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B BDD(Binary Decision Diagram)
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 Kurai etal. (2007)0)Y7 A 7 LOMEH & HERAEDO ~DZHAC U TR (F
A—THEL« )NAFVED) 5 LICKORINDOERZHAASTNED, T—X&E
MAINT MICIEBRWEDND 5.

o EHBEOFRENIE T DOFRITEL.

Symbol Binary Code Itemset Encoded

(v1,v0)
a (0,1) xj.0
b 1,0 T .
(L,0) 31 Sequence [temset Encoded

c (1, 1) ;1250
p1 = aabac  ai,a2,b3,a4,c5
P2 = baba b].ug,bg,uq
pP3 = aaca @1, a2, C3, 44

Sequence Itemset Encoded P4 = bbac b1,b2. a3, ca

p1 = aabac  x1.0,%2.0,%3.1,24.0,T51,T5.0
p2 = baba 21.1,22.0.%3.1,%4.0

p3 =aaca  1.0,%2.0,%3.1,L3.0,T4.0

pa = bbac T1.1,T2.1,%3.0,T4.1,T4.0
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MSeqBDDETDESER (Algorithm 1) PP3caBRD QD5eqBDD
2L EA ot lyean
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2. QM0-fImf R DY e, Z=P2Hi)13 %.
3.PLQOAI—DHim ALY, EE58HLWHINESEZRLTWADTPZHIT 5.
4.7 =node(z,Z,,Zy), P = node(x, Py, Py), Q= node(y, Q1, Qo)
5.casex =y . xI&P & QZ W T A RINDILHHICE T 5 (FEHIAT) Hm/INDOXT
> xDHNENBHIRZICERS . D14 (Z1) 3xh BT 2 T X TDORYZFH
(Zy=PUQ) , 0-K (Z) IO DRINZZTL (Zy=PyUQy) .
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B3R5 7—%2H5SeqBDDZ1EFET 577031 X Li(Algorithm 2)
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iyl v AV
seqBDD initDB
FIE :
1. initDB=0 (SeqBDD%Z#J#A{t 9 %)
2. for each sequence sin D do
3. X T s i iAFr, s & DSeqBDD Pz 9 %
4. P L initDB% it (initDBUP,) §% (Algorithm1) .
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Weighted SeqBDD

BWeighted SeqBDD & |
SeqBDDDEL Y VIV =41 M5 LEED.
BLyvIDT A M OERINOFEEHERZRIT B ENTE 5.
FEERT7 )L 3V X & SeqBDD & IZ XA U.

S ={aaa:3,aba:2,bc:2,bbc: 2}
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Weighted SeqBDD

HWeighted SeqBDDD#E:&
SeqBDD LAZIZR CZAY, U VICT A RSB DT ./ — ROHASeqBDDIH
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 NodeN =(p,9); pld /—FNICAS>TLKBUV27DT Ak
9 =node(x, Ny, Ny); 913SeqBDDD / — K
o=p,+t@, N ENDY A FDEEFMHDNOT Ak

0-FZ L 1- KR CHiIFZIE L THRD, BRBMDZNTNDY =1 FHFELWVY
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Weighted SeqBDD

B Weighted SeqBDDREITNESEE
e SeqBDDEIFIFFCEA, VA FOFTEMNBHICASENERRS.

Algorithm 1 SeqBDD’s add() operation, returns the set-union between two
sets of sequences

Input: P and () are the input Weighted SeqBDDs, each of which represents a set of sequences
Output: (Zweight, Z) : the Weighted SeqBDD containing set-union between PP and ¢}
Procedure:
1: case P is a sink=0 node : return Z = ()

2: case ( is a sink=0 node : return 7 = P

3: case () = P is a sink=]1 node :

4: Calculate weight: Z weight = weight(P) 4+ weight(Q)

5% return (Z.weight, Z)

6: Let Z = node(Z.war, Z1, Zy), P = node(z, P, ), @ = node(y, 1, Qo)
7: case T =y :

8: duvar = x ; .2’1 = Eldd{P:[] Ql} ; E[J — ﬂd('][:P{]_, Q[Jj

9: case r has a higher index than y :

10: Zuvar = x; Z1 = P1; Zp = add( Py, Q)

11: case x has a lower index than y : return add(Q,P)
12: Calculate weight: Z.weight = weight{Zy) + weight(Z1 )
13: return (7. weight, 7)
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Mining frequent subsequences

WA ER D FIRRED 1= b DSeqBDDDIEE T 1L T 1) X L% (Algorithm 3)
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inputDB : A4 > 7 v 7T —Z M SHAER L 7zSeqBDD
min_support : S B9 % BfH
f-list © inputDBDFEEALICEIT 57 47 LY A b

T7IOTv b
allFS : B ER 735172 3 L5 SeqBDD
FIE :

