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

We have demonstrated that when the sequences are rescored
with more elaborate functions, it is possible to improve the
accuracy of the Viterbi algorithm. Though the N-best method
with the score update using the marginal posterior distribution
did not perform better than the posterior decoding algorithm,
utilization of the N-best approach and the Viterbi scoring has
some advantages. First, suboptimal segmentations generated
by the Viterbi scoring will be valid sequences (i.e., they
will be realizable from the hidden semi-Markov model).
Therefore, after applying the score update procedure, it will
be possible to obtain segmentations that are both valid and
are more accurate than the Viterbi segmentation. In addition,
since the correct secondary structure segmentation is also
realizable from the hidden semi-Markov model, it can be
captured when the size of the N-best list is suf� ciently large.
As a third and more important factor, the Viterbi algorithm
optimizes the joint probability of the amino acid and secondary
structure sequences . This
property allows one to remodel thea priori distribution

and the sequence likelihood distribution
by incorporating the nonlocal hydrogen bonding propensities in

-sheets and other constraints that de� ne the overall structure
of a protein. We expect that when nonlocal correlation models
are available, the N-best methods will signi� cantly improve
the -strand predictions, and will contribute to the overall
prediction accuracy.

VI. I MPLICATIONS FOR MODELING NONLOCAL

INTERACTIONS IN -SHEETS

We conclude by discussing a possible extension of this
framework to model nonlocal interactions in protein structures,
providing a possible direction for future improvements in sec-
ondary structure prediction accuracy. The proposed Bayesian
formulation and the hidden semi-Markov model for protein
secondary structure prediction has some limitations due to the
assumptions made in the model derivation. For instance, it is
assumed that the segment likelihood terms are independent
from each other as formulated in (5). This assumption enables
us to implement ef� cient 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 in-sheets

that have a signi� cant role in the stabilization of a protein’s
structure. More complex dependency models are not feasible
due to limitations in the available training data and high com-
putational requirements. To overcome such dif� culties, one can
follow a two-stage approach. The� rst step generates a list of
best scoring prediction sequences (N-best list) that contains
the most likely prediction sequence (MAP solution) as well as
those that are suboptimal under a prede� ned statistical model.
Such a model contains local correlation information and is
relatively simple. In the second step, the score of each sequence
is updated using a nonlocal correlation model, which is an
extended version of the initial model and utilizes information
related to long-range interactions. The� nal prediction sequence
can then be computed using a weighted voting scheme applied
to a selected set of top scoring sequences.

A nonlocal interaction model has to capture the intrinsic prop-
erties of -sheet formation. A -sheet is a group of -strand
segments, where each group contains at least two-strands that
interact pairwise through nonlocal hydrogen bonds. Within each

-sheet, -strand pairs can have either parallel or antiparallel in-
teraction as shown in Fig. 1(c)–(d). However, for a given subop-
timal segmentation that contains at least two-strands,

-sheet groups, and interaction types are not de� ned. Therefore,
there can be numerous ways to group-strands into -sheets,
order them spatially, and specify the type of interaction between
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.
To include these constraints into the model, we will modify the
computation of the sequence score term as follows.
Let contain -strand segments , where

and let denote the 3-D conformation of these segments
that de� nes the grouping of -strands into -sheets, spatial or-
dering of -strands, the interaction type of each-strand seg-
ment pair, and the amino acid pairing pattern. Then the score of
a segmentation can be updated as

(10)
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Using Bayes’ rule

(11)

In the above equations, is the a priori distribution of
a 3-D conformation, is the secondary structure
label probability given conformation, and is the
sequence likelihood term for a given conformation. Note that
these terms are quite similar to the ones in the local-dependency
model, except for being replaced with and

is replaced with . To model the
terms in (11), it is necessary to incorporate the constraints that
de� ne the secondary structure including the nonlocal forces in

-sheets. With this motivation, one can update the computation
of the sequence likelihood term as follows:

(12)

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

(13)

