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Abstract: DNA sequence is one of the basic and important data among biological data. Researching DNA
sequence data and then comprehending life essential is a necessary task in post-genomic era. At present, data mining
technique is one of the most efficient data analysis means, which finds out information hidden in data. It has also
become main data analysis technique adopted in Bioinformatics. It has been applied in DNA sequence analysis,
which has got wide attention and rapid development. And considerable research achievements have emerged.
Provides an overview of research progress in DNA sequence data mining field. In more detail, it proposes three
research phases including statistics-based data mining methods application, general data mining methods
application, and specialized DNA sequence-oriented data mining methods design, and then elaborates that sequence
similarity is foundation of DNA sequence data mining technique. It also analyzes and comments some key
techniques in this field by combining with biological background, such as DNA sequential pattern, association,
clustering, classification and outlier mining. Finally, future work and open issues are given, including the research
of a novel storage model and index methods, the design of data mining algorithm based on biological domain
knowledge.

Key words: DNA sequence; data mining; bioinformatics; sequential pattern; sequence similarity

i E: DNAFZ 4382 — £ F 264 MR TR DNA F 7 #3824 302 6 A R K6 £ 2754
FRIEITAR R B A A A FIE TR — B TR K B LR T 18469 AP IR 4R & 15 85 K 69 2240
PN HAR I HIEATBI A T DNA F 533047, 0133 T iz Az etk £ R PRI T H 2 AR AREK 5k
T DNA 5 3| BB ABARIR GG A R Aot B 328 T 3 NRRIMBCA T St 693548 7 ik 5 R B — LAz 4k 77
SRR B AL 1169 DNA A 583420 5 R B A T DNA 5 5 2B A2 4 69 K ah 2 5 5 AR AN 37K T
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k49 F % :DNA 55| BB AR 2767

DNA 53| 3R AZI|ATIRIT R 69 RAEH AR, @45 DNA F X, KB, RE. 5 EFFFRBREF 2ATET H
ARG A B A A LR G 4 iE DNA 5 9 S0 484748 3 — 5 AF 50 89 24 & )3, @35 DNA 5 7 3045 37 64 -4k A
F 5| AL 89K, ARIE A AR S iR A SR ATAR I AR A Ao Fk 69K 5

KiEIA:  DNA 57, 8351548, £ W13 8.5, 5 51 HE X 5 7 A8 bk

PEESES: TP311 XEKFRIRAD: A

WA 2% (Bioinformatics) f /E i B . THEEHLRRY L A EURL S RUEL A S5 2 R AT fih A5 T A IR — 1148
N2 RH DNAT 5B 2 A A5 B2 10 B RSN % 2 — G 1 2> BT DNAE 51, B2 5 AL RES i C AT 10 )7
H1), 10 H B85 T U I 5 BT 9 )7 5 S L T e AR 152 S AE AR R R e 2 1 A e, T B AR A A AR T S T, 6 DNA
J3 5B 5 B 7 1 I INDNAJE B Ecis Ok, 23 B e 20 o B & 19 45 4 5 Zh e 19 2B WA 8 il B
FROAE RN AR g iSRRG A DX TR . R DR 4 T e T 4 4

BE LD B AW S BOR 0 R, KR 10 4% 28 AR B AN W = 2E R i 71,1982 4F (1 3 — A%
1% 2 51 508 22 GenBank X 5 606 4% /%71, % % 680 338bp;iM 2006 4F 8 F /& A K4k k7, 5 61 132 599 4% )%
%), HHE 65 369 091 950bp 2L 4t iy 7 2kt 43 M3k 26 Hedfe I A DU LASR B AR 2 WF S AN S22 24 A A 15
SIS JUE

ez a2 B AT s 2B 7 b B T IR E BT R SRR AE DNA R A4 £l
P ARAT AT T A RT 5 0 TR B A RS . AR A I A A S R A AR .

I DNAJFF1 %4 12 37 LUK BF 52 2 T 45 R0 Ge 2 75 10040 M DNAJE 71 B9, B4R 33 15 H4i 42 9 13 AR A 5
IF B AWV _EAFAE 7 5 A 9 E S S SRR P OF T OB DNATE 51 £ 43 4 i, I 1 45 DNAJT 71
B 32 9 AR (0 A T AR 3K 2 5 30 BT 5 B R 24 K S 1 B O P2 B B AR A R R, T AT
PUAT (42 37 925 214 T DNAJT 310 43 W 1828 530 o — M A0 M0 2 5 92k 160 17 PR o B AL S 3 6 7 vk BEUAR AR R
A R AR i A AT 58 A AR A SR T SR TR R F A 4 SR I T AR e R M A R T R O 2 ST o R

T SC IR U BF 9 2 40 N 2% 45 £ DNAJT B £ K S B I3 F 75 5% % R 4 1) T [7) DNAT 81 1) S04 3248 7 12
(77221 33 o 7 25 DNAJF S B 12 i 5 N 45 3 AN B, I HLX — AR I BIF 5 475 b T ek % & 2 v AR S % DNAJY
FURHE I A W FORBUEEAT 20 B RN 2558, 5 32 ) T DNAFE FIER IS 10 3 ANWFST B BE L A5, B3k T
DNAJT FI 4 3 12 8 (1 JE Rt 2 7 FUABRUPE, VF IR T DNAJT Z1 £ 48 32 48 400380 97 SR H 19 QB+ R s J5 45 tH DNAJP
BB FE 0 — D5 (1) A s ] L.

AICE 1R DNA 7 510 H0HE 298 5 R (1 L il 7 AR 38 2 1945 tH DNA J7 I 5 298 1) 3 ANt
FUBY B LR B R AE 3 TR AN VTR IX — Ak B R B — R P OCEEEUR B 4G DNA RIS 38 . Gk, R
Ho PR HAEIE L 4 TR DNA P HIER 29 1 A SR e JE A SARITIT 58 34k

1 BN R DNA B3I EHEZ 48 B9 B A

a2 I 2 — DU I BOR 5 T DNA JPFIZ I K3, 255 DNA JR AR v 298 0%, & DNA J75)
B2 I AR ST B S B A A 5 HES DNA SRS S8 BRI 0 R R SR 2 —.
1.1 DNARJIEIEIZHE

PE W SR 548 W DNAJE B AL BEALAG . 2% 8L G 5 10 7 45 5 230 i 5 4 2 41 I DNAY 4 Flob% 7 1R
A(adenine),G(guanine),C(cytosine), T(thymine) 1y £k ¥ HE 51, 3 A 5] HE Z1 7 PR DNA DX B 44 Js 28 1) D e S A
—3L X (gene). AN [l 5 [H] 1 Th g 45 57, %% 1 40 A3 7EDNAR) — & X8 P 5 — B S0 AN 7, DNARE S B A 1 A &
e A

