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Abstract

The detection of Transcription Factor Binding Sites (TFBSs) is an important problem
for bioinformatics research. According to similar patterns of motif sequences,
computational algorithms for detection have been improved to reduce resources
used in laboratory. There are 2 types of the detection: to detect one motif sequence
per one input sequence and to detect multiple sequences per one input sequence.
One of the well-known methods commonly used for TFBSs detection is Swarm
Intelligence. However, errors in TFBSs detection can be caused by different binding
sites in the same genome sequence. Therefore, to fix the error in TFBSs detection,
this research presents two concepts: The first purpose of this research is to improve
the effectiveness and accuracy in the detection of TFBSs with one motif sequence
per one input sequence by applying Particle Swarm Optimization algorithm (PSO) and
the newly developed Nexus procedure, called NexusPSO. The accuracy of the
proposed algorithm was measured and compared with related algorithms, using
information content (IC) as an indicator and test with DNA data of Escherichia coli.
The experimental result indicated that the proposed algorithm is the most accurate.
The second purpose of this research is to propose PSO _HD by applying PSO and
Hamming distance to improve the efficiency of TFBSs detection in multiple motif
sequences per one input sequence. The experiments indicate that the proposed
algorithm can improve the efficiency of detecting TFBSs with more precision and
recall.
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1.1 anudunsazadudiAgyvaslyim

aefidue (Deoxyribonucleic Acid: DNA) fdruusenauvfidifnydruniaiilugisu
Luaﬁ’jus] Funin drufitaduliadunisaensia (Transcription Factor Binding Sites: TFBSS)
FadudriviliiAnnszuiunisnensWady  (Transcription  Process)  dsnaldiiAnnis
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Tufinlsieanedogaiiiud Imaﬂﬁvaﬂméuumamﬁmiaumasml,mmua (Gibb Sampling) [2]
Anfulae C. E Lawrence wazanzlul . 1993 wavduneuissuy 019 dunewisen
AAUIEENER (Multiple Expectation-maximization for Motif Elicitation: MEME) [3]

a

AnAulaelae T.L. Bailey uaz C. Elkan Tul a.A. 1994 Tunsulsasuluda (Consensus) [4]

a

Andulag G.7. Hertz uae G.D. Stormo 1udl p.e. 1999 dumeudsolaeds (AlienACE) [5]
Andulae J.D. Hughes wazamzlull a.e. 2000 Funeuislulelnsaiawmes (BioProspector)
(6] Andlae X. Liu wazanzlud o, 2001 uarduneuisiBudawny (MDScan) [7] Andulng
X.S. Liu wagauglul a.a. 2002 10udu Lﬁ@ﬁmeﬁgﬂLLUUmﬁmnmdmﬁ?jm%’uﬂﬁamﬁ
neasta ansaszylsindudymiliaansoudlalureuiwnveanan (NP-hard Problems)
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nsuanwuuluadu (Flow Shop Scheduling Problem: FSP) [10] Jgymnisifensiosening
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aﬁmi‘mmmmzawqmwmqmymﬂ (Particle Swarm Optimization: PSO) [13] AnAu
1Ay JKennedy Wag R.Eberhart Tul a.f. 1995 LLaV%umauf;%nﬁmmﬁmmvamﬁamé’w
JEUUDIANANTUA (Ant Colony Optlmlzatlon ACO) [14] AnAulay M. Dorigo hazaglud
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Swarm Optimization algorithm to identify transcription factor binding sites: PSO-
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woalevlil (GALF_P) [19] AnAulae T.M. Chan uagamzlud 2008 Jiofiva (GAPK) [20] AnAu
1y D.H. Wang wazX. Li Tud 2009 lediefita (GAPK) [21] AnAulay D.H. Wang uag X. Li
0¥ 2010 egndlsfmutumerismaidsidotalunsmmamditniudafunsnonsita
wuvaneaeluiinsioanedeyaiiiiriinseunquuazuive Tunguaneduleiifinadnvas
finannvane

Feiu aAdeihiauedunouds Wonsesamdniitadutiadomsnansaiian
LLﬁ,Jue]"]LLazgﬂéfmmamqumﬂﬁ‘fu Usenoude 2 duneuls dureuiBisnoonuuunagiinun
Lﬁamwmwwdauﬁ%%’uﬁﬁammamﬁameﬁqmsﬂmﬁwmmaéﬁ’amﬁ'ﬁﬂLet’h Imﬁ@um
Funouanuduriug (Nexus) Tuulval shadudunoudounsdiiiunis (Pre- process) e
yhlvanelufiniidululiimundanuduiusiuegraiideddy wieutvansuiafiuiives
dolumsnsamdiigniutefensaensiaas uazinnuszgndsiututunauisnem
Aimnzauianuuungueunia [13] 3eniidunenisnsmamnzanfigauouanuduius
Tungueynia (NexusPSO) uaytuneudsiaessenuutuasimuniitensnsramaniisndu
Hadenrsnensfauuunarsaneluiidoarsdeyadiind Tasussgnddunauisnismen
mmzauﬁqmwmejmaymﬂ [13] Sauffunuafnsyezyaueni [27] Bontduneuisnsm
AvngaufigauuungueyniaTNiuszesnens dsludumeunaunisduiuns Wuns
iuurAnszegansufiandaumeaiaussvosaslafinidululifomma sendng
aetoyatiindn lnsordevdnenuduiusmaadunssneunsduin [34] dieliiuiives
Tavnilanuduniusiulagiiaraiusieseninaneluindsenavey LaZTLLIRRLN TR
nafnaufiianann (Cut-off Minimizing False Negative Rate: minFN) [35] Wiensrav
angluiinlvimsudou

1.2 IQUszaeAva99UIY

1) annsasyudiundaduiadenisnensidlungudeyaaemdue wwuniasluiivse
anefdwead1wuiudl Inelszenddunaulsnsma Iz auigaluuNguounIa



2)

3)

1.3

1)

2)

3)

1.4

1)

2)

3)

ffutunouneunsduiunisiindulmifedunouauduiug (Nexus)  13onn
fupouisnamengaufigauuuauduiuslungueynia (NexusPSO)
aansnszydmidnduiadunisnensialunguieyaaedifue uuunaeaeluiivise
apfiduenteaseunquuariaiug Tnsdsvnddunouisnismemngaufigauuy
nauauNIATILAULLIARTEaEYaLBLTs (Hamming Distances: HD) §oni1 dumey
Brsvaumnauiiganuungueynndaniuszeenusuiia (PSO_HD)
andamnisanegludiffigaanizd (Local Optimums) vestumeuIENTIAY
wangauigauuungueynalunnsmdmuiadutlatensnensvidluaefidue
TneUszgndnaraonuuuiunounounisdiiumssenavnzauuaziiussansam

YDULUAVDIIUINY

Wantunewislagldniw C# Saufugiudeyadsduiusiiowndaymnisnsiamdiu

nnduadunisnensialuaeidue

nagouTUReUIsAUNguUaNAa18T LU 8 NEu Fendudoyawmatifonduteyasnuse

N CL G uag T nSeunedidunisndulatunsoensialuanefidueivainvane
U sav v g asa A oA & 1 A= o o v Yy v o w

HaansAlanTunewisfoaeluinmdudungnduladonisoensiansauiuaisiu

Wwaveanaluyintue

Uselavinaininazlasu

aunsaszydundnduiadensnensialuaefidueinainuate leegrausiuduay
AspUAqEiETunBUIsIneuiImes

Fusgdns annisudtymvasdureuiinismaimnganiiaauuundueynia de
msdnedendayalasiunounaumasiiiuns (Pre-process)
afumslunisléfumeuituuuduludgmmsnsamaniigadutiadonsnonsia
TuanefSuawasJaymdug Adedes
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=b.