Here, we assume that a-strand only depends on a neighboring
-strand. This assumption is quite reasonable since in most
-sheets, -strand segments interact pairwise and form a ladder

topology as in Fig. 6. To elaborate further, we should model
the terms , , and by
including the hydrogen bonding propensities of-strands and
other constraints that stabilize the overall structure of a protein.
At this point, we leave the derivation of a complete model
and estimation of its parameters as a future work. Before con-
cluding this section, it is worthwhile to note that as the number
of -strands increases, the total number of possible conforma-
tions rises exponentially. Therefore, ef� cient algorithms have
to be developed to search the conformation space and update
the score of a segmentation. Cheng and Baldi [22] introduced
graph-matching algorithms to predict the-sheet architecture
of a given protein (i.e., the -strand grouping, pairing, and
interaction types). These algorithms can be further developed
by eliminating the architectures that never occur in real proteins
(see Ruczinskiet al. [51]). The observation frequency of the
remaining architectures can be modeled by the term.
As an alternative to the graph-matching algorithms, one can
select a representative set of conformations using Monte Carlo

sampling similar to the method proposed by Chuet al. [2],
[3], especially for longer proteins with many potential-strand
residues.

VII. CONCLUSION

In this work, we developed two N-Best search algorithms
for the protein secondary structure prediction though the pro-
posed techniques can be also applied to other problems that
employ HMMs, such as gene prediction, topology prediction
for outer-membrane proteins, sequence-sequence and sequence-
structure alignments, speech recognition, video scene annota-
tion, and machine translation. We showed that the information
in suboptimal segmentations is useful and can improve the sen-
sitivity of the Viterbi algorithm up to 1% without applying
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-
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.

REFERENCES

[1] S. C. Schmidler, J. S. Liu, and D. L. Brutlag,“Bayesian segmentation
of protein secondary structure,” J. Comp. Biol., vol. 7, pp. 233–248,
2000.

[2] W. Chu, Z. Ghahramani, and D. L. Wild,“A graphical model for
protein secondary structure prediction,” in Proc. Int. Conf. Machine
Learning, 2004, pp. 161–168.

[3] W. Chu, Z. Ghahramani, A. Podtelezhnikov, and D. L. Wild,“Bayesian
segmental models with multiple sequence alignment pro� les for pro-
tein secondary structure and contact map prediction,” IEEE/ACM
Trans. Comput. Biol. Bioinform., vol. 3, no. 2, pp. 98–113, Apr.-Jun.
2006.

[4] D. Frishman and P. Argos,“ Incorporation of non-local interactions in
protein secondary structure prediction from the amino acid sequence,”
Protein Eng., vol. 9, no. 2, pp. 133–142, 1996.

[5] Z. Aydin, Y. Altunbasak, and M. Borodovsky,“Protein secondary
structure prediction for a single sequence using hidden semi-Markov
models,” BMC Bioinform., vol. 7, no. 178, 2006.

[6] A. Wallqvist, Y. Fukunushi, L. R. Murphy, A. Fadel, and R. M. Levy,
“ Iterative sequence/secondary structure search for protein homologs:
Comparison with amino acid sequence alignments and application to
fold recognition in genome databases,” Bioinform., vol. 16, no. 11, pp.
988–1002, 2000.

[7] Y. An and A. Friesner,“A novel fold recognition method using com-
posite predicted secondary structure,” Proteins: Structure Function
Genom., vol. 48, pp. 352–366, 2002.

[8] V. D. Francesco, P. J. Munson, and J. Garnier,“FORESST: Fold recog-
nition from secondary structure prediction of proteins,” Bioinform., vol.
15, no. 2, pp. 131–140, 1998.

[9] E. Bindewald, A. Cestaro, J. Hesser, M. Heiler, and S. C. E. Tosatto,
“MANIFOLD: Protein fold recognition based on secondary structure,
sequence similarity and enzyme classi� cation,” Protein Eng., vol. 16,
no. 11, pp. 785–789, 2003.

[10] Y. Hou, W. Hsu, M. L. Lee, and C. Bystroff,“Remote homology detec-
tion using local sequence-structure correlations,” Proteins: Structure,
Function Bioinform., vol. 57, pp. 518–530, 2004.

[11] P. Fontana, E. Bindewald, S. Toppo, R. Velasco, G. Valle, and S. C. E.
Tosatto,“The SSEA server for protein secondary structure alignment,”
Bioinform., vol. 21, no. 3, pp. 393–395, 2005.