O DNA JFFIRRIT HIIF 5 EAR/N AL ACT,G R,

@ HARBUE A E AT AL

© HIHBREBSAHIGIT  http/ www, jos. org. cn



2768 Journal of Software 13 Vol.18, No.11, November 2007

® KA ZERK ARG R A LA AR, ERJLE IR b
@ DNA J7FHHE A 5 v BeA7 A5 75
® Rt DNA 751508 (1 5 ZURE MR AE e B e e AR 2 3 3L
— e, A, C, T,GEE 45 [ HE B T 3R 7~ — 2 DNAJT F1 K DNAJF F1 & AF 2 - 75 4 (2={A,C, T,G}) L 1 3k
TR 0 S,5=(51,52, .., Siy .S (i=1,2,...,n,5i€ 2), H i ,n=|S|>0,|S|ZR IR DNAT FIS 1K . % S DNAJT F11 41 %
({47 B3 2 S 7 DNAJE B 4E.
DNA J7 7 HHE 248 52 K DNA 7515088 b F- IR I BOR, H AT, 3 2090 N 2 4
o DNA JTHIBEA T2 48 F- I —Fa e DNA J7 41 o (I F= A48 2 5 ) I B 52 X 0 22 4« DNA 751 41 i)
JE A A T (A 2 ) — T 005 1 R N LA ) IR AR ST AR
o DNA JTHIRIEFAHE: TR A 22 A DNA J7 51 87 AR 0] 1) — T G106 OC 2R LA R 25 D) R 8 5 T 0%
IE 0 U ) 72 2 A8 3R T B3 BEE (confidence) A 57 457 FiF (support) S E A .
o DNA T HITRIEIZ Y 1 DNA J7 51 08 42 X1 43 e AN 15, A A5 6 AN A o K 410 2 TR AT e AR B, 1 5 36
b A T (95 A1) RS TT BB H ASAE AL
o DNA FHI43 353045 & — 4 DNA JPHIEHRER — AN Kbr S5, L4 DNA JPH R £ 3 4E
BB DGR, R F1247 5 11 DNA 75148 & FL T E 28,
o DNA JPFI 5 H 4290 75 DNA J3 50 8 8 b 5 4= AL B AN (6] T oAb e 51 1) ) 471
XY 7 VRS B AN T B 1) (A AL 2 BT, G DNA J3 FI R 2 30 I 0 2 3R 78 51 v R BV S
(A 2, 3k 2 o 57 (S 2 I ) LA 5 i R 5 DG G 2 A0 AR B DG I 1, 3 0 A X 22 i) D 3 e DU i et 2 7 48
I ABE 2 Do) ) AR ADURE 55 5K T B DNA JP 51 2R 28RN 40 2835308 1) B (952 K LA AR (DU 557 140 7 40 21 4 380 A [) 235 (8 7%2)
HH IR K2 (A H 1) DNA TP B LA S [R] (R4 28, A TR0 10 45 g ke oy B A58 S AT ) T P 37 2 1) e 5 EL AT AR A
B SEI RSN 4 S I DG, AR 2 DNA 341 S W S5 9 (0 OG5, IR ) DNA 75 471 i AT B A2 s s 3“2 5
R
TEAEW) 8 b P SR AU B8 W9 A3 20 v A7 A0 A R AR ARLIR A 52, T 21 TR 08 P 2 48 AN 7 41 L A A )
FRIREL 5, 2 3 71 2 180 3 e A O Y s o 3 P 00 A i 240 2 g e el A O B SR 31 22 T FR AL AR R 3096,
CATTAR T fi A 7 9 Pt P24 AT T, S o A 3 B0 A A 0 FRORRACLA DU AT LA 3 00— 2 T ol 20 5 1) PRl i D 2 36
FF 4 v BB 2k LA K 41 o 20 A5 A AR S o R A TR 1, AT RT e A AL [ B0 gk A #H 2 B DL A H Al 2 0 B e
(11 77 70 v e 1055 52 05 31 L AT v R AR £ 38 40, T LA SN 322 7 71 1) o g 23 3 ) AR ALL . Sh BEARABLIX AN
18 ¥, A I DNAFE S BRI I H AR, 7T F IR BRI . R B E X (WA 31 858 1~ 45), T #ff 8 HL Zh g
25 1 P FUARALPE S DNA J7 51 S8 72 9 (0 F Atk AR AUPE T 97 2 DNA S 2 3R I 5T 1A% 0 3 28

1.2 DNAFFIFEIEF R AR

DNAJF I AHAL LA S0 1) — A = ZE R H 1) 2, 45 58 — 2 DNAJT F1, 75 7 2 Ha e v 2 i 5 JOAHARLRR J8 K
5 AR 1 50 81 k2 i 1) 07 %, 6 BRI 45 5 10 AR B B (PAM 2502 BLOSUMG2M7125:), [ it % &
TATREMAE N BRI 52 AR - P 5 1) 1) S A BRI, — B 20 R 4 J) LR G AR JR3 3508 LE 6T 4 S bEw] S o) e 31 i 4 K
AT EERE 38 1 4 R /K T AU Rt 158 462 v 1) 1 3, 80 70§ 59045 Neeed leman-Wunsch 57 75 28145 4% it 5 552 e v
FH A 3R AR IR A W) P A0 T Re AR AT, 7 R A 1R S AR B A B AR O B AR T R — S
X 38 E A7 AE JR SR AR AL 1 3 51 A1 skt FF 50 S AR AR L A TR AR B BB A 3 S 0 IR R e T R Leox)
SFEW, 34 2 ) ABL P 5 K FR) 1 1 21 3 7R J 0 B oo B9 A7 i T 5 25 ) S8 A8 Smith-Waterman 51.32: P 1A
T I8 gk 30 P 51 LG ] SCHR R AR A8k 3 22 41 FASTARY HIBLAST (basic local alignment search tool)EH 4%
GenbankZE DNAJT F1 HH 2 HE 11 P A AL 48 28 A 55 42 LU 271 1 18 b o) kg St .

Z T A G &0 — 2417 5 TR s EAT B, R B 90 1) PR AR ADURE 5 AN B8 bSR3, 19 )5 9 1) Bl 45 BRI BL e 45
AT UAHE T B 22 580 ot e A E T SR R S B P A 1 22 W 8 AR, DRt 22 R 8 xR 22 R e R U
955, AR LA AR T 1 T 288 3 S VT 0 D S6 R A b el 7 v g Lt %) R A SR AR A LU ) 1) 5 71t kA A 5%
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{16y, DAL ] L 4% 165 20 (0 S0 A I R 3T e K 3 20 1 L 48 SR 4 8 9 L o) 5934 20 Lo, T 0 — i s 1. 39
JITAT e B0 INN by 1 A6 7 50 PR PR Lo [ Sl 138 5 AR 22 13 71 1) Bk &5 SR 7 7 9 Bl X o Ll 48 SR A 3 —
A 1AM TR S BT K B SR T R AR A5 X S ARV I A AR A T R PR, BB A T L T
5 13 M) 235 37 47 N 358 T T A B I DAL B N A 800 0 5T, B T B N JR 5 e AR . CLUSTALWE? DIALIGN
(diagonal alignment)PS14% . i 714 FRy 7 30T HG 0 595 326 AR BT T — AN 1 72 2 BEOR AR 85092, O30 ik i AR 7 vk 4 £k
% F A LA, T 30 b 45 SRR T 5 o 1 X SR RE R I SRRk L & SR (0 R AH 50 AT B v R
JF A BOAS SO A5 A L i ) 1 SRR A O T s A BV 1 2 )% 41 B 6 SAGA(sequence alignment by genetic
algorithm) 42354, MUSLE(multiple sequence alignment) 4275 5124

VRO R4 15 51 LU S50 1A v 2 I S 1) A DA B R A e e EonT &5 L 1) B8R Y 1 91 L A ) Smaith-
Waterman 5. i S0 5, (5 52 2% B i FASTA I BLAST 2 LL I f) A0 1) R B e 3 IR 3 L= (0 88 v 22 )7
G LSt R R RS FH S AT K A2 CLUSTALWAL Y 7 41 LSkt v A7 1) =3 22 ) JAE 1 6123 B K K7 90, L
SR R BB P DA R B9 A R 4 v 241,

