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Multiple Alignment Analysis Based on Hidden Markov Models

LUO Ze ju', ZHU Si ming's HE Miao”
(1. Department of Mathematics, Sun Yat sen University, Guangzhou 510275, China;
2. School of Life Sciences, Sun Yat sen University, Guangzhou 510275, China)

Abstract: Hidden Markov models (HMMs) are statistical models of sequential data that have been used successfully in
many machine learning applications, especially in protein family recognition in the last few years. This is due to the vast
increase of data in biology that makes two fields (computational science and biology ) associate with each other. To study
multiple sequence alignment and profile HMMs, one essential algorithm of HMMs and how to build an HMMs are
discussed. By E values and training scores an experiment for recognition and classification of protein family is given.
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Information Hiding Based on DNA Sequences

ZHENG Guo qing1 , LIUJiufmz7 HUANG Da ren’ s XU An iongl
(1. Department of Biochemics, Sun Yat sen University, Guangzhou 510275, China;
2. Department of Information Research, PLA Information kngineering University, Zhengzhou 450002, China;
3. Department of Scientific Computing and Computer Applications, Sun Yat sen University, Guangzhou 510275, China)

Abstract: Information hiding in DNA sequence is discussed, and an information hiding algorithm is proposed. In this
algorithm secret messages are transformed into stochastic DNA sequences by beforehand managing, coding and
modulating, and then the locations of secret messages embedded in the high complexity regions are decided by a
stochastic sequence. Finally, the covered characters at embedded locations are translated from the location of secret
message along with hidden information. This information hiding with the algorithm is demonstrated by robust, secure and

of biologically significant. The efficiency of the algorithm is demonstrated by experiment results also.
Key words: DNA sequences; information hiding; cover