3524 IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 55, NO. 7, JULY 2007

[12] K. Wang and R. Samudrala,“FSSA: A novel method for identifying
functional signatures from structural alignments,” Bioinform., vol. 21,
no. 13, pp. 2969–2977, 2005.

[13] C. Bystroff, V. Thorsson, and D. Baker,“HMMSTR: A hidden markov
model for local sequence structure correlations in proteins,” J. Mol.
Biol., vol. 301, pp. 173–190, 2000.

[14] L. A. Kelley, R. M. MacCallum, and M. J. E. Sternberg,“Enhanced
genome annotation using structural pro� les in the program 3d-pssm,”
J. Mol. Biol., vol. 299, pp. 501–522, 2000.

[15] B. Rost and C. Sander,“Prediction of protein secondary structure at
better than 70% accuracy,” J. Mol. Biol., vol. 232, no. 2, pp. 584–599,
1993.

[16] D. Frishman and P. Argos,“Seventy-� ve percent accuracy in protein
secondary structure prediction,” Proteins, vol. 27, pp. 329–335,
1997.

[17] P. Baldi, S. Brunak, P. Frasconi, G. Soda, and G. Pollastri,“Exploiting
the past and the future in protein secondary structure prediction,” Bioin-
form., vol. 15, pp. 937–946, 1999.

[18] V. Robles, P. Larrañaga, J. Peña, E. Menasalvas, M. Pérez, and V.
Herves,“Bayesian networks as consensed voting system in the con-
struction of a multi-classi� er for protein secondary structure predic-
tion,” Artif. Intell. Med. (Special Issue in Data Mining in Genomics
and Proteomics), vol. 31, pp. 117–136, 2004.

[19] Y. Guermeur, G. Pollastri, A. Elisseeff, D. Zelus, H. Paugam-Moisy,
and P. Baldi, “Combining protein secondary structure prediction
models with ensemble methods of optimal complexity,” Neuro-
comput., vol. 56, pp. 305–327, 2003.

[20] B. Rost,“Rising accuracy of protein secondary structure prediction,”
in Protein Structure Determination, Analysis, and Modeling for Drug
Discovery, D. Chasman, Ed. New York: Marcel Dekker, 2003.

[21] EVA: Secondary Structure (intro) [Online]. Available: http://cubic.
bioc.columbia.edu/eva/doc/intro_sec.html.

[22] J. Cheng and P. Baldi,“Three-stage prediction of protein� -sheets by
neural networks, alignments and graph algorithms,” Bioinform., vol.
21, pp. i75–i84, 2005.

[23] S. C. Schmidler, J. S. Liu, and D. L. Brutlag,“Bayesian protein
structure prediction,” Case Studies Bayesian Stat., vol. 5, pp. 363–378,
2001.

[24] R. Schwartz and S. Austin,“A comparison of several approximate al-
gorithms for� nding multiple (N-Best) sentence hypothesis,” in Proc.
IEEE Int. Conf. Acoustics, Speech and Signal Process., 1991, vol. 1,
pp. 701–704.

[25] R. Schwartz and Y. L. Chow,“The N-Best algorithm: An ef� cient and
exact procedure for� nding the N most likely sentence hypothesis,” in
Proc. IEEE Int. Conf. Acoustics, Speech and Signal Process., 1990, vol.
1, pp. 81–84.

[26] D. B. Paul,“An ef� cient A* stack decoder algorithm for continuous
speech recognition with a stochastic language model,” in Proc. IEEE
Int. Conf. Acoustics, Speech and Signal Process., 1992, vol. 1, pp.
25–28.

[27] F. K. Soong and E. F. Huang,“A tree-trellis based fast search for
� nding the N best sentence hypotheses in continuous speech recog-
nition,” in Proc. Workshop Speech and Natural Language, 1990, pp.
12–19.

[28] M. S. Waterman and M. Eggert,“A new algorithm for best subse-
quence alignments with application to tRNA-rRNA comparisons,” J.
Mol. Biol., vol. 197, pp. 723–725, 1987.

[29] M. A. S. Saqi and M. J. E. Sternberg,“A simple method to generate
non-trivial alternate alignments of protein sequences,” J. Mol. Biol.,
vol. 219, pp. 727–732, 1991.