Un

NOE AU NNV

Fumeuisnsnsramauiionduledonisaenstauuuldatinuszneudae Tuneuisadn
quﬁuﬁm 919 %’umauf‘s%‘mmwmaaaam (Expectation-maximization: EM) funeuisnis
aumamuwmua (Gibbs Samplmg) LazdunoUIBLUULAN SIS ERN (Metaheuristic) 814
suumamﬁmimmmmwawamwﬂamumﬂ (Particle Swarm  Optimization: PSO)
wmamﬁmimmmmzawammaizwmmwmm (Ant Colony Optimization: ACO) uag
wmammmwuﬁmim (Genetic Algorithm: GA) \Jugu

TnetuneuisadAuuuiiugiuie nsthanedeyaiindanduinsnusnuszlu
sumislan ndaeniindunmseuaeuihendy mmLauaiu;sﬂqumuwuﬂml,mm
LUULLIM3NE (Position  Weight ~ Matrix:  PWM)  wazldanimdndumsuuummsng
Usgnounsduamaslufiniidudiniadudedenisoensia luvaefiduneuisuuy
wadatadnifunismiAneuiiondonisdu Tnefvualitioynin (Particles)  #anmsa
wdouiflufiufivesdam (Problem Space) tefumAsudtlasn (Solutions) Fsluusiseunis
viarudmualifinslddeyandndusniuszninaoynia wienfunsld Anuailaddy
(Fitness Function) snAnamadnsvesudazeunaiioszyiaudliiuusazoynia wd
thefinwatsmaundudeyausznounsdenoynaiiafian Wefimslidoyasauiuseving
sunafinfiaadveyniadug dwmalieuniaauaiedeuiiludnadwsuioismautdaymnia
Fudesq lunsvhauusazsey

2.1 Hgruvastdym

1 ‘:l'd [ [ £y ¥/ a o . .o
dwngnduladenisnensiauszneumeaaluiinlas m; Sk ae (7 uayj fe

aavangtayanddiazanurataedeslng auE1au) Bansanadnsnivileasluiivise
anedeyantndiuaniagun 2.1 Amuali

- S Aeaedeyanitunlag WU n @euwaz n > 0

- w feanuemvesaeluiiniduldlivioun

- L fleeugnvesanedeyaminiifg

A o oA v & =% o o v
- pks Aoduuaeluinidululaaunlunisangdayaining (pks, = - w + 1)

-k, Aednumeluiwdeaeteyaitiiy GeulvAe , =

Tnedunouisfiieades ldud funeuiidmamnegegananlasasidesluiade 2.2
fupouiimsdusoshuuuivdnanlasasdenluiate 2.3 funeuitideiugnssunanlag
awiualuiate 2.4 SuneuiimemAmnganiiandessuuoaninsusndnlasasidenly
viade 2.5 wazdumeuisnsmeaminzanfigauuunguenniananlasazdealuiite 2.6



lunsaldiungnduladenisaensianuunalvangluiinnealsteyanind dRauluians
AIUN 2.2 Amualn
-k, Aednumeluiisieanedoyanuin Meulvfe 1 <=k, < pk;
- pky, Aedmnumeluiiviilululinmunlunilsanedeyaimini Goulvde
pks, = -w+1

[ '

=% o aaa
YIUVYUNDUITN

I

Aeadadldun TunouisnIsmiAMIIZaNNgALUUNgUaLNIARUUUTTENA
na1ilagazdenluiite 2.7 LazlunouITWINUGNITURULYTEYNANaIlALazLBYA

Twide 2.8

1< L |
[N “1
& ' S|
< 2|
S, | Metifinstance  Background
W
< >l
S, Background Moatif instance Background
W
1< S|
~ 1
5 Background Motif instance Background
w
3 >]
S | Background Motif instance ~ Background
O
3 Background  Motif instance
5UN 2.1 daungaduladenisnensiaiuuvilsanslunivideans dayaniid
l<& L S|
~ rdl
& A S| w
< | l%‘
S, | Matif instance Background Motif instance
W
S >l
S, Background Motif instance Background
W
1< S|
IS P |
S, Background Motif instance Background
W w
3 >] 3 >]
S, Motif instance Background Motif instance  Background
le—2 W s
S, | Motif instance Background Motif instance

Ul 2.2

witgadutadenisoensiauuunaivangluiinseaedoyanuni




2.2 YJUNBUITANAINNUUENEN

%umamammwmamam Uszneudisaesduneundnusznousie dunaunis
AAYUNY  (Expectation) LLavmumaummaaaﬂ (Maximization) Tnedumeuisamnnane
asangniUszgndlilunisnsramdiiiBadutiadenisnensiia (3] fddunisviau
Feellil

1) aaarsndenthminvesaegesiululifmun Tnefuamedminvesdnusy ‘A’

‘C, G’ uay ‘T vewnanggesBadiamnueniyindu ( lusuuuusming ( x 4

2) sflunsluduneunisanming Inefuaeimudvesaedoslag x; anuminden
dhainvesanedoslululviomn
3) ﬁﬂLﬁuﬂ’]ﬂu%’umauu’lﬁhqaqm Tngthaaruivesaisgeslag x anuauiriing

U%UU?QL@W]%ﬂ‘ﬁmﬁlﬂﬁﬁﬂ SualAenuavesanegosduantmtin (w) FsAivein

VDI ULUILAY Pos,NjTumw%ﬂ%ﬁwmmﬁaaumiﬁ 2.1) wag N, = {'A’, ‘C, ‘G, T’}

Tunsiifidmiinuesurindlaiuasuutas fuusls my, . OHARNS

PosiN]. =(wixp+wao+ . Fwex) / witwr+ o+ wy) (2.1)

fagnaLdu ﬁmu@lﬁﬁms%gaﬁﬁwﬁw 2@ n = 2 laun GATTACA uay ACATTAG lng
AuEesEeton | = 4 druanedesiiiullldiimunisssneudisanedes 8 aoi
{m;,(GATT), m;AATTA), ms(TTAC), mTACA), m,,(ACAT), m,,(CATT), m,(ATTA),
mML(TTAG)} Sddunsyinaudeselui