AT L RUR 2 5 I HLH 0 e 51 ot AR B 7 #5508 T AR R 51 vk, o T AT o A o 7 e ) AN
B RcHe 1, DR T L £ 4 32 305 51 B0 K 0 s mi oL T oM T IR AR 51 5 A AL IR S Bt T ST R A
F AR ) 77 L U 1) 2R 51 45 R 8 AN A D1 3%, ek 2D F 8 1A U7 i) L, 32 T MRS(multi-esolution string) 2 51
SRR R 5| £ M PO A B R 5 5 A AT AE B — ) B, Wang S5 A\ 4R H — R LA B it uE e 3
TR A W) 2-PFTI AR LI E 25 0 b BE A5 AR, e 8 Ak T A 75K B 91 £ g 3,

e PR A3 3T 10 ) B ARACL R 43 BT D7 3%, SR FH AR I 1) 28 5 1 B R, S AR A S B 2 D 7 SR R A 4 5 5 o DA S 2
DNA J5 5\ S0 425900 H LRl R G B, - B T3 e P2 90 45 S A v off .

2 DNA 38R IZ IR B AR BT 5T B B

DNAJT I 43 1 3022 B R LA STV T I8 91 34 1960 4, b )5, 147 2 Ge v B L SV AN S R I 4 .
FI T DNAJF 5S04 43 #7130 Sz 98 R FH 2 1, 5307 (4 DNAAJSE 1) 43 17 77 9 1 R R ASS 0000 4 vh 28 30 A A S o o
H07E A 5 R R R PRI T RS T B R RN DR RE R K B N FDNAF A T A1 T 3 A
WECHT B 1) X BB 21K 4 ] I DNAFE 51 B4 12 9 75 10 AS 2 i T AT 1R S0 U2 B X DNARE S 81,
M2 F 7n e 2 — B iE & DNA T 51 (1 4% 4 J5 3, il CLUSEQ(efficient and effective sequence clustering)
25 CLUSEQ VA ST 0] B 111 T 41 B0 b B4R H 11, AH i L 4302 S mT LA T DNAJT 51 B
Table 1 Research phases and features of DNA sequence data mining technique
F 1 DNA JFEHR 2 M 0T SR B LR

Phases Features

Statistics-Based data mining methods have inherent ability to capture sequential
constraints present in the data, but it is not effective and efficient for a large-scale data
set and the result is lack of interpretability.

To apply general data mining methods, DNA sequence data need to be mapped to a
suitable form. But because dependent relationship among elements in DNA sequence is
overlooked, the accuracy is reduced.

They can capture sequential characteristics, and are scalable for large data sets.
Especially, they can deal with DNA sequences containing noise, gap and fault to some
extent and define some effective new similarity measure to fit DNA sequence mining.

Statistics-Based data mining
methods application

General data mining
methods application

Specialized DNA sequences-oriented
data mining methods design

2.1 ETRITHRARMIIEZE T ZNE BN KR

GEVT AN 248 13K R 2 A BB (K R, VR 22 B 42 8 U ik Is T T SR G o I S0 el A,
HARGV BRI AZ 8BRSV F6 s LR T BOMIBIEFT 0 G 1 A7 AL 22 57 (B 1 G vk SR el 5 i 4
HURE P I H T KB 70 BT I, € 30 10 B A2 4 R o T SR B 40 o 1) 535 sl 2R R 0 AT i b 1)
P AL, 2 1 Gt 1R TT 46 1 23 BT DNAJT 51 5l B A AR P (175 247 :Chauhuri & AR 2 T 4871 DNA
TS U7 2.5 2 DNAJF 51 K B4 Porik i H — b 87 T HMMBURFAE [ 5 43 7 125 ) ] 28 K52 41 SR 8 AL
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SR, DNA FP 51 i 3 1, 21 88 01 1 SR 72 36 7 VA 4E 0 BT DNA FRA s, th Fib BE k. 45 ar
PR I 22 A DR SR TR TR 0 T S L TR T T AR R B A IO BB B ) 00— A B R A2 9 R
A DNA J7FI U 534t
22 —RRUCEURIZIE A AR R A L

XANHY B I DNAT F1 B8 3241 77 1952 56 K DNAJT 51 $5 b e 5 3158 & 1 305, B R FH — Ak (9 5 42 9
S DNAJTE SR, W 26 Apriori s 35T AT 238 5% 25 5 R X 4 5 0208200 JE TR 43 ffk-mediod MY, JET
J2£ UK I B34 % (single-Tink) 2 25 58 25 47 i 7 925, 96 T % 0 Ll A2 4 WL 45 21 1) AR AL (¥ KNIN(K -nearest
neighbor) 7> 25 77 DL 7 P Hepg T L ph g i 2 o0 S o g LIS 45 00 2K DN 91 4 1) 7 10 5 2

Z 0%t DNA J7F0EH AT — 5 1) e S A8 4, — AL B T2 48 U7 v e % S0 DNA 3 5158008 23 BT 1 ) 119.4%
M, — WA AR T2 48 77 1L 5 % U5 18 DNA P HIG &R N1, 2% DNA T4 & 7, A DNA J3 41
ACT,G LA B LI TG R 1), 1 A 4 45 S e = HE A I 90 01 DNA T 471 v 1) G 3 44
Tet) S b 3 PR P T 22 i) S A A 2R IR 350 1) 45 S DNA T B 2 L AT 20 R, DNA 2 51 5030 B 1) A4
PEVEAL 5 2E M) 7 50 B0E 9 1 75 SR OG22 IR 75 B R L 1116 DNA FR A5 2 3m A

2.3 E1HE [EDNAFF 5 Y IR IZ 1 AR B

H1 T DNAF Z1 5305 A< B e kM, — B4 500 42 0 400 Xk DAL 922 7 T -T- DNAV 51 550 F 52 3 B 17 41Xt
DNAJF F1 B4 184 1] B8 22 S BoR 8)  8075 47 :2004 4 Ester2s: A $2 Y () TOMMSA(top-down method for
mining most specific frequent patterns) &3R4 T0 1) F 188 S ms, BE 08 A3 S Km0 46— @ R B4R
TIZHDNAK T HIRE A 1920552004 4 Wang 55 A4 HY P [ B 3724204 4 5 AT 7 n) A2 K [ B (1 DNLA T 41 48
A:2005 4 Wexlers A4 H ATRHunter 423 DNAJT 31 v £ Fh 24 8 ()30 L H 15 8 43 4 BYATR  (approximate
tandem repeats)™*;2002 4, Wang s A 52 ST 51 65 41 ) LA K 81 5 4 ) R ARTADLESE J3E 66, o R 17 44 M0 AL
R IR T CLUSEQER 43 (2021 | esh A4t T FEATUREMINE S92 22 o 1 71 45 2 i e R 5 40 2%
FEARAN L 25 $E 5 7 DNAJT F1 43 2 53 4T I HERA FE . 18 9t T A DG 90, 82 B K 24 46 4 ) T 14 DNAJT 51 11
S 2 A W55 T A T o 1 R 108 o A T % () B4R 59 R - 5 DMiner MM Sk ad F ot
AR A5 BT 1 A B P I, S T S DR R RS9 R T T 5 A AR R AR T T K
SCB E OO R T I TR AR 3L R AL o AT T VAR BR E R T AR ST SE N T g kIR 5 5 5K &R (R AR 9 i A
490 b ¢ 2 A 0 B PO o 5 DR TS0 A0 PRI 5 350 11 B T AR 224 K R I 5 B SR B, i R R o e it Ay B
SEWFSTBE A A5 B0 SE I T A1 B RO B A 5 1 B ok [ A AN R O

