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Multiple Sequence Alignment Based On the Profile Hidden Markov Model
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Abstract: M ultiple sequence alignment ( MSA), known as NP complete problem, is one of the
basic problems in computational biology. At present Profile H idden Markov Model (HM M) was
widely used in multiple sequence alignment. This manuscript presented the quantum-behaved
particle swarm optimization ( QPSO) which was based on particle swarm optimization. The
proposed algorithm was used to optimize the profle HMM. Furthermore, an integration
algorithm based on the profile HMM and QPSO for the MSA was constructed. Then the
approach was evaluated by a set of standard mstances which are chosen from nucleotides
sequences and the benchmark alignment database, name as BAIIBASE. Finally our results are
compared with other algorithms. T he result shown that the proposed algorithm not only finds out
the perfect profile HM M, but also obtains the optimal alignment of multiple sequence.
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3 Log_odd scores 5~ 8 3
5 6
Tab. 3 HMM log odds scores T standard error of Nucleotide Log-0dd scores SOP scores
sequences o7 3
BW PSO QPSO Log odd scores SOP scores
Low— short  394.6 418.4%7.35 448.819.68 4 > > >
Low- long 226.5 215.8%8.26 310. 7+ 4. 68 , QPSO
High— short  186.3 195. 6%2.31 253.8%3.45 BW  PSO
High— long  280. 8 256.4%18.52  345.8%9.73
4 Sop
Tab.4 SOP scores for the final alignments of Nucleotide sequences
(0\% BW PSO QPsSO
Low— short 2514.9 2 024.7 2154.3%25.36 2 638.4%20.364
Low— long 8760.7 8 623.9 8 430.8%15. 015 4 9 873.3%18.462
High— short 4316.5 4270.2 4294.7%13.564 3 4351.9%+13.375
High- long 7781.7 7 418.2 7538.5%22.864 5 7 848. 8129, 688 1

5 Log_odd scores
Tab.5 HMM log odds scores = standard error for the training sets of three protein families

BW PSO QPSO
G5 103. 146 101. 450 0 £ 1. 89 154.94%£1.06
CagY_M 11.178 20.090*1. 14 28.25510.92
Interferon 158. 314 141. 736X2. 41 179.549%1. 43
6 SOP scores

Tab. 6 SOP scores for the final alignments of the training sets of three protein families

CwW BW PSO QPSO
G5 189 192 176%+113.1 229+63. 7
CagY_M - 142 - 138 - 120%131.5 - 106%£103.37
Interferon 3 226 3294 3 772£101.4 4 136+98.5
7 Log_odd scores

Tab. 7 HMM log odds scores + standard error for the validation sets of three protein families

BW PSO QPSO
G5 78.357 141.4500%2. 42 154.94%1.12
CagY_M 32.832 20.090 £2. 13 20.255%1.08
Interferon 102. 652 95.736 1. 54 179.549%1. 28
8 SOP scores

Tab.8 SOP scores for the final alignments of the validation sets of three protein families

CwW BW PSO QPSO
G5 - 836 - 803 -796+241.2 - 914%85.6
CagY _M - 795 - 658 -725%198. 4 - 804%£105.7

Interferon 2 986 2352 2 1761341.8 3215£127. 1
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