%

1) a$raumdndanimiinuesasdesidululivmun Tnefundusnvessnuse A i1 3
ane snuse C 31 1 e Shasy G 8 1 aneuazdnase T 1 3 aneluanetosvianun 8 ane
Faduarianifnsunlansnuesatedeslag Seisneazdonnisiiuarnudeselil
Pos,,=3/8=0.375, P0s,c=1/8=0.125, Pos;c=1/8=0.125, Pos;=3/8=0.375 e

ANy ndrvemnansEdsainsanansduuningladail

Pos. A C G /d
1 0.375 0.125 0.125 0.375
2 0.375 0.125 0 0.500
3 0.375 0.125 0 0.500
4 0.375 0.125 0.125 0.375

2) sdunislutunsuniseanuieg lnenmsawinmanudvessnysgluaedosinduly
Witomn m; Aavndadiuszrinmnuieaduanaluiiv P, deranulihezduans

Tusin P, e %aﬁwmmlﬁﬂwsLﬂmaqé“ﬂmﬂm (A, ‘C, ‘G, T’} Ap 0.25 [3]



~

Fatiu maudvessnusEluasg oy Pm, e = (0.125 x 0375 x 0.5 x 0.375)/

(0.25 x 0.25 x 0.25 x 0.25) = 2.25 WagAmNLAvesaBgerdu Togluamotoyad

dhaneusnusenoune P, , = 9.00, P, . = 2.25, Py, = 1.69 WazA1ANGvesany

siaaﬁasﬁuma%’agaﬁﬁnLsﬁ’ﬂawﬂ?‘iaaﬂé’l,t,ri Py, = 1.69, Pr, = 2.25, Py, = 9.00, Pp,
=225

24

asunisluduneumetasan laginA1nudvesaieges m; Mauauinn1suiuuse
wn3nganimvin 019 MsUTuugaumsndaimtdnvesenuse ‘A Aunusnvesany
dotln a1naneteyanindinaun Awilaaell Pos,, = (P, + P+ P,y /

Mo Mo
e R N e gy myg) = (9.00+ 1.69+ 9) /
(2.25+9.00+2.25+1.69+1.69+2.25+9.00+2.25) = 0.648 L{8AIUIUAAUILATDNUTY

du9 annsauanadummsndlessd

+P = =P + P

Mz3

Pos. A @ G ol
1 0.648 0.074 0.074 0.204
2 0.204 0.056 0 0.741
3 0.204 0.056 0 0.741
4 0.648 0.074 0.074 0.204

2.3 Yupaulsnisdualagiuuuivd

TURBUITLUUAUAIEITN15a519NgNAI8E1991NNITFUUTEYINTNINUA WaIATUIN

AudveINgufeggaiauslugUkuuEngaimin mellutoyaUsznounsdnden

Haansluusazsounsineu 2] leeanuisauszandtunauisilunisnsiamdiungndu

Jadun1snensita [22][23] #1uTUADUNISYINaUsIs UL

1)

2)

3)

4)

5)

nsduanegeslag m; Alanuewing fu w Inaedeyanuiii S,

WanggaenleanmsduanAtaudsnusy ‘A’ 'C, ‘G’ uag ‘T’ waziauslugy
LWNSAYANUNRUN W x 4

ANUIUNAYEDENLAINUDAIER INUNIAGLUTD 2) (ANLTUNITIULRNE

o m’jbest

v Ao v o, aa P—— Y] | a ° v A
ﬁ']EJGUE]%IJaVl‘U'WL‘U'] ) IUﬂim‘VlLNV]?ﬂ‘Uﬂ"Iu’WWUﬂIﬂJlIﬂqﬁLﬂaHULLUaQﬂ']‘wu@IVi m,jbest Ao

HATNS
11 m; MANNDgsERNUSUUTIInSngaAUmTin

WALAN i+1 108 i+1 <= n TUASEN i+1 > n AAUAlA i = 1 Lae I RunISIuTURaUN 3)
uUNsERwIMsNgA U vinlidnsasuluas



fegnaty Amualiflanedeyaiiund 4 ae n = 4 1§un GATTACA, GATTACA, ACATTAG
L8 ACATTAG Tagausnvesasludiv w wihiu 4 figrsunsvhausesield
1) yhmsduanedeslag m; mﬂmaﬁayjaﬁﬁ%%masma USENauAaE my; = GATT, Moy
= TACA, m3; = ATTA Wag my, = CATT Laginuaa i=1

2) ahamsndendminvetanegesanatedeyanuindn i a1 2, 3 uay 4 (lidwan

awdey | J990u) Jszneume TACAR,,, ATTAR, ) 4ag CATT,, , IngAdimines

m33)

nUTy A’ FunUILINURsasg oYl funalldsed Pos,, = (1/3) = 0.333, Pos,c =
(1/3) =0.333, Posy = (0/3) = 0.000 W@z Pos,; = (1/3) = 0.333 LilaAUINYNFAILNU

ANUNSOLARINATNS ARl

Pos. A C G T
1 0.333 0.333 0 0.333
2 0.667 0 0 0.333
3 0 0.333 0 0.667
4 0.667 0 0 0.333

3) Aummaegesii m,; Mlanudgeanluaedeyaiitidiaisusn “GATTACA” o1
my, = (0.333 x 0.333 x 0.667 x 0.667) / (0.25 x 0.25 x 0.25 x 0.25) = 12.642 Faty
Anudvesaneos m.,; = (0.000, 12.642, 0.000, 12.642)

4) unuitanegos GATT Tuengdesiildainnisdudiuil i sheaedesifinimigsgn
my, .. » Miz = ATTA %38 myg = TACA

5) duunsluduneudl 2 3nafalae i = #1817 >= n fsueld =0 Audums
unseiavEndaminiinlifninudeunas

2.4 YuNBUITBINUSNITY

AMTUNMTINNUTITUNBUITFGTUGNTY Andulag JH. Holland Tud 1975 [24]

SUAUAIENNTANAIBE1 AREAUTUABLIENSdUMBEIMUUALE uilitunaun1sALHuIIuN

1 % gj Qddy ¥ 2/ U ol =) v aa 1
wansineiu lagdunaudsillinsasnanguusevins (WssvnswSeumileunuisnisuiteym)
Tuiunveadym dansasranguussvinsuiazu (Generation) MyualvdnsdenUseyIng

a % A YVaa ! = a A ! 1 o J 1
YaLiugan1sAndentiisnsduidenlasUseiuainariowua deluidunisdugsening
Usgynsfignideniitevitniswangu (Crossover) Fadunisunentasiulaumnauiuiioliin
anwzreslseynsnuanatslusudaun Ingn1snauguiinauuugaiiey  (One  Point
Crossover) kagwuuna189n (Muti-point Crossover) A3l 2.3 wasantwdudunaunis
naneug (Mutation) AsgU7 2.4 Fadunisifeuuunssuiunsddauinisniusssueii tny
TrgUszasAnanveiuneuisidaiugnssufe n1saiaIsn1sunlaminag@uluusazsounis
19U Fafinainnisiaendsnisuidaymnnfageuinausigasdenisnisunlam ieliin
WnsuAdgymndnag s