LT A DNA PR 2 0 AR R 2 — AL P 5 B3R 2 i BRI 5, 46 DNA FRHI4 8 Eift s+
Lo Hr 5 SRSE ELAT AR 2 8 S RN X — B BE IR 5 102 AN DNA 5155080 BT B AT IO AIE Y 45 5 T 48R 1 2B
ST S AT RN . FVERCR . HER SR O T AT T Ol AT TR R R K AR i T DNA R SIS
R0 I AT i AL B 22 (1 I P 9 SR AEUR B2 2% 1) DNA P SRR A5 22 RE 1K AR 2 o0 s SR LA B e 1 2E 4 A i
TS L 111 1) DNA J3 31 [0 5000 2 0 S0 RO TE B8t T B v PR BESR K — BAY B (K0T 90 75 BEAHOK 1 T4

3 DNA FIEIRIZHE A R BR A

3.1 DNARFFIEXIZHE
DNAJFF A5 AR A A b S AT R 0 O s 2 06 2R A0 1 0 2B A7 BAT 42 00 T K 3 SCL IR i, U1 T 6 A3
S DNAFFU KR 53 M7 10 T P 25, A7 B 0000 ) 27 S B R0 AR 12 9 i) F4y 20 55 R P20,
EAEYE B, IR T KR A =R R B 7 92, Brazmal® fiBrona Brejoval®24y Wil 75 1998 4EF1 2000
SEAE T VEAN A (W2 2), 38 7 3 820K 2 o 4 R S M K 1) KRB DN 70 K030 o T W 2k 6 o A
Table 2 Classification, feature and representative algorithms of DNA pattern discovery methods in earlier years
Fz 2 HIH DNA FAIBCR IR ITZ. 5 s AR
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Catagories of

Features

Representative

methods algorithms
Based on exhaustive ~ Enumerate all possible patterns satisfying constraints given by user, for each pattern
search. Enumerate find its occurrences. Algorithms may run in exponential time in the worst case, therefore [54]
. - ! . h MOTIF™™, etc.
all they may be suitable for finding short and simple patterns, especially when allowing
possible patterns. patterns containing gaps. The advantage is that it is guaranteed to find the best pattern.
It is difficult to find longer or more ambiguous patterns using straightforward
exhaustive search. Sophisticated pruning techniques can be used to make the search
Using prune strategy ~ feasible for typical input data. The search strategy is that starts from short patterns and Pratt?®,
in the process of then extends them until the support does not go below a certain threshold. Branches TEIRESIASP®,
search which can not yield any supported patterns are pruned. Its main advantage is that it etc.
allow to search for longer and more complicated patterns than simple exhaustive search.
However the theoretical worst-case time still remains exponential.
lterative heuristic It is not necessary _to find the best pattern, but may converge to a_local maximum, the Gibbs®"!
strategy which limit length of pattern or gap of pattern is used, it may be lost some [59]
method L . . COPIA®™, etc.
useful patterns, but it is guaranteed to find a pattern almost as good as possible.
Methods Some patterns cannot be well described by a simple deterministic pattern and can be [60]
; j h ; .. EM®™
constructing expressed in form of stochastic model, such as Hidden Markov model, or position [61]
. I . L. . h MEME"™™, etc.
stochastic model weight matrix. This kind of models does not necessarily converge to global maximum.
Methods using Using information from sequence alignment, or global properties of a sequence. The [62]
L - . - h 2 ; EMOTIF™,
additional results are more suitable for biological meaning and application because using more etc
information information available about sequences. )

B 2 0 AU T 5 2 B T 38 P T KRS S0 £ 5 g 25K 1 P A B A 0 SR A2 B T2 G T A A
ACIZ I ) 05 5 b1 Agrawal I Srikant T 1995 47 43 #1428 5 5 1 4 (K 3Lk 1o SO f A T4 b s — AN F B4k
I P48 5 1 S R E B, e A 428 i 2 e 30 BT A (K0 A0 % 1 1 30, B 7 81 4 ot IR SO T J /D S
P B (19 F 7 4118, 1996 4F, SrikantZ A 3% Hi 56 T Apriori L AH 19 GSP(generalized sequential patterns mining)$y2:
D A0 5 ) NI IR 2 J2 I 240 5, SR P 0 JES 1) 9 00 5 S0 W 25 90 9 0 5 2K (H 22 ) 2 88 1) 7 T, 24 1 97
KA PR AR IR 77 A R P S 4SS 2, 75 A0 B 4 i e 70 s P, I L2 A T A A A K P A 40, ot
O [y i A5 XA R K, S SOV A LA K B AR R AN o0 T AR XA 18,2000 4, Pei %5 A4 HY T kTR
K PrefixSpan 592 1AL R 40 v JB AR AS W 77 25 8 51 B008 P42 10 22 A B /N (0 350 5% 5008 1 3R 70 5 A B KL
P L AT e A AR S A, B T 20 7 A Ak e A5 5, DR 48 O T 48 3R s ) L T T A A T B B R K
ik, M RE AL T 28 Apriori k.

SR T DNAJF 51 A 7] 22 55 17 91 45 1 91 84 , B4 %5 GSPL, PrefixSpan(® FreeSpanl®! SPADE (sequential
pattern discovery using equivalence classes)™ V45 ¥ 41 4 347 4 45355 17 ) 21 DNAJT 5105500 I, 512 96 30F 552 6 ] i 4
P 5 7 TR A A 00 B, ) 1 e 4 ) i B A SFE K (Hash % idllist/bitmap 2 725 AN BE AT 2400E FH T-DNAF 41 2% [/l
Ub, P98 Bk 7 L T T DNARE #6254 1 ik,

AL JUAN J7 T 4538 5 1110 1) DNA J3 91 (R 342 4 AR BORIF SR 00 :

@© FRFNE. AN I B I 22 5K LI A0 BB T 4R, AN W e B 31 AR AN R 2L X 2 7 8
R A2 v 1 — s 7 AR bR T AR Bt R AR 1 i VR A R AR b S — e B K E A
Bl AE AR B AT AT R SRR A — S L AN IE A K I DNAE SR 429 48 Ab FEDNAE 51 5 8is 1, m A
SRH S e 5l BT A 7 vk B X DNAFE F1 KA S IR 4548, 59—l SR 1 T[] (0 48 2R vk 3 b 14—
SEFE P F BB 98D K R S 40 T, 21,2004 4 Esteri A £E SCHR[L7] 70 32 8 —Ff R A TR R iR 22 5
W 1) SR TOMMSAL 1 56, 0 T AN 5 2R B S8 AT R 1R e 5 2, SRR B0 vk — A LI 1) b 48 2R o 0, FH 1 1 o A
I e R S A 88 05 T AT LA i 7 e KK B2 1 1 13 00 T 2 ot A A A8 QR A 44 D, 1 81 LA A 1 i
() 7 9252 9D 1 e B AR — A A X B R FH A 1 et TR AT WAk TOMMS A7 12 A i 1) 40k 32 A X g K H80H
nxIx(1-1)/2, BIO(nI?) (FL 7, 12 7 51 303 7 v e 0 1 e KK B8 2 e 908 ), Jg it b F RS 1) B 5 im0 S )
TIVERIANE DL T 77 A (s U H S O (| 2™ (e, 2R 7R DNAFE F1 7 A A~ B mo S R o de KA ).