1. (BHEE T — 2O ) inputDBZHERE L, min _support LA N OFEAESAE D
RINZHIPRT 5.
2. & TSAME) inputDBWZEDYE, 4T,
3. &7 Frva (Bd) IR R Ty BB GE, KT,
4. (BEHE % seqBDD DAL allFs=1
<
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Mining frequent subsequences

WA IS FIRIRED -8 DSeqBDDDIEFE T )L 1) X L (Algorithm 3)

AIEMNS DD D E

5. for each item x in f-list do

6. (x-suffix treeDEIH) suffixTree(inputDB, x)
KxMBHIC D < R 72 5125

7. (x-suffix treeDHICZENBDH T A 7 L725E) [, -list
XxDIH LK PO THIIT 27 17 L2 5%

8. (x-suffix treeDIEXHERAET A T LOKNAID ) x-condDB
sex-suffix tree DT f,-lisliC FENZNT A T L2 HIER

9. (x-condDBM HHIHAEED x & 75> TV BB H D ERZE %¢seqBDDA# )
x-FS=x X SeqBDDMiner (x-condDB, min_support, f],-list)

10. (seqBDDODEEHT) allFS=add(x-FS, allFS)

11. end for

12. GEHER 7% seqBDD & I+ v ¥ 2 & U TIR1E)
patternCachelinputDB] = allFS

13. return allFS
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Mining frequent subsequences

S1; pl=aabac

S2; p2=baba
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3
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Mining frequent subsequences

S1; pl=aabac
S2; p2=baba
S3; p3=aaca
S4; p4=bbac

aZx 2 TATLIZEHE
S1,S2,S3, 5S4

a-suffix

S1; abac

S2; ba

S3; aca

S4; c

f|c-list={a, c}
sakch3EILLEHIR
c-condDB={a: 4, ac:3, aa:3}>FS|a

Initial DB e-suffix, f| -list={},
3 ecwcondDB
@ i3
2 1
1

1

b-suffix, f|-list={a}|—w| ba-suffix, f| -list={},

3  ba-condDB

3
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Performance study

HEDataset

DNA sequence data sets: 4 letters (A, C, G, T) = yeast.L.200, DENV1
Protein sequence data sets: 20 letters - snake, PSORTb-ccm

Weblog data sets = gazelle, davinci

The synthetic data sets = C2.5.S5.N50.D40K

Table 5 Data set characteristics and a proposed categorization based on the average sequence length

Data set name | D] N L i Category
yeast. L200 25 4 120 35 Short
DENVI 0 4 50 50 Long
snake 174 20 s 25 Short
PSORTb-ccm 15 20 50 50 Long
gazelle 29,369 1,451 652 3 V.short
davinci 10,016 1,108 416 2 V.short
C2.5.55.N50.D40K 17,808 30 42 3 V.short

| D| number of sequences in the data set, N number of items in the domain, L. maximum sequence length,

C average sequence length, V.short very short
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Performance study

B SegBDD’s Compactness

. fanOut=1- SeqBDTTec] XN ARTENFEIEHTE D h
total number of elements

+ fanin = PUPL BDDILT B T & THIC ENETERETE B

* |SeqBDTree| =the number of nodes in the SeqBDTree
*SeqBDTree: BDDIC 7% % Hij D 53 KR ODIRHE

g%?ﬂ%@ﬁ@ﬁﬁﬁ@?—ﬁ@:AﬁQﬁQQﬁﬁﬁyﬁ(?—&@E%%%ﬁ¢

Dataset name fanQut fanln Category
yeast. L200 0.22 0.12 Similar
DENV1 0.53 0.07 Similar

snake 0.52 0.10 Highly similar
PSORTb-ccm 0.024 0.004 Dissimilar
gazelle 0.42 0.16 Similar
davinci 0.39 0.03 Similar
C2.5.55.N50.D40K 0.52 0.18 Highly similar
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Performance study

B Runtime performance of the mining algorithm
« snake(a) and davinci(b) 7T — %t b2 & L 1iTseqBDD £ ZDD (14— 751k &
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Performance study

B Runtime performance of the mining algorithm
yeast.L200(a) and DENV1(b)7T — %t k7% & & IZSeqBDDMiner & BHfE~ 1 =/

7' FiF (PLWAP, PrefixSpan) Z 4 ZNDIHIEL RS2 > OFF RS 246

FERRMEminsup’z 25 Z D DE .
yeast.L200(d B&fH70 % TIXPLWAPD10f%, PrefixSpan®100f5:EW. LA L, [
{EM5% FE T A% & SeqBDD TATUIFITHEMN TE RV, DENVLE [AIEE.
SeqBDDD A r—Z B U T ¢ DENME (2251275 51 IBDDAVMENS) .
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Performance study