One Point Crossover

Before Crossover After Crossover
stingt | [ 1 [ ] LXK
| |
| Crossover :

1
string 22X )OPXK XU L

Multi Point Crossover

Before Crossover After Crossover
stang1 |4 1| ] gheal
| | | |
I | Crossover I :

| | |

SUN 2.3 N1SHANEULUUIARYILAZUUUEADIRN

Before Mutation After Mutation

sting1 || XXX L EIXX

Mutate

sting 22X XA X

JUN 2.4 MINaNeNUGLUUIARE AT UUADITN

WinihtuneuIsleiugnssuuUsegndiansnsamadiungnduidadenisnensiawdn
[25] ansnsammvuaikUslansialuil
- mj Aenguresdeyaaedesiidulavianuainudazanedeyantigi

1
S}

& o ¥
; PRUTEYINTIA AUA Py = My, My,... Myyj, M}
ARAMUNIUBIANS LN

e~ [

AT UIUTUNTDIIUIUTBUNTVINNUYDITURDUTT

A I

ADANNITVTUSLMUL (Shift Range)
ARIUIUUTZYINININUATUNITVINIUTOUTILE
\HosannUszynsiignadatuluuasyseulisiuan 25 mewniidadndusedvuiunis

Y18AUANTININYTEIINTINUA FatumautiiFenittunaunisuiussyinsgulndunud

X oo s
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=~ °

UsvININGUAY (Replace Worst Individuals) lagvinnisdnuseynsnguidsfdannine

q
<

(AHaLuasn) eanainnay Ineduiudseinsidneenluwdavseunisinaeu andunisly
auveelsznInmun lagd1aunsaiuauvestunawisinwiolul

TUADUITLBINUTNTTY

1. Initialize parameters; J/fuAANTN eSS ugY
2. Initialize population; //a%ﬁwﬁzstmimﬂmsfju
3. EVALUATE each candidate //3t31s#Usgannsusiazein
while (-S <=i<=5)
SET all start positions; //szysuvisEuduresanegesiliainnisdy
OBTAIN aligned motifs based on start positions; /31961
SET fitness value; //AUIniAinLua
if (Maximum fitness < current fitness) //deululSouiieuailnie
Maximum fitness = current fitness; //fvuafimuatagiubiduailauagan
end if
end while
RETURN Maximum fitness; /assiuvmisvesansgesiifirflniuagsaandy
end evaluate
4. while (iteration number = G)
Select parents by roulette wheel selection; //qimﬁambmﬁﬂi
Crossover; //¥nnsHaudu
Mutate; /nanewugeu
Evaluate new candidates; //"3mezﬁﬂizmﬂiﬁgﬂa%ﬂmﬁw%Luaﬁﬁﬁfj’u
Replace worst individuals; //ihuszansgulvaiumudivszunsifa
end while

[y

5. Output predicted motifs; //adseonnaansaundnduiladenisaensia

2.5 TUNBUITNITMANMUILENNFARYTZUUDIUNINTUA

JuRBWIBNIMANMNTaNigameszuUaandnsun [utunsudsuuugisanniinig

a

wanasuteyasenitveunindaioainsduniagndinounselswilamn Ndaalivn
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v
ad a

puMAaNINIInTII st amldfintuluudarsey  Hugrumsvinuvestuneuisd
Wannanmsiumenslutandnsvesn uazairaduniaiiethemsnduluiss lag
fanaldnsiiaiilsTan (Pheromone) mundumnsmsiiu ailsTuuuudumenisifuaunsod
aududuiudonn mmﬂ%u'1mLLaz@mmwmm317igﬂmuziammé’ummfuﬂ Tunenauniu
anuduturesiilsluuaninsaanasldlunsdivinauar aunine visanas @11150
Anzilddsaunsi (2.2) 126 TagAillsluuanansodssadenadendumafiuveseynia
a9 WlagldnsAummuaunisii (2.4) [26] Usgneunisiansan

zii(t + )= p-zij(t) + Azjj (2.2)

= & = o Yoo a ° \ a £
ReulvAe p € (0,1) FevilraHlsluy 7 anasuay ¢ ABTOUNITVINULAAZTOU Ingn ST
229 IUU Azy AUIMANNANNITA (2.3)

Arjj = Z Acf (2.3)

el Azt Rordeyadunanaifuresusazeunia k ludiuiusuniasionn m 39 i
Wag j ABLEUNIINITLAU Tnadeulalunssmuaandunisnisiuiie Wewduns j, | lagn
Fanlnweunia k Avuslidunsturindudanmaiuresensiifusgesnanaiutesunu
azsh luvadunsiilignidendvualitiandu o

[r(O1 [ (DY
Li

2 [ Iy OF

Pij(t) = (2.4)

dwsuaunisanaeiauiiaziluvedunianisiu Py vualdt (0 Aefleridu
§13amn Jsanansaeenuuulimudnvazvesnsuiym o, p AoAfifuuatuinifiodima
sotoyaidumamsiiu o, uazaildanilsdtudaiadin n; evhusznddunisasiam
] P ) Y v o D i = i v o = =
dngadutadenisnensiia Amualv x; Aelnusiignideuselaewduiion C;(C; Wisuiiey
lafumuniasuduvesanedeglag m)) fagun 2.5

5UN 2.5 MaFeuseseninaluug
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= o gj I o Y o ¥ d" 1 A
Fewulnuanmanme n+1 wagiwualaduundudenseninaduun C, = (w1 (, w A
ANEIVDIE8 YoYU IULAEAIINETIVOIEINERLAUEIAU) IR TUARUITLANAANS
o/ a 1% v I ! = =
HUMIMSAYeIeuNIAla C; ka3 nasntiudunsanamnguuesasluiin M) dadu
dgwndnduladenisaensita T ¢ lag undudeyalunsasiam lagdrdunisviau
Yo3unouIslinunuUssyndiunisnImangadutladunisoensiadsialuil

TUABUITNTVANKUIZANTNFAR W TEUUDIUIINTUA

1. Initialize parameters; //fAUARINITIILADSITUAY
Xo X0,y Xy MONGUVRIERTRYANUU
maxnum; ABINUIUTBUNITVNIUNINUA
° Ay v
m; IIUIUVDINAT LY
2. Begin

for t=1 to maxnum do
for k=1 to m do
for i=1 to n do
ant k selects the edge Cj; //uavdonduden
end for i
get the solution J={jy,js,...,i.}; //Aedoyaaeluiin
ICMO)); Z/Aaseilaiualagaunis IC ngueanaluiin
if IC(M(U)) > IC(Mpee) then
Mpesi=MU);
Jpest=J;
end if
end for k
Update the pheromone;
end for t
3. Output predicted motifs; //diwsnnadnsauiidnfutiatunisaensia