@ FLAT Lo BRI A BRI DT B 1 A ) SR X b 1 AR 5 3 RT R A R K T o F A A5 K ) 1 DC
T A A2 A, 5 T P AR UC T B A 1) — S A 240 o 11 1 A ASE 22 9 A1 5 2% LB AR ) A2 ) 45 i 2 0
FFAE. BT DNAJTF1 AT REAL 3 AT 8K P8 1) o Ff) A 2, A ) ) DU A 45 100 B P BB DC Fi . 2004 45, Wang 4%
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AR T Py 82 i 4 25 AT 2 K BE 1) b DN SRS ) B B 00080 A SO AR 7258 1 By B (segment
phase), ## 2 I 47 7% J segment ) A 0 75 ] [ 1) R AT 2545 XG5 565 2 B Bl (pattern phase), {125 1 Bir B3 21 1000 %%
RO A A 5 4 T AR R i) 8 7 351 ) 22 1> segmient e ol RO A ASE X L x X, BRI AN B B2 R IR ) (AN )
LAAE 5 i, e RRRY i —1>segmentifiy AF — T i BESHVA KDL A6 T, BERS AT S 1 B BORAS I Ja A A
SXGREARHT 2 B Bras XX\ 2R 1R I Th) 3R SRS 3 5 4725 4 0 35 A T P 1] i PR 5 R i £ 0 7
FURESC R A ARG AT 1 00 B2 ), e AT A A 2 00 P B A2 i 75 3 (R 0F 473 0 24 i 2640 P B A X4

@ 25 g5 R R A5 ROk R 41 4 v A 5 IR P AR U AR R K R AR ARV 2 U R B, T 2Lk
2l K I [R) R 23 0], I ELAS T 25 3 AR AR T 982 4 B U s, 25 BR U AR o BOA 7 K — MR o i
SEBNE T 74, i L B R (maximal) e 41 B Bl P12 (closed ) 1 2188 2. H - 3 470 AR 20428 0 e 1% O e il 2> A A
AR, IF HLIX s 48 02 TS . Yangs A ) — Fi 3% T PrefixSpand5 ik () 11 & 13 51 15 232 4 575 - CloSpan .
1099 5 SCPH & Fe A R A — AN e AU s 2 P 45 100, 00 SR 50008 8 PP A5 A0 AT A S s LA A 7] S 5 B2 1 s 11 4
J7 %1, CloSpan & i 5% ] 10 35 A B AR AE B 425 3 1 3k 1] & 7 0 B X 4B B a3k A7 i 3% - Il i (candidate
maintenance-and- test). i H 1% A~ 42 & BY A7 38 2R 24 R, 4 T 2 7538 16 3 BB = AT g 2 M A AR L Fi T K & A A
(BG4 P A7 I 75 227 A T (1 A, DRt A FH CloSpan$5032: 4 B 5 471 00408 s i 5 (9 XA
K. 2 5 WangZE A2 ! BIDE(bi-directional extension based frequent closed sequence mining) F1&r ¢ 415 1
40352004 SR ] — Bk 4 BI-Directional Extension i) [ 2 K il 55 & 52090 AN 75 92 24 7 4k 16 5 X0 STk [64] 7 SE 36 AIE
S, BIDE Lk CloSpan 2 4 1 25 AH 5C T 923 A Tzvetkovas A 32 Hi Top-K I & 17 F1 8 32 98 505 TSP(top-k closed
sequential patterns mining)™®*LL & Cong® A4 th 347 1 & )5 515 X 45418 17 Par-CSP(parallel closed sequential
pattern mining) 145, 5 5 5 v () HE A KELAEURIF A SR s T LUK A= 00 1 90 S8 PO o83 HEAT S50 O BT T A W
B AZ B T b 45 AR 4 ] E — e B B AL R U AR 3R A I m I

@ FEHRBME IR —— R BT A5 (tandem  repeats). 2E 4 1 T RE LSS B A0S PR HEAT 53 517 AR K
HEG)PH PR R, ESP Y IARE AL TR, U 2 T aE H AT AR R I, JF B2 R E
(97,2003 4 5 H,Makalowskift (Science) % % # R, T AP HLEHEAk I B b mT LU T 35 Bl T 1o 2k
[X/[%8] International Human Genome Sequencing Consortium7i: ¢ Nature) b /302 th #2310 2 A\ 289505 = 5 5
B 548 it 5 i, nWilliamsZE 44 . Charcot-Marie-Toothdi (L8 WL 25 454t ) 25 8%, R e, BT 5% 1 5k DNAJT 1) o
(0 T 25 H 6 1 7 A R R AR A A 77 S R BRI A SR g DR DR S A R X A A TR AT AR R AR S R A
AR SN REBE 8 T SE At R AR A2 98 B, R I o3 BT ix L6 mi )% . KA S 1 DNAE 5 /5 51 2 JE 5 A B 1) o
IRE R PRI P I — N BN R, CH TONATR SN . SER AL PRI BRI 4 2% DL R AR iE o0 4 B
HEERAEDE L BBES PR IERE —DNAFY T E S LSRN — e 4. EERAERR, 7R
FE R ) — B e ) U0 B (R 0T 9 32 22 2 o 52 42 R I8 2. 43 7 51 PTR (perfect tandem repeat)! 72, [ 11,45 A
2 WEE SR il 2005 4 Wang&F A B T B RS R A RPN E S B E X——m KA EE
LPR(largest pattern repetition), Jf: % i T & 51 4% ¥4 J5 4k 341 (succeeding unit array, i FRSUA) 58 i LPR 7 $ 173,
SR, FH T DNA FIAE AR S AR S5 10, 5 BOX L8 5k AERS B AT 45 1. 2 A I PTRA I, 5 0 ik R I IX Y 1) il
UL H I T AP S ATR. T2, L T K i ATR R LS VR 7074781 iy Beason 15 31 (1) TRFinder 57 A 547 5% 1 ) 11
B 106 T 52 A1) R ISR U Kurtz 25 A 42t (R REPuterl8U 5L T 5 45 W) 60 0 I 77 i N 5 47 K /N R 461 AL i T 7
J7 50 5 4 LSk, DL S DNAJT 41 rf H B B4 i (9 3 52 7 47152005 4F, LisE A2 H T — R B e D e A
FOR T 7 411;,2005 4F, Ydo Wexel %5 A 45t T VP43 6 201 3 Rl S RIATRS I 5 45 i — AN VF4r i S 0,
FEH A BET=T Ty T AR AE — A T R A T i A2 (T3, To)2 (3 =1, ...,0), T 4 ] 5L ATR (simple ATRY); 2473 42
T;, Tiw)2n( 3 1 ,i=1,...,r=1),T 2 4B 3 ATR(neighboring  ATR); 24 3 A& &(T;,Tj)2m;; I, T Jy Jik X ATR(pairwise
ATR) M S A f8 R ol b 49406 004 326 560 40F 14 B9 B 4L ol P AT R 2 B335 1 48 o BB SR T 73 K /AN 1Ry i 80 i 10
AHAR T HR 2 75 AH AL, 25 e nT BB L ATRS [P IE A 32, T FH 2R 2 [ B IR IE Ik 26 {08 o AT R, 38 1F 1o B2 15 58 %
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AN FRIEATRE T — /N BE DT 8 LU UF BP0 2 0 K T 45 8 B R 5 1 R ATR. B 36 et
TG HEZS DL BE B L VP20 bR 202 B DA SR ] 1] B 4552007 4 Wang 55 AT 78 17 ALY H 52 1 Be i 8
i) S Bk E A B M0 R 51 A5 R T S I RE K ), 51N TR (0 AR L AR T DL K
SATR(segment-similarity based approximate tandem repeats) I #% &, 37 J5 46 B 41 (SUA) [ 3Ll % i1 T SATR
0 T e S5 SR AE A R P AN T S R A B2 A RV AR ALRE 25K 1 00 T4 [ (9 155 25 3 47, S0 A et
AVIG T LAt 7] 2 T vk AR i, B 00 A s i S0 s SRR R 5 SON A 35 e S B s R A2 2 A B (s 1 4 ), 6
T S FR A, SR AR L DR i, DG T R I T AT AU A 42 AN [R] T KD DU i DA ) P 91 B A2 4l 55005, 2
— WUEAFWIT 5T HT N 4.