[30] X. Huang and W. A. Miller,“A time-ef� cient, linear-space local simi-
larity algorithm,” Adv. Appl. Math, vol. 12, pp. 337–357, 1991.

[31] L. A. Mirny and E. I. Shakhnovich,“Protein structure prediction by
threading. why it works and why it does not,” J Mol. Biol., vol. 283,
pp. 507–526, 1998.

[32] J. R. Bienkowska, L. Yu, S. Zarakhovich, R. G. J. Rogers, and T. F.
Smith,“Protein fold recognition by total alignment probability,” Pro-
teins, vol. 40, no. 3, pp. 451–462, 2000.

[33] A. Krogh, “Two methods for improving performance of an HMM and
their application for gene� nding,” J. Mol. Biol., vol. 219, pp. 727–732,
1991.

[34] S. L. Cawley and L. Pachter,“HMM sampling and applications to gene
� nding and alternative splicing,” Bioinform., vol. 19, pp. ii36–ii41,
2003.

[35] P. Fariselli, P. L. Martelli, and R. Casadio,“A new decoding
algorithm for hidden markov models improves the prediction
of topology of all-beta membrane proteins,” BMC Bioinform.,
vol. 6, pp. S12–S12, 2005.

[36] P. G. Bagos, T. D. Liakopoulos, I. C. Spyropoulos, and S. J. Hamod-
rakas,“A hidden markov model method capable of predicting and dis-
criminating� -barrel outer membrane proteins,” BMC Bioinform., vol.
5, no. 29, 2004.

[37] 3rd Generation Prediction of Secondary Structure [Online].
Available: http://www.embl-heidelberg.de/~rost/Papers/1999_hu-
mana/paper.html.

[38] Z. Aydin, Y. Altunbasak, and M. Borodovsky,“Protein secondary
structure prediction with semi Markov HMMS,” in Proc. IEEE Int.
Conf. Acoustics, Speech and Signal Proc., 2004, vol. 5, pp. 577–580.

[39] L. R. Rabiner,“A tutorial on hidden Markov models and selected appli-
cations in speech recognition,” Proc. IEEE, vol. 77, no. 2, pp. 257–286,
Feb. 1989.

[40] D. Nilsson and J. Goldberger,“Sequentially� nding the N-best list in
hidden Markov models,” presented at the 17th Int. Joint Conf. Arti� cial
Intelligence, 2001.

[41] F. Jelinek,“Fast sequential decoding algorithm using a stack,” IBM J.
Res. Develop., vol. 13, pp. 675–685, 1969.

[42] N. J. Nilsson, Problem Solving Methods of ArtiÞcial Intelligence.
New York: McGraw-Hill, 1971.

[43] L. R. Bahl and F. Jelinek,“Apparatus and method for determining a
likely word sequence from labels generated by an acoustic processor,”
U.S. Patent 4 748 670, May 1988.

[44] P. S. Gopalakrishnan, L. R. Bahl, and R. L. Mercer,“A tree-search
strategy for large vocabulary continuous speech recognition,” in Proc.
Int. Conf. Acoustics, Speech and Signal Processing, 1995, vol. 1, pp.
572–575.

[45] D. B. Paul,“An ef� cient A* stack decoder algorithm for continuous
speech recognition with a stochastic language model,” in Proc.
Int. Conf. Acoustics, Speech and Signal Processing, 1992, vol.
1, pp. 25–28.

[46] Tailbiting Decoder and Method, European Software Patents [Online].
Available: http://swpat.f� i.org/pikta/txt/ep/1258/086/#data.

[47] B. Rost,“Twilight zone of protein sequence alignments,” Protein Eng.,
vol. 12, pp. 85–94, 1999.

[48] J. A. Cuff and G. J. Barton,“Evaluation and improvement of mul-
tiple sequence methods for protein secondary structure prediction,”
Proteins, vol. 34, pp. 508–519, 1999.

[49] B. Rost, C. Sander, and R. Schneider,“Rede� ning the goals of pro-
tein secondary structure prediction,” J. Mol. Biol., vol. 235, pp. 13–26,
1994.