2.6 YUNBUITNITMANMUITHUTNGALUUNGUBYNA

%gumaﬁ%mﬁmmmmzauﬁqmwm&jmaymﬁ (Particle Swarm Optimization: PSO)
FodunouiBuuuindzadn FsUszgndanguuuunsindeuiivessuniitowddymdil
ansadanisldlunaiiisada [13] Tneduneunisiien Suduainnisaiseunia wda
fvuaanailiiveynauarldflnwaied®u (Fitness Function) titeAuiameyniaiia

ign lngaunianangadassUssnnlann sunianananltun1sinauwiagsey (Local Best:

x/) wavoynianAfigauuun1nsm (Global Best: x) Tnsarunsiveusazaynia v

q
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uUsmuszeEineen x uay x amaunisi (2.5) Admsiimestadeananies (inertia
Parameter) o fimuANANIEIVRsEYMAlUTEUMTINILARIUIN v Amsidimesainu
wUsUT7U (Cognitive  Parameter) B fiAduAuHaNsznuan x* uazAmniinosdny
(Social Parameter) fimuauransznuan x wioufue r, uay r, Mduildannisds
597919 0 B 1 TngdumisvesusazeyniainisiuiudsulBesq Tuudagsouveanis

Y9 £ ANUIAINANNTN (2.6)

Vi(,+1) _ avi(t) + ﬁ(xilb B xi(t)) + i”zy(xinb B xi(r)) (2.5)

D=0 4, D) (2.6)

mimaauﬁmaarzjuwﬂuuﬁ (Binary Particle Swarm = Optimization: BPSO) gn

v

awdunweilundnnisdusumsedeunveseunialaegadiussa@nsaan [27]28][29] &

[y o

afumsvnuRasialUl
1) AIAINSEY v, V838UNA P; Asaunisi (2.5)

N
a
N

2) A St + 1)) suannas (2.7) wWeidSeuiisuiu 73 (r; AeAfilaainnis
quIENI1e 0 89 1)

1

S(viz(E+1)) = m

(2.7)

3) WUSBuWiBU 3 AU Sule + 1) 67 73 > Syl + 1) TRIMSUNUNFAILKU X; 68
Xpesrj MUNTAIN 73 <= Syt + 1)) Mrualdiidnsiufeustaaiiumnus x;

dwsuinguszasAvasnisadianiedigluduneuisnismianviizaufigaluungy
aunAfe NsliveyasiuiusenitveunianuukuulasEseasouevets (Topology)
d' ¥ 1 d' c{' 1 0 1 d'ddy d" I~ Y Y 1 U 1 d'dd'
\eliusazaunAndeunludiuniansdu sudunisldteyasiuiussninseunianiian
U A1AY Puey NUBUAALNBUUU (Neighborhood Particles) P; Ing Ul uuLATad 18 Y0
[30] deasplull
I & 1 d' 1 3 [ e’/’ 1 =~ a o
1) GBest: JumsornsuvuaynIAWeNlumiuimun duuluniagaynindafidnuiu
aunAiautu (Particle’s Neighbor) Aa Cp -1 lag Cp ADdNWINBUANANINA LUK
AIgUN 2.6(a)
2) Bidirectional Ring: 1Juiesevsuuuwmulageuniaeleiunde ULl
~ v a P o al'
BUNANEUTIU 2 BUNIARBOUATA P, - 1 Uag P, + 1 1le i Avaunialagiu Aegui
2.6(b)
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3) Random: fuedevnsuuudilagoyniadenlouulidulassadie iesanusaz
synadenifiouthusenisdy feleulvvessuuiioutude 0 < ¢, <= ¢, -1
o ¢, Aduiileutu faguil 2.6(0)

4) Von Neumann: tHuiretneuuudmasilaseynadouloadusudivae (Lattice
Structure) ﬁaummﬁauﬁm 4 pUNAYTENDUAIY BUNTIA Py AUEIE BUNIA P,
AUV BUNIA Pyy ATUUY BATOUNIA Py ATUAN é’fﬁgﬂﬁ 2.6(d)

M M m
NN |
MM M
[N NN
MM M
NN |

(a) (b) @) (d)

5UN 2.6 1AT0%18v83RN (a) TumOWITNISMIANMINZANNFALUUNGLaUNA
(b) 1ATBVIBHUUIWIIU (C) LATBVIBRUUEY (d) LATBUIBRUVEWREY

Fothduneuisnsmeunyaniigauuungueymemnldifiemansamainiigniu
Uadenisnensiia [16) lnuivualviusiazaunia P Usenaumeinnosvuasiumil x iay
AMNIEY v WIS Rl INAed x = ), Xon, X} WABANABY v, = (Vi Voo, Vi)
fvualet n Aedrauansdeyaiindlundazseunsinuveseynin £, Inisiwdsunlag
suvtswesenedes x luituiivesdam gediduneunishaudwoluil

FUABUITNITUANUNILENNEALUUNGNDUNA

k=0;
Begin
while (k < numMotifs) //attiun1siazaseoy
Initialize parameters;
Initialize connections;
while ({ < numiteration) /@ iun1sauAsUSILIUTOUNISYIUTIFU.
Update V; //U5umnuiiivesusazaynia
Update X;; //U5usuniisvadaynin
Update Particle’s fitness; //USumilniuauesaynia

Select best particle (Local best, Global best); //Laaﬂawmﬂﬁﬁﬁqm
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[=1+1;

end while
k= k+1;

end while k

Output predicted motifs; //deannaansarundndutiadunisaensiia

2.7 %umau%%’msmmmmzau‘ﬁ'qﬂLLUUﬂ@jaJmémﬂLwUUszqnﬁ

ijgumau‘i%mimmmmzamﬁqmLL‘U‘Uﬂfjmaumﬂgﬂﬁwmﬂizqﬂﬁiauﬁu%umudauﬂﬁ
ALiuNg (Pre-process) WagnaIn1saLiiunis (Post-process) [17] \fiensnsramaniian
Futlidensnensiauuuvansasluiivideaedeyaiitii

dmsuawlddeidesluaadoyadiund denalvinnsiedeuiiveseyninvinain
seillowne 019 anedeyaiiind S, = ACGACCATCGATGG uavanmemansluiinl w = 4
Tedunuasdosidululifomedo 11 ane Tunsdfidumistiagsuresoymaegludify
71 7 (m;., medosio ATCG) fosnsuiusumidiluagludidud 8 (m;_s anedesfe TCGA)
fuanusadanldiarsdesassaneilifaudnumeilndiAssu (Common  Pattern)
fatfu Feldfimaiaudunudeunisdudunis Wumsianmsituiivestgymluaedeyai
dudfioliianudeiios Insn1suiuauadnuuraredeyaiiinda s Wnaeduiiuilves
Yeymiifianuainduegeseiios (Gradient Distribution) #e3En15138e815U (Sorting)
dhdnwavesanadesdiiululdianua fgud 2.7