PAE ARG . BRI S R 8 . BB A 7 il A 1 I AT A 2B P A A 75 A1 #%
A A N (0 25 4 27 15 5 AR BRI B ) Py SR A5 0 T LIS 0 AN ] 169 2 0 2 5 S, AR AR R 2 ) 40 AR e
Ak B P 51 RO AIE J 22 77 1 PR 3R BT 2 ) A2 ) P AR A 4 R (L3 3).

Table 3 The criterions of DNA sequential pattern mining algorithm

% 3 DNA J@oI A gz A K 2% AR br

The criterions of DNA .
Representative

sequential pattern
mining algorithm

Features

Scope of application

algorithms

Search strategy

Traditional sequential pattern mining methods
following the paradigm of bottom-up pattern
generation, which lead to very large numbers of
patterns. And they are typically too short to be
meaningful. The method which performs top-down
pattern enumeration can be used to mine long
pattern efficiently, because it does not generate
enormous meaningless short patterns. The results
may be more suitable for biological meaning.

To find long and meaningful DNA
sequential pattern.

ToMMSAL,
etc.

Scale of result
pattern set

Since a long sequence always contains
considerable subsequences, an explosive number
of candidate sequential patterns will be generated,
which is prohibitively expensive in both time and
space. Mining closed sequential patterns can lead
to not only more compact yet complete result set
but also better efficiency.

Eliminating redundant patterns in
order to get suitable result pattern
set. This compressed set possesses
improved explanation.

CloSpan®!,
BIDE!®, etc.

In earlier years, the aim of tandem repeats finding
methods is to deal with exactly equal patterns.

Finding approximate  tandem
repeats is an important and
meaningful tasks in bioinformatics

ATRHunter™,

Special pattern tyne However, events such as mutations, translocations research. Tandem repeats detection SATR finding
P P yp and reversal events will often make copies is useful for genetic markers, such algorithm[84],
imperfect. These patterns consist in approximate as for DNA fingerprinting, mapping etc.

and adjacent repetitions of a DNA sequence.

genes, comparative genomics and
for evolution studies.

3.2 DNAFFFIXBLS 1T

FCIEH N2 4 ) 8 2 1993 4F fi Agrawal %5 A 76 SCHR[85]F 5N Ja , TP IR 32 2 )12 9T 9 fl sz 8 1, K
T3 9 1 AEAS Eh1 Tl e DT A Ak T 9 A T e — 2L e DR 3 ) 408 1 1) &5 SR B30 DA 41) G 156 43 W7 i 108 % 00 3 A
Z A-DNATFFI 2 [AIAFAE U . 4638 7 %) 18] ¥ 25 D) BE A Bh T 5 DNAJT 4] 18] (19 AH 5. 9% & FTAH B A, 0 S 2%

OISO IS4

fij B 1 130, DNAJF 51 ST H U J2: T 1 S==>T ) 26 1 38, H o SRIT /& DNAJT 51 455 2K 561 DN 471 5 156 23 #7 55
BTSN AN L B 1 D AR R BRI SRR M R R S SR O R A 3.1 4 R B (R R B AR R
FAPRSVER) 5 2 50 HAS 20 107 Z1 A5 2 AR i S THE N S==>T, 18 W) 1 5 45k H 52 KF B2 support (£ 7 SFI T DNAJY
FHCE 19 43 )R E S confidence (B & SHITIIDNAFE 1 % 5 HAL 4 SIK DNAF F1I BT EE AR ) S BEA.

DNAFFISEIE ST (1 55— B 2 A8 00 75 DNAY 51 4005 45 v 0 4% H LIR30 90 44 g DNAAJF 31 L Ath 42 4
FRAE R T B RO 52 DR g, A0 [R] R DNAJT 1) 4t B 28 38— A LA L 19 S0 0 12 bl 2 k628 31 [R) — 20808 22 25 TR
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2, T B DNAT F B0 45 BT AR

WA, 5 R4 BT A DG I — A DNA 7 21 B4 42 48 £ 4 /2 386 4% 43 #7 (evolution analysis), HAT- 45 2 3 ¥
BIFE B ) BB B b 1 DI 0% B8O 1 2= 2% S 06 IE S, 5 BS99 1 66 DR AT A8 78 56 93 O AS [ B BB A A, IR0k, dn
T BB H 245 B 995 R (1 A [RTBAY Be 1 et A IR 7 WA ] 8 T K 6 0 2 5 A RV B B (0¥ 9T 245400, AN T B A B8
A R VR T O X 2 A W ) 2 AT S OG0 1 1), LA AR A 1 S B AR (L, DNA 3 371358 748 43 AT B AR IE 2 — il
HHHTBL.
3.3 DNAFFIEELSH

BT AR FIZE A (K DNA J7 5 BT 8 12800 3878 751 2 AAH B 56 R, 31T 2 AT DNA 381 3 B (1)
— MR

L 10 S8 B, L TR 43 (K -medoid 83 M L T 2 V) 43 3% (compllete-link) B9 M4 2% Ze - S AR AL
JE IS R 5 AT BT A, DASSCVE S A 2% P AR K, TR b AT Tl LA B B2 1 1 K MU [ DN 51 400 4R v

Pl 5 A P 4 8 B 5 (edit distance)” 7 ¥ E AR XTI B 2 1AV B ML AN 1 B sy Als, 2 1] 1)
IR B9 0l SRS, WU B s, i 75 45 4E ({insert,delete, replace}) I AN %5, 4R T 4 % B 1357 19 7 V2= LA e 1) )
() s SRR AL, 0 20015 570 0 S B i 20, a9 A (822 ) J 90 T 4 52 010 2 0 T A g A e ) T B 1. 2 )
SCHR[92,93]3% H B2 1 (block operation)fE — 2 FEJE B3R AN T 1K — A & fHIXFh 77 VAT AN fit 5 4 1 pe X A 1)
o, H 82 NP-Hard 7).