[50] A. Zemla, C. Venclovas, K. Fidelis, and B. Rost,“A modi� ed
de� nition of SOV, a segment-based measure for protein secondary
structure prediction assessment,” Proteins, vol. 34, pp. 220–223,
1999.

[51] I. Ruczinski, C. Kooperberg, R. Bonneau, and D. Baker,“Distributions
of � -sheets in proteins with application to structure prediction,”
Proteins: Structure, Function, Genom., vol. 48, pp. 85–97, 2002.

[52] D. Voet and J. G. Voet, Biochemistry, 3rd Edition. New York: Wiley,
2004.

Zafer Aydin (S’04) received the B.S. and M.S.
degrees in electrical engineering from Bilkent
University, Ankara, Turkey, in 1999 and 2001, re-
spectively. He is currently pursuing the Ph.D. degree
at the Center for Signal and Image Processing,
Georgia Institute of Technology, Atlanta.

His research interests include bioinformatics, com-
putational biology, pattern recognition, and machine
learning.



AYDIN et al.: BAYESIAN PROTEIN SECONDARY STRUCTURE PREDICTION WITH NEAR-OPTIMAL SEGMENTATIONS 3525

Yucel Altunbasak (S’94–M’97–SM’01) received
the B.S. degree (Hons.) from Bilkent University,
Ankara, Turkey, in 1992 and the M.S. and Ph.D.
degrees from the University of Rochester, Rochester,
NY, in 1993 and 1996, respectively.

He joined Hewlett-Packard Research Laboratories
(HPL), Palo Alto, CA, in 1996. His position at
HPL provided him with the opportunity to work
on a diverse set of research topics, such as video
processing, coding and communications, multimedia
streaming, and networking. He also taught digital

video and signal processing courses at Stanford University, Stanford, CA, and
San Jose State University, San Jose, CA, as a Consulting Assistant Professor.
He joined the School of Electrical and Computer Engineering, Georgia Insti-
tute of Technology (Georgia Tech), Atlanta, in 1999, where he is currently
an Associate Professor. He is currently working on industrial- and govern-
ment-sponsored projects related to multimedia networking, wireless video,
video coding, genomics signal processing, and inverse imaging problems, such
as super-resolution and demosaicking. His research efforts to date have resulted
in more than 110 peer-reviewed publications and 15 patents/patent applications.
Some of his inventions have been licensed by Of� ce of Technology Licensing
at Georgia Tech.

Dr. Altunbasak is an Associate Editor for the IEEE TRANSACTIONS ON IMAGE

PROCESSING, the IEEE TRANSACTIONS ON SIGNAL PROCESSING, Signal Pro-
cessing: Image Communications, and for the Journal of Circuits, Systems and
Signal Processing. He served as the lead Guest Editor on the Image Communi-
cations Special Issue on Wireless Video. He is the Vice President of the IEEE
Communications Society Multimedia Communications Technical Committee
and has been elected to the IEEE Signal Processing Society IMDSP Technical
Committee. He has served as a Co-Chair for Advanced Signal Processing for
Communications Symposia at ICC03, a Track Chair at ICME03 and ICME04,
a Panel Sessions Chair at ITRE03, a Session Chair at various international con-
ferences, and a Panel Reviewer for government funding agencies. He served as
the Technical Program Chair for ICIP-2006. He is a coauthor for a conference
paper that received the Best Student Paper Award at ICIP03 and coauthored a
conference paper that has been selected as design � nalist at EMBS2004. He re-
ceived the National Science Foundation (NSF) CAREER Award in 2002 and is
a recipient of the 2003 Outstanding Junior Faculty Award from the School of
Electrical and Computer Engineering, Georgia Tech.

Hakan Erdogan (M’92) received the B.S. degree
in electrical engineering and mathematics from
Middle East Technical University (METU), Ankara,
Turkey, in 1993 and the M.S. and Ph.D. degrees in
electrical engineering systems from the University
of Michigan, Ann Arbor, in 1995 and 1999, respec-
tively.

Currently, he is an Assistant Professor at Sabanci
University, Istanbul, Turkey, where he has been since
2002. He was with the Human Language Technolo-
gies group at IBM T.J. Watson Research Center, New

York, from 1999 to 2002. His research interests are in developing and applying
probabilistic methods and algorithms for multimedia information extraction and
bioinformatics.