AL T A AT o T /IS @
i lalolslals]el7]8[o]10]11] 1]acca
G SIA C G A
0<=X,<=11 P A J G
3. iAT GG
slcATC
6ICCAT > 5,
ACGA|CCATCGATGG 7lceac
AMlccaclcaATcGeATG E>8CGAT
AclcAcclaTceoATGG Sot|g|lcgacc
101G A TG
11T C G A

sUN 2.7 MmyvTuaudnuraedeyaniid
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Fauoynia P, Feusznaudae
- lmers Aeaedoglyaiuansfaguil 2.8 FaRnnnmsduieyannanedeyadiii s,
- PUsENRUMBNNDS X; uag v; WilemuausuazAEveseynn
- x; ABVINADIVDIALNUIYBIBYNA
- v, ABNABSTBIAIIUSIVDIDYNA

-mers
Si X 01 2 3 45
ACGACGATGGATGG i G A CGAT
ACGATGATGCGATS®G $i C GA T GA
TCGATGATCGATGG £¢TCGATG
GCGACCATCCGACG i C AT CCG

UM 2.8 Msaswanedeslv

dosuiumsluidesy aunseisiumiwemneymeasglusunafentu arunsaseyldi
fundstuienadns lunsalfiasuseunsiaudisimunug, wavnaunialiogluduns
mmﬂu %umamﬁmmum‘[mmLmuwawummmmﬂammamL‘UummmmaaWﬁ ‘WiEJlIﬂ‘U
Sanilsvuiunsidrdgde nsdieyniaiiafiaaduoyaiafuiiu 10 sou Tumouisi
Avuslviinsasuguiuuaegeslunsiazeynia (Perturb Particles)

oslsiimu Jymnisinegludiidigaianzidinuinatu suneuisiseoonuuy
Sumoundinissndunisiienmuinadnsldilauudiuganniy Fdudunsundanng
fflunsusenaumeaetunoundn fe Junoudnvinll (Re-alignment) LAzt uREUULY
Fussaiun (Simultaneous) dnwsutuneudavilmifonisususumdmwesaneluiinld
Frudnensenan j sl Taefl 0 <= j <= Lrwrl (L, w ﬁammmaaw%’a;&aﬁvﬁwLLazmm
g1vesaneluiivinudndv) fadegslugui 2.9 Tnevhmsdndenaeludindlsiaiinuaves
oumageanunadmiantie luruefituneutiusunlsfimuafenisusuanslufiniiomnun

Tdudeviornditegslugui 2.10

S g S
AC[GACGAT|GGATGG AC[GACGAT|GGATGG
AlCGATGA[TGCGATG ACGATGA[TGCGTTG
|TCGATG|ATCGATGG¢ TICGATGA|ITCGATGG

GCGAC|ICATCCG|ACG GCGACICATCCG|ACG

x

[ [o[=]™]>
[~ [= =[]

JUN 2.9 nmsuFunadnslutunaudavihlmi@adutunaunisndssnidunis
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s, § S,
AC[GACGAT|GGATGG ACGIACGATG|GATGG
AlccAaTGAlTcCcGATG AcClcaTGcATl[cCcGT TG
TCGATGATCGATGG¢ TCIGATGAT|ICGATGG

GCGAC|ICATCCG|ACG GCGACCIATCCGA]|cG

x

[ [o[=]™]>
[o >[N ]@]

JUN 2.10 Usunaansludumeudsunmundulutunounisvdsniiunis

Tneoulalunisusumunuadinmeludl
dd‘ o - a0 1 h o % 6
-~ TURIEN Xpee FaT90UTAMNNNTT Xpust T EAUA Koy LTURASHEVOS

t (
I8 Xpost
JUNDUID

ht =«

jght le : . OB A | !
TEUTO Xoest AR X T290U SmUAlUNUA Xt ™ 930

i I

- AN Xpest
[@ff Aa < o a dl' o 1 a 1
Xoest  NAANIEMTU Xpeer wOEANTUNMTIUS 089 FUNTENIATRLAVEIBYAALY

G
right
= Xpest =X+, X0+, X3+, X+, X1
left
- Xpest = X1, xom1, X510 x00m 1, Xm 1

FITupUITNITMIAMUITANNGALUUNGUBYNIALUVYSEENATAIAUNITVIN9Y
(Pseudocode) siamaluil

g

TupaUIBNIIMANMINTFENNFALUUNGUaYAALUUUTEENA

Initialize parameters /muuaANTIdLADS
Load data and transform data S; into S[C; //LLUaa%’a;JUa‘LﬁeiaLﬁaa
4N
while (k < numMotifs)
Initialize particles; //@319%1ee08
Initialize connections; //a@3519ANUANRUSTENINIUIBEDY
i=0;
while (i < maxiterations OR not converged)
Update particles’ velocities; //U%Uﬂ’;'lmﬁ’maaaigmﬂ
Update particles’ positions; /U3usuniavesaynia
Update particles’ fitnesses; //Usuanfinualiniuaynia
Select local best particle; // Lﬁaﬂ%ﬁ’m&iaaﬁaﬁm

If (best fitness stagnate for 10 itertions)
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Perturb particles; /msasugUuuvansgeslunsiazeynia
Initialize connections: //a¥1sAnudaiudsyninamhgosdnads
end if
i=i+1;
end while i
Post-process; //umoungaidunis
Add best particle to the output list; //%Jmﬁumaé'ws‘ﬁaﬁqmiﬁuﬂEJmiLmﬁwm
k=k+1;

end while k

Output predicted motifs; //doonuadnsarundnduladonisnansia

4

2.8 JunaudnBaugnIsuwuuUsTEnd

dmsunsanamdiungaduladunisoensiauwuunatgangluiinseaigvayanting
ladinisnengruwauianuLtugtazasauaaulunisnsiant lagdssendtunauisis
Wugnssuieriglun1sngiam [18] lag Z. Wei uaz S.T. Jensen lull 2006 Fafivunou

o w v 1

dAunanY agaeatunauUsENaUnIY JURBUNISHANEY (Crossover) WarduMBUNITNATY

LY

U5 (Mutation) wansssgud 2,11

Ala,,..,as:) Bb,, .. bs)
G A L-T ALT GACGAT
CGATGA CGATGA
TCGAT®G CGATGA
oI = %2 9] KaRN\b B A7 G
CATCTAG CATCGAG
Crossover Move
GATTAT @ GACGAT
CGATGA CGATGA
TCGAT®G CGATGA
CATACAG CATCCA®G
CATCGAG CATCTAG
Ala,,a,,a;,b,b5) Bb,,b,,b5,0,0a5)

JUN 2.11 Mswaudu
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fupouitdsiugnssuuuulssndtmualimiaedeslag A Ussnoudennees Ay, a, ..
a..., a.) WevmsnaudusEwing Ay, ay .., Gr, ay) Wag Bby, by, .., by by) Iag
wadwsivualiTinsduiaLaviuisifesnsaduil ¢ 31 0< ¢ <= m laenadnsildain
FuneUNIHANEURD A'(@,, Ay, . 3 By Brrgy b) WAE BBy, B s Doy s gy i)
dnsudupounisnaneiugfonisudsuudasunsiumiduaeluiiv Adunadnsdasoeig
Tuguf 2.12 Tnsduneuisduiunsludos aunseisasusiuiuseudidmusniafiniua
vommhogosilns