Wang% A\ $& 1 CLUSEQAH 32 POy dt 7 3K 1 15 51 Ze v I 1k R AT BB B iy 35 I ol 54335 — A Bt (segmentt)
A5 B 2% At 28 7 AT B8 B M 0 1 il R S AN 3 20 10 &5 R R A 28 se IR T G B8 2 7V TR O s AR
5 44 PST(Probabilistic Suffix Tree) K 41 413K B — AN o )3 1) 1) 4 1Ak 256 50 A17 A8 73 AR B0 RE (1 1 5 5 e

MR T AR SR 2R AR B Bl

Iy — BT VTR AR AT S 2R 5 10 R 2R I S A SR DNA 7 1 B4 Hh (1 5 2 e 3
S H REAE U 7 41 1 D BEARR 0, 6 910 (10 2R 2H e v PR R P KT b e A i EE e 0% 308 PP B R AE 1) P 21048 X
VE BRI M 2R 1 25 AR5 B6 Tl )RR AE SR FH A% e (¥ 2R 8 S0 DNA T HI 800 b AT S 26 o rp LA AR i
TR

Chaudhuri®& A $2 i 25 T DNAJF 71 2 DNA i (words) 7 4 111 4t 1, 448 H DNAJT Z1) 1] A5 1A o B = B 125 4
S FRABL P 3 A5, T A P 1 5034 4% (average  linkage) 58 2 Jy v kAT 3R 28 B4 3% 05 00 0A o DNA IR 4 ) LAAE 45 5
DNAJFFI[f1 4511 HE 3 (statistical summaries), ¥ L% DNAFE 71 ] (1 AR BLE 5% 1k ELB DNAY 51K 6 1145 5 K/
1) DNAH] [ 455 43 417, 3 A DNAJT 1IN Ay S 56 5 53 F 4546 IR 38 1T 48 52 K/ IR 3R A 0 2 4 IR RRAIE, 9
it 7 A0 N T FL.SWORDS.

B 325 1, Guralnik & A\ 42 HH ol ] {1 45 1) 2 2 1 2 8l B vk By v 1 S B RS 6 R B B 1
ISR B 7 51 5 5% 313 SRR ()97 25 ] 4% 5 38 T 4% 4 (11 k-means 38 25 7 i PP 380 6 4 4% 1) 1 1 90 6 i e 1
P T k-means 5% Ak LAV 41 Kt 5o i TG 7% B2 I B DNAT 81 508 58 28 1 il 8, FLZ 7 VAR H 2h 7
TR UE SARABURE . SE86E W] T VAN CURAT S 0 el b i vk o HAR AR 21 T R R R g L.

FAN 7 R — 28 Lh i Morzy &5 N AESCHRR[95]H tH 3 H R T $2 i DK 7 71 $ i 48 Hh 1 )2 Ik SR R A
AL P 17 5 AE R 1538 5 SR E %o 3L 2 3L R 7 41 1) 8 91 20 300 AT 48 A1 | 6 308 1) J2 TR R 28 D7 v S L 91
H (0 R 2 AL SR AN i R TR 1 A 1 A%, 1 L i LA A R R 4 S AU 1) AR AL AR M A I

of DNAJT B 58 2854 75 B30 A6 4 2% A e U3, A P i S A B HE O, 25 H O EL A s o o7 PR A 0 2R 2 3
W H A 3L B AR OO AR TR AL T O (0 3 R e A e 0k o A DR 3R B HEAT R 28 i, AT LA
B — 8 £ E R B3 T AT S B D R 10 I DI AR 10— 25 b, 3 356 DR 3R 008 BUH 13 380 1) 2R 2 4 Lk m DA
T 0 B IR 1) B A A sy A X, DR v e S VR U TR A vEE R R O RE AR B OC TR ST S M
SV {4 2 P 4% P PR 5 A T 10 DG T s 7R () 35 D] 26 3k M0 2R 28y vk 2 XL 1) SR 2%, T BiCluster ™ K7 fi gk 57 3%
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Op-Cluster®” pCluster®®2%.

AT il AN [ B2 DNA J32 91 B8 Py 105 P, LB S ] 45 6 2400 2 I R T 8 A7 280 AR ARABLRE 2 S, 47 2 L i
DNA 581 52 53 Bt 75 125 11 i PR P A S BRE ) e, - T4 S Wi B S8 2 DNA F2 471 &5 2R AR il P R 000 1D v A
IS 2 BB AT DNA PR SRRV R RN SVE I T S AL Rl (L3R 4).

Table 4 The criterions of DNA sequence clustering algorithm
% 4 DNA JFH KGR H B bR

The criterions of DNA — Representative
clustering algorithm Scope of application aﬁgorithms
Aimed at clustering sequences which share local common characteristic ~ CLUSEQP™,

instead of global similar. etc.
In DNA sequence set, some features which represent sequential nature of

Features of sequence

' ¢ SWORDSE,
Lo sequences can be exacted, for example, protein domain when DNA .
Sequence similarity . . : Guralnik
sequences be translated into protein sequences, because domain often refers [94]
measure - 6 3 i .- approach®*,
to common function possessed by the protein family. Designing similarity etc

measure based on such information may enhance accuracy.
Combining biological knowledge ~ Biological experimental data which related to DNA sequences can be  BiCluster™",
and background provided, such as gene expression data, etc. etc.

3.4 DNARFFIH LS

DNAFF 53253 M B IR 2 BE 05 4 R 50255 5 (1 DNAF 51 SHE 52 H BT g (125 C 3k M #ill e i sh e UL e 5
FCALDNAJT 51 I (AR 155 2R, il B DNA G - r ff) 6 DA 1 1) 451992000,

1999 4E WangZ: A DNAJFF 51 4> 2545 A% 43k 3 2500U: (1) —F3 22 (consensus search), % FI| 25 C 17 41 42
A — AN —3UF 4 (consensus sequence), B #E S CrH 43t &2 137 41 b ot i A 1 i) 1 2 41, T 3R 88 1 1 41 3R 5 R A
SDNAJTF (i) HA8 %% )00 & W 4% 5 1k ¥ 2K CI P A R AEC 1 )3 51 4 A8 FHILAR 2% ) J7 35 28 e 0 ok se
b5 FEBIS AT I8 1 C (i) JF 41 Hot T 7k, A% I EE 3 T H (I FASTAROL BLASTEH) Sl b 45 (1915 41) 15 C 1 1k 1A
HEAT Lot K AT e v LU 4343 (R 28 655 CIL T /7241 S.

REAT DNA J7 51 B0 FUAS 1) AN T35 K, 06T DNA JF 41 45 285 AR AT 0t A 7 5 e AR 4 B A A SR, 3%
TIN5 DNA JFFEAE 53 FE AR W] 4 LR LK

© FT P A x5y 207k

i 7 %1 R T B 43 2E DNA T 51 B8 A2 4 5 A8 I — by 2 0 B AR JEARLRE g R b 5 1R 7 410 S &5 28
Ci(i=1,2,...,m,mJ2& 2 E0) T 18 3 210 EAT EEeE, i SRS L AT S5 e bU X 1940, UK S YA DA 2K CL AR T, 24 B3 AR 452 K
I, 41 L o S mes (0 1 S o AR K.

@ TGl Ik

LT TR ] KeE(Markov chain) 43 28 43 #7772 AR 3% B 3 51 (K 28 65 -5 K1 40 L0 0 91, 5 5 AN B /N 11
s A2 ST — A Ty R 0] e BE AR T A1 S, 8 VB A T R AT SRR AR I T A R 2 B A% 1l
P(SeIM), 4R Ji K5 LA Fe i WO 5 1) T 2% AT R A AR 6 1 2 b 5 Tt 7 AR 0 S, 1102 T ) T R A R HMMs(hidden
Markov model) & Hi T /% 0] SR4E K& e 4 78 1M K (19— Fft B ALASE 22, HMM R 8% 40 7 51 5508 16 7 410 4R A 45 b o)
75\ B8 A TR ABE, B R DNAJT B 43 253 i R S T3 (s i 2 —.

