%98 %ol
Vol.9 No.6

2 B

it & 5 & H
Intelligent Computer and Applications
X E4HS: 2095-2163(2019) 06-0052-03

FE s ES TP391

MR SRS A

EFEHE#KXFEH DNA FEFBEST

Z18ER, Bk, 5k &, L
(FRIK=Z FEEIREER, &K &Y 518000)
B E. MEILNAR TR, DNA 750 AR M40 8 i T A A W 2 WF 98 A ] B pg —38 43 . R BF5E 2L HSN1 HINT

H2N2 28 7 FREE () DNA FI/E MBI 3t 4 i 3 B0E DNA 550 bt i i [BF 5045 B, 3540 ] 5 51 22 18] 1 B A 2000
DNA 731 MME fe4% & YEsb @ Re 7 F DNA 5 Z [ AU ARRIME G &R
KR AHMESHT; DNA JPF; DNA KRk B

(Mutual Mode Entropy, MME) , 43#7 A ] DNA J3781 (1) MME X3 81 AL 1) 2 2k vl ff 1, 52 36 3% W 3o B BROR O iE I

DNA sequence similarity analysis based on mutual pattern entropy
AN Xiangjing, ZHOU Xiaoan, ZHANG Jing, SHEN Chongchong
(College of Information Engineering, Shenzhen University, Shenzhen Guangdong 518000, China)

[ Abstract] With the development of the genome project, DNA sequence similarity analysis has become an indispensable part of

modern biological research. In this study, DNA sequences of seven viruses, such as HSN1, HIN1 and H2N2, were used as research
objects, and DNA sequences were encoded into time series information using an integer method, Calculate Mutual Mode Entropy
(MME) between time series. The accuracy of expression of sequence similarity by MME of different DNA sequences was analyzed.
Experiments have shown that the MME of the DNA sequence by the integer representation method can qualitatively explain the
similarity relationship between the seven DNA sequences.
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Tab. 1 Integer representation of the MME between H5N1(1) and the DNA of six other viruses at different m

it E m m =1 m =2 m=3 m =4 M=5 m=6 m =1
H5N1(2) 0.007 4 0.003 0 0.029 5 0.038 5 0.031 7 0.017 2 0.013 6
HINI 0.023 4 0.149 0 0.486 0 1.000 6 1.2330 1.136 4 1.271 3
H2N2 0.015 1 0.142 3 0.452 9 0.810 0 1.094 0 1.068 9 1.195 7
H3N2 0.057 1 0.175 1 0.478 4 0.8225 1.048 7 1.134 6 0.734 1
H7N9 0.031 4 0.144 1 0.465 9 0.822 6 0.884 4 1.082 2 1.175 9
SARS 0.064 9 0.157 2 0.419 2 0.7838 1 0.928 5 1.154 8 1.070 6
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Tab. 2 MME values between seven viral DNA sequences based on integer value-based DNA representation m
VIRUS H5N1(1) H5N1(2) HINI H2N2 H3N2 H7N9 SARS
H5N1(1) 0 0.003 0 0.149 0 0.142 3 0.154 1 0.144 1 0.157 2
H5N1(2) 0 0.1557 0.1517 0.180 6 0.150 8 0.176 0
HIN1 0 0.104 5 0.178 0 0.137 6 0.201 5
H2N2 0 0.197 9 0.143 7 0.255 5
H3N2 0 0.103 1 0.162 2
H7N9 0 0.205 0
SARS 0
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