Ala;,a,,a5,b,b5) Ala,,a,,a5,b,b5)
GATTACA GATTACA
GATTACAG GATTACA
GATTACA 1074 GATTACA
GATTA CA Mutation Move GATTACA
GATTACA GATTACA

5UN 2.12 Msnangiug

AU IALBYANITNNIUYDITUN DU TR IR LUT

(3

TUNBURDBINUTNTTULUUUTEYNA

Initialization: i = 0
Setting parameters: /MAUARTINITIEADS
population size N = 500;
mutation rate r = 0.001;
maximum generation G = 3000;
Generating initial population Py;
Repeat: i =7+ 1;

s

Mutate individuals; //ANTUNSTUNDUNAINUT

]

Crossover individuals; //aAun1STuUnBuUNISHENEY
Selection of individuals; //taanaun1AAfgn
Until (/ >= G or convergence)

Choose best individual A,y /A88nHaTNENAER

Output predicted motifs; //adeannaansarundndutiadunisaensiia

Mg Mvuali Ao, nanerdunalenadnsliatulu 50 seun1sviem
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funounoumssuiiung (Pre-process) Qﬂﬁﬂmﬂﬁzqﬂm‘iwﬁu’umauiﬁL%qﬁuqﬂ'ﬁiu 919
uunAnn1snsasdaya (Filtering) [19] wazuuiAnnsUszgniindoyassdmuiidosiures
anefidueNUszendld (Prior Knowledge) [20] dmsuuuifnnisnseadeyadingUssasd
ilemsindoyanavindiianaineen (False Positive) Ingendunisduiaiinumiou
(Score,,) Wieluteyauszneumsiiasandanauiniiianain susuusnAenisaiiseynia
199 (individual: /) fsznevseaegeslag p, AFNASEN | = (o, pan... put 1087 N fiD
a‘hmuma&iaaﬁu’wmﬁlé’mmmsaju hanaseadainuuuaming wdarheadainly
svEndIMuIm A LIVEouLan TR 2.13

Position score g,
individual (()
62 | A G T A G G 4.00
BT SN A L1560
60 | A G T A C C 3.80
202 LRI AR Y/ S\ Wiy~ 260
1641 A LG 7 71 THA © YENIG 4.40
PWM @ ﬁ

1 2 3 4 5 6
0.60 0.20 0.00 0.80 0.00 0.20
0.20 0.00 1.00 0.00 0.00 0.00
0.00 0.20 0.00 0.20 0.20 0.60
0.20 0.30 0.00 0.00 0.80 0.20

QN - >

JUT 2.13 msadeenhvlniuuamiznduazAnnaanuviloy

AINUUYINIATIIaedeglvdilvinndmmvidiouvesasgesluaunIa @9 pag
(Mmualvanansansiamaedesndlaluanizaiedeyanindusediu S winu) dedey
N3vueg aelBYAvetLIANNIINTBIURYallnwa Ul

n13nsasdoya

Input: Individual / = {py, pa, ..., pu} /83 19MIegaENNTdNAE DY
Filtering (/)
Sort all the instances of / by Scoreg;,; //AUINAIAINLULDU
Rnk(1), Rnk(2), ..., Rnk(N); //tnanegpguiseaansunuainnainilauainuiniites
For (k = N; k<=2; I--)
Scan sequence Rnk(k) to get gp With best Score’s; //asmansgeudiviili
AATTTaugsTY
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Prnkk) = GRnk(K)
If (Scoresim(Prnkx) <= SCOresmPani.n)) //Roulalun1sngayingu
Return the new /;

Output: new /

[

dmsutunounounsiniiunsdndssnnuisie msthdeyassdaudifowiures
aefdulefifesniimaass mUszendldifienisandoyaisuniu (Background Noise) 19
fovas lnsiordoyaidesiuiignindenliug: dninauslugluuuiumindannud (Position
Frequency Matrix: PFM) flanuisavenaiufivessnusesneg sgnefituddey [31132133]
Tnsuwdnfifedestumsldtoynasdaruiidesiulssnaude nsasts kmer (k-mer fo
anetosfifauinnaue k) 0@ T, Ty, ... Te@oulafe T 7€ Z={ACGTuazj=12,
/<Ima‘mLauﬁﬂ,uiﬂLLUUmeﬂwmwaLLm elk-mer) = [alog @ = 1 81 T = V; uoniu
m‘wuﬂimﬂu 0 LQ’eJ‘LﬂfUﬂEJ (Vy, Vo Vs V) = (A C G, T) 919U 7-mer Guaamasﬁau”a
AGCGTGT annsnudhsaldwesoluil

@ JO PP L3
SO = O O
D SN
SO = O O
rehI=RJH (=,
© L,TRNOY O
— @Y (O

wagnisasaumsndanud Tdguwuulunisasienaaunisi (2.8)

1
M=— Y ek, (2.8)

151 £

fviual |S| Aernfignimuslilungudeya 1umndauduiusivdiuisadutladonis
napsvi K, AaNgulaLaae ey amwﬂﬁumumﬁmmamamamumuﬂﬁmaumaam
Fumeu wmammﬂamimmmu (Maximum Radius) 3A1uI0ia1naun1sseeemaLenils
(d) Feaunsdi (2.9)

o= max d( K K,) (2.9)
s 5

uardunauiaesfonsfindeyaisuniu (Rule-based Filter) lneouluiifsaunisi (2.10)

K,)
Ko S| Z (2.10)

51LﬂuﬁqmmLﬁauiﬁuﬁﬁﬁwumlﬁlﬂéfaqwmmwmEJEJEJEJ K (Faanegay K aon)
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JuRoUNAIA LTINS (Post-process) tHuTUmaUAEAYAIMSUMINMUINAT NG VDS
fumeuisideiugnssulifanuusduguazasouagquinniu Tnsiawizeged dlunsasam

muvi%%’U{ja%’amsaamﬁﬂum89‘3‘Lﬁmaﬁﬁmwwmﬂwmsﬁummué’ﬂwmy %ﬂﬁmiﬂiyaﬂﬁ
‘U%’UﬂiwumawmmLuumﬂwmmmwu 917 nsusuanuatgluinlunaans (Adjust)
LaznIsIasuS LU (Shift) VlUi“EJﬂG]IWUUWE]U’Jﬁﬁ]L@LEJ&JE] (GAME) [18]  n1sauuaziiiy
HARNG (/o) wﬂswqﬂm“lusuumammLaLLaaLaW‘W (GALF-P) [19] dmsunisusuaauaneluyiv
TunadnsAonsidourunlsanstoy q; Iuaw%’ayaﬁﬁwﬁﬂ s, Woulvnsidousunues
gegegfa 1 <= g, <= - w + 1 lngarnunisyinauresnisusuainuvangluinlunaansd