B Runtime performance of the mining algorithm

» gazell(a) and davinci(b) 7 — X v k TIZPLWAP & PrefixSpan D7 FLHEE DB ]
ﬁ?’\)\ﬁ%mé N5, T2 UEMED 3o FeFRIC iR S AT R $ﬁ®imﬂﬂﬁ§fﬁ?§’©ﬁ‘7i0)

(3SeqBDDMiner.
«  Gazell7T— %t MIBMENIEFIT/NE {725 7zBRICSeqBDD T FIHREMN T E /&
75%.
109{}00 [ T T T T T TT77T] T T T T T T 11 1DDUDD L T T T T
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- 100 ¢ 1 S = 100 SN :
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Performance study

B Effectiveness of SeqBDDMiner due to pattern caching and node sharing

«  SeqBDDMinerid EDT—ZICDWVWTEIRE/NEWVF v v ¥ a B TalENATRE . FRCREME
IMEWG IS Z ORI KEZ .

3 D
@ 1e+09 F = o 1e+09 ¢
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Performance study

B Effectiveness of SeqBDDMiner due to pattern caching and node sharing
o FARMICOITNERIEZ [T EIHFRD TS,
«  Gazelle(d)IZFMEZ DU FIF 720 TEMNHRNAKE K TT 5.
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Discussion

B Highly similar sequences

o RIBOELEDNENT —Z DA, SeqBDDT ./ — FOHAENTHNB XV v
FAIREW. FHTRIIDEWEGZ ORIRDRE .

o FIZIEDNARTZ AT K HOES DT —2 Y BT, NEZ—YFr vz
DIFRNEL, TURALOINT =V AEFE.

- J2IEL, iﬁﬂllﬁf)\ CTERINMDENGEIT Z0ARD / — FOHEEHRO XY v
FVDIE 28, PLWAPPPresfixSpanDiZ 5 MMEN EN SN &8 H 5.

HDissimilar sequences

o FLMEMENT—R DA, SeqBDDTD / — KOG Dinnizeh, EAD A
)y VDR,

- UHL, SHHEBEHEMEWIGEOHEZITIHEEICE XY Y FDD 5.
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Discussion

BDDZRAWTRIMZV/INY MMIRIBT A LIITESDH?

o RHNEPS T MW TEBSeqBDDEHNS C LI Kb, ZHERDHIFIND %
ZDDDYIZ E DT — X = Cal B REIC IR 5.
J— R ENEITF G TEZDIEWDITHEEE U Fzinitial SeqBDDD 7 — X HIT K
79 %.

SEHEINE— A= FICBTBBDDFIAD A ) v M ?
BN TESC Ty Y aZHETELZENRA VB,
Frv aZHET S ETHFRNGMUH L2 ICRIEICHE R ZIRT T &
NTE, HEUHENTEE2DOTYH IV —ICE| L THEAETAZENTES.

BDDZRWHEHNA—RA 2V FIN2—VRR7 70—FDO\FkinE kY
35h7?
ATy FTBRIDEVE LU ZBLEN SO, SeqBDDMinerld PLWAP
*°PrefixSpan’z _I-[01 % MEREZ 7~ 9.
LA URANDENE U GHELEDMENGS, /— ROAHETESEHDAY v
RAVNEWVWDT, BUEAVNEWIGED AT —F U T 0 OF S LSO XY w k
Iz LW,
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« BRI T—E2ZRIFD & B ERNDZEZTTIIHNEICTR DD Tl DZDD Tl
MinLENEW., £z, )V—FOEEZHFITIDDZHEL XIS T HExY b
TJ—0 RN ERETEE T LIEEZDOTT—ZDHFINKE.

« 2WVH LT, YRS DTHNIIZDDX D SeqBDD.

« SeqBDDIX FAd D Z H/N—TEZ SN, 77Xt sy arTulLES &
I 5L, TTITHEITREEOIRT — X NN EBDDOMENH LW (WERTEk
W &R0 DT X LRATZ & R MEY) .

« WHOITEIT—X7%SeqBDDTA kv 7 LTHE, TORMUMEZ @A) 50
IINERN IG5 & THHESHEITIV— N OMETRREDE L T2 fMatd
BXIFMNTFIETEZS.

o  HHICHERZEfI Xy b U—2ICT 5720755, JIFETZIDDERELTRELED
V5D FoWMO BohEs Lgy Ob— FEEOREIFERS D« « ¢+ ) .

« WVWITNCLTERY NT—THENKZL 558138 —DIDDTIZ7% < ZDD
DEETHE CULEE U & B ERERIN COFTEDAAREIC AR % & b 5.
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SeqBDD

HSeqBDDDE:E

e SeqBDD D i 5iN = node(x, Ny, N I X FxZFDONEHEI R Z /R L,
No(N)F1-K7 (0-59) MW HiRZ2Rd . HIRNIEN, X D & Z8EF T
RICHNS.
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