probability of the amino acid and secondagyties of -sheet formation. A -sheet is a group of -strand
structure sequences . This segments, where each group contains at least tstvands that
property allows one to remodel tha priori distribution interact pairwise through nonlocal hydrogen bonds. Within each
and the sequence likelihood distribution -sheet, -strand pairs can have either parallel or antiparallel in-
by incorporating the nonlocal hydrogen bonding propensitiesteraction as shown in Fig. 1¢gd). However, for a given subop-

-sheets and other constraints that nle the overall structure timal segmentation that contains at least two-strands,
of a protein. We expect that when nonlocal correlation modelssheet groups, and interaction types are noheel. Therefore,
are available, the N-best methods will sigoantly improve there can be numerous ways to growstrands into -sheets,
the -strand predictions, and will contribute to the overalbrderthem spatially, and specify the type of interaction between
prediction accuracy. each segment pair. Moreover, due to the possible length differ-
ences between-strand segments, there can be many alterna-
tives to align amino acid pairs that make hydrogen bonding con-
tacts. In Fig. 6, two possibilities are shown for the amino acid
pairing pattern of a -sheet that has three-strand segments.

We conclude by discussing a possible extension of thi® include these constraints into the model, we will modify the
framework to model nonlocal interactions in protein structuresomputation of the sequence score term as follows.
providing a possible direction for future improvements in se¢-et contain  -strand segments , Where
ondary structure prediction accuracy. The proposed Bayesian and let denote the 3-D conformation of these segments
formulation and the hidden semi-Markov model for proteithat de nes the grouping of -strands into -sheets, spatial or-
secondary structure prediction has some limitations due to #ering of -strands, the interaction type of eackstrand seg-
assumptions made in the model derivation. For instance, itrigent pair, and the amino acid pairing pattern. Then the score of
assumed that the segment likelihood terms are independgrfegmentation can be updated as
from each other as formulated in (5). This assumption enables
us to implement efcient hidden Markov models. However,
with this assumption and others inherent in the theory of hidden
Markov models, it is not possible to model long-range inter-
actions, especially the nonlocal hydrogen bonds isheets (10)

VI. IMPLICATIONS FOR MODELING NONLOCAL
INTERACTIONS IN -SHEETS



AYDIN et al: BAYESIAN PROTEIN SECONDARY STRUCTURE PREDICTION WITH NEAR-OPTIMAL SEGMENTATIONS 3523

Using Bayesrule sampling similar to the method proposed by G#tual. [2],
[3], especially for longer proteins with many potentiaktrand
residues.
11)
. . Co VII. CONCLUSION
In the above equations, is the a priori distribution of _ _
label probability given conformation, and is the for the protein secondary structure prediction though the pro-

sequence likelihood term for a given conformation. Note th@Psed techniques can be also applied to other problems that

these terms are quite similar to the ones in the local-dependefgjPloy HMMs, such as gene prediction, topology prediction

is replaced with _ To model the Structure alignments, speech recognition, video scene annota-

terms in (11), it is necessary to incorporate the constraints tfi@f, and machine translation. We showed that the information
de ne the secondary structure including the nonlocal forcesimSuboptimal segmentations is useful and can improve the sen-

-sheets. With this motivation, one can update the computatigifvity of the Viterbi algorithm  up to 1% without applying
of the sequence likelihood term as follows: any score update. When the segmentations are rescored using

the marginal posterior probability distribution, the improvement
becomes 2.6%. Unfortunately, the two N-best algorithms and
the score update procedure were not able to perform better than
the posterior decoding algorithm in single-sequence predictions.
As a future work, we are planning to develop nonlocal inter-
(12) action models and incorporate them into the N-best method.
Such models will be able to characterize the hydrogen bonding
propensities within -sheets and can further be extended to in-
clude other constraints such as solvent accessibility. We expect
that this will compensate the inadequate modeling of long-range
interactions and improve the overall prediction accuracy.

where isthe total number of -sheets in , such that each sheet
contains -strand segments, and . In the above
formulation, the segment likelihoods ofhelices and loops are
computed the same as before [see (5)], but thosestfands are
obtained from a nonlocal model. The computation of the joint
probability term for a -sheet can be simpled as
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