® Gl HHKITiE

BTG vt W J7 V0 3 B 43 28 i T 45 Atk = AT R R kT AR S L AR 2% 3 0y ST VN 4y 5 LA T R R
P, DR 5 B i A A R0 e L g 131,

FENLAE 2 33 5 i, BT KININCEL AT 57 80 L A 3 3005 20 o 1 e i 102 2 R 75 A I B b gl 7 20 8 I
B — T DNAFE 51 43 2523 BT 1 FH 503 KNIN Y SR DNAJT B B0 1) 75 3 S, b 20 280 — IR 3 1S, 1 4 3k 3k
A58 S ARV G55 51, 88 I 13X kAN 77 471 g ELAR R 1k 1A 2 5 I 7 U 41 AR KNINAS 375 AT AT 9 5
R ) AH A 3 kA S AR ABL S B0 B, 757 2 A5 3 9 A AR 2 0 SR IR0 37 4 e 3 4, T 3 P 7 95 1
VSRR AR 2 O (102,
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TG HL 3827 2140 07 VR (e SR A e g 46 1881 37 5 1) B LSV M (support vector machine)™™® . it
30743 PO Y el LUt FL AT e 0 A 6 K0 S 2 T 20 SRRy T S 0 A ORIV A M 3R 7 DNAY: B B diE 16 43
45 5 DNAJT Z1 B0 75 B S 2138 & 1% L 504 1 JE =X (W 4 57 Markov model).2002 4F,Deshpande®§ A L T
JEFKNN, 2EF-SVM. E-F-Markov model s JLF 43 245 11971, 5256 ¢ 1], SVM 5 vk 15 H At bl 7 0548 LG £ 43 28
A I R AT R e R TR 2

Maddouri%s A\ 42 HH 3 st 25 e S R T S DR mh R B U043 2K DNAF B O L 2 2% >0 20 205 108 ik i
5 HHKMR(Karp, Miller and Rosenberg algorithm) #7244 1 5 R AN ZEAH OC R AE & (discriminant descriptor),
SR 5 I RE A JE M 3R Y AL X 1 20 T A3 v il B VR A R D, 5 S A P S A5 1 0 4 288 A Bk b e A
punishment/award 52 24 4 A B U] i A EE, LEAff P00 00356 TroASd 2., T 65 358 1D 00 0 9 2> B, 9 A ol — /N 3 0%
TN 7 S AR

FE TR 2% S I 03 S8 0750 23 e i R LA AR L P ] i B Pk R T, 3% S VEANCK SRS A R A LA by s vk 7
P T8 3 S 35 T, B 2 A J e DA D R TR P 02 5 L IR 2 TEAR A OC R D 2 ) A 5 b, U R AE A 2
TP M0 AN REREAE R 1K 77 923, 4 3 B I 28 43 28 J7 V45 DNA JP 41 3 28 b e = ol 1 DR b, — A 3% 2%
DNA J7 1 HHE 11 73 S 38 1% 2 2% 16 5 B 3L 527 ) 471 SRR AIE TR A X 47 A5 B

@ TR IS B PR e X o3 2 U v

TG 7y FEFE S DL H T-DNAJF 1 43 28 (0 B T 54N P AU R AR B A R S i 7E A R Sk ik e
WEGEE BT T 3% T8 35 300 1 50 A0E ik B 1 4 28 07 vk, B S U 4055 20 A2 4 S DNAJT 51 43 25 1) Tl ik 325
TR AR FH DU 307 o o SR S8 B v 20 28 07 7043 JEDNATHI. R T 98/ R HE 2500, 38 8 SR T 3 AN B R A v %7 1 2 AT
HW NGB IRHIEZE S B0 1 AN RRE AR Th AN AL B TU AR RFAE 7 2 AR 325 40 A 23 42 40 P R AR A
B BRI ER SR AL 2 VR LR 23 ST S AR I (14 43 SRS B2 S X — JEAR I —Fh vk 1999 4FLeshd A& H I
FEATUREMINE 532 P2 3% 505 1 56 11 98 232 4 325 (ln SPADED O x4l 43 31 15 H A A 56 1 17 B4 5K, 4K
Ji o T I A0 DAy 3 B b 3 28 I B AT R R AR A, T DIk 7 A5 o 4 3 28 B S [ ARRAIE 2% S B X T R Ak
T5r3K.

TELL b 4 ST ikrp TR B LGSR R 23 288 5 vk B0 st 7 80, AN S 78 T2 80 US55 ZER T
T BE TG00k 1 43 28 U5 ik BRI AV e 5 B3 1) ) SR 2 AEL 43 28 5, 45 SRR v R Mk 35 T 5 TR SR ML s 22 2
()53 28 77 1k T 45 6 e ASE A2 40 D7 125 00 6 TR A0 At M%) 23 2R D7 VE AR DR R 17 20 R P R 43 KON BE B b 7 T AR A
FLAR IR
35 DNAFBISH 5 if

Hawkins T~ 1980 445t T s 1 A I 2 S S i 2 500 42 v O 22 550 K IR 80808 e AT T I = AR LA o] REAS R
T A KA O K 2 B R R A R B AT UK I AR T, AT 2 A IR S A B A, T
SEARAE S AT PR B AR R 2 5

DNAT 1 574 43 87 v) F T 75 DNA T 51 £0478 48 rh A U e DNAJT 1, 4135 4 7E 9 DNAJT Z1 5508 422 40 1) $ic 47
AL BT 45 2 —. H AT, 5% T DNAFP F1| 57 H 12540 5 A B WF 58I 17 JL R0 B AR 0 5 L b (5 BT 45 38 %2 2
FH I 5E.2006 45, Sune A4 T bl T HE 26 5 S 208 1 910 B0 4 b S 100 v TR0 Sk pr G e o
PG AL 5 2R PST (probabilistic suffix trees) i, (CE i 5 25 55 PST AR AR ) 0k fiE X
A3 SR RN AR S 5B, IR S A a5 AE TN R M 3EPST  — 3840 1 =l 435, bt b AR08 47 I TRV R A7 A A A ST
FR I % EE T AN A AL B2 i :SIMy(normalized  probability) FISIMo(odds) e, 52 B 4iE W /2 B 38 25 5 51) 53 o A% Il
(AR ALL B B i, I H S T8 1045 B8 S Ui® B T normalized probability fE i (1) ] SE .

2T, DNA 351 5735 4230 10 9T 27 04 4 T I AR 22 Pkl 3 3 0 DRA e 445 00 1 10 5 3540 S50 A0 AN 5 ke
RN 5835 B Z X AE) R IS5 DNA P A7 A e S H AT A T390 AR R B
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4 BEmME—HITE

DNA J7 51 53t PR 2R AL TR RV 1A A (34 A2 S 4R A1 T HL2x DNA F7 Z1 5508 1) w389 1 . A ATTxT DNA
JP 9 53 B i SR I AN BT K, 73 DNA 7 55047 4l B A T 8 35 140 B, ) I S0k TR SR 1 8 i 613 17 38 (K 1L
B AR SL[FET T DNA Y 51 H005 12 9 400 1 32 B TR BBt R 38 T 3R ST B, T S 18 TR AU
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