SEaLIANITVINaUs IR lUT

nsusuaeuansluinlunaans

Adjust: A@y,..,Gpee,Qm); // NENTRYAGIBERENADINITUT UMM
i=1;
DO
a); = argmax flay,...a.am), 1 <= a; <= lrw+1 //aduangdosiiazaneiionnadnsgegn
B & 1 9 ¥ 1 a & o & Y]
a; = a’; // Wvaegeelvaiinuagan dunaansdagu
i =i+1;
ifi>mtheni=1

UNTIL no further improvements obtained //atiunsaunseisnaanslifinisiasunias

(%
Y

Turrinisidaumunusasnadnsiunisifousiuniavesansdey g,  anun f9i
s1uazdunnIsinaunInelull

NISLADUATLAUY

Shift: (Alay,...,Q,....am)
k’= argmax fla; + k,...,am + k), -W <=k<= w; //ﬁué’umasiasJﬁgmeﬁammaé’wéqqqm
A=Aa+K,.,am+k); //Lﬁumaﬁwéﬁiﬁﬁﬁ\lmmaqaqmﬂumaé’ws‘ﬂwﬁu
Note 1: if g, = 0 then g; + k = 0 for all k (no added sites) //a1@18808 a; =0 ANWUA LK
lyifinsindeud

Note 2: If a;+ k< Qora,+ k> -w+ 1, then set g, + k = 0 //a1@18e08 a; + k < 0
WI0UINNI L — w + 1
AMuUA g, = 0
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AU NSNS LAZHA N HASNEVITUNOUTE fpoee = 1My, Moy Md UM
asrvvansluinfidunauiniifionan (False Positive) \fisnfundoufudinaneladiniilsd
Teddeenly nsdfiunadnsidunsasmmaneludin M’ laq Teedeulvie aelufin v’
thuq Foshmadnslrfiafinuagaiunuiitnun luaeiinsdnaedesiensavasdes
m; eenifievilfkadnidafiniuageuauiidinun Tneddunisinauedisasidondl
Feellil

ANSLNL/NISANNAANS

//Adding: Fuppumsnsiamanetosiiiy
oot = 1My, My oy MY, //MEENEINNTUADTS
Calculate IC”),_ with peudo-counts; //AUIUATTG LA
€= ﬂ *w,
0 = -€5; //fNUAAINATHY
DIF = maxy,  (ICy = 1C, ) //AUIUMIANANNANNENEATENINATIRLUEY DS
awaéaaﬁuq M« WAZANMALUAVDINAGNG fpes
If (DIF <= €,)
r=0;
RetUM fpourt = looss; 2/ mualitlaisndudonfivanatosln itesdunadns
end if
while (0 < €)

M’ = (M| migl= m;, ICp > 1C7 + O0%; //Fundvin my, MIANAINAITENING

lbest
ATPLUAVBINAANS oy, NUATTRLUEA
YOINARNSNTINA BB Wan
0= a8y, em (C'm, = 1C7 //ANUIANUATENIARUEYDY M, € M’
WAE ppst
end while
r= M,
REtUrn lpeset = lpest U M /@5 1KAENSIAUN fpey: iy M7

//Removing Stage: Funoumsinaedosesnanuadng
lpest- = lpestt; /i wadnsanduneunsnsIavansdeeiiia Ipostt WAUTUFAUT /i
€’y = max(@, B *wr, B *w); //menunsgugan
0’ = € //fmunrnunnsgugeanlifisuds 0
while (not converged) //Fndunmsaunseiadnsldfinnsideuulas
Calculate IC’) - Of lpes- With peudo - counts; //ANUIUANNALUAVD [pos
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M = (il My € loese, 1C7 i > 1C°)_ + 0’} //msyamaeges -m;; ﬁgﬂﬁmaaﬂ
WA TIAUEVD Jypere LTRLTY
If (M’ = null)
REtUMN lppere: /BRI [y e \umadnslunsdld M7 Hudring
end if

DIF’ = maXy, e (UC" 1, = 1C ) //FNNANNANTINgATENI A R LU

lbest
YOI~ WAL Jpest
Ipest- = lpost- — {the instance corresponding to DIF’}; //AAUATANASNEAD fpeg-
auanggos m,; TilAn
A1 DIF’
0’ = (€y + DIF")/2; //USuAnnsguasgn

end while

2.9 STYINILTUIY

S¥UNILEuis (Hamming Distance: HD) #ossarrneseningaasluunsiinaes
(Vectors of Binary) Ssfimsthaniszendiiemansiavidiigaduiiadunisoensia Andu
Tng M. Stine wagaazlud) 2003 [27] WunsiunamenisiSeudiouluun3fieglusumis
Weatuszninsgenanmed wdwinistusiuiuluunsiuans1eiy nenn1sve93EeEng
LELIADNITUIINIDT X LAz LINWOS Y UIMIHARNN SIX; - Y| Amuali X, Y, Aeluuiilag
YDINADS X UaE Y AUy Lasauniwednnmed X uay ¥ Svuiawifufe [ deiy
HD(X, Y) > 0 Tunsad X ladwindu Y wag HDX, Y) = 0 Tunsdl X winnu Y

Y
[

A8E1LYY (1ABINTNTEEENIUBNTINFUNGA (Minimum  Distance)  5¥MI10INLABS
{a, b, ¢, d}

AMUUALRAZIINMDSHAR IR T

a =(11111)
b =(01001)
¢ = (10100)
d = (00010)

HD(a, b) =3, HD(a, c) =3, HD(a, d) =4, HD(b, c) =4, HD(b, d) =3, HD(c, d) =3

A
o

AatiuszraLeNilsTauNanvaINmes {a, b, ¢, d} fim HD = 3

dmiunsuseynasseznisenianulagminisnsiamdiundadudadenisnensia
AMNUATAAINNEIIVDIEEDY W ABAINUNINNYBINGES L Lagwsaziimndlalng
(Nucleotides) A, C, G uaz T gnuvaslvidlvuinasstn A = 00, T = 01, G = 10, T = 11 a1y
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Rouluanuduiusyniaail (Chemical Relationship) [34] @9538gN1auanieseningenase
wandlun1s1en 2.1 dmsusegraniswdatluunsnmes V = <1110010010> Tnaiendu

N5 IAERNAITUINAT19N 2.1 NadwsnskuasluunSveannmas V As <CGTAG>

i o Y a = [ a
A15199 2.1 nsudassralmduassdniiomuinssoenauils

Rows Columns
A T G C
00 01 10 11
A 00 0 1 1 2
T 01 1 0 2 1
G 10 1 2 0 1
C 11 2 1 1 0

2.10 AZLUUAUARIBUUULUNING

AYLUUAUABIBUUULLNSNG (Matrix Similarity Score: mSS) AoAZLUUNIAAINY
= | | a [ a 4 = [~ ) o A [l a 4 aaa
willausgninsaegegitegluwming [35] Fadumsiwiumnuaniiegluaming laeiiisnis

ANUIURIENNISN (2.11)

Current — Min
[SSEEL L1 hassas sy 11 (2.11)
4 Max — Min

AAUALA

- Current FFamsngtdagiu

- Min  Aefarwisanvesdnusglusuma i
- Max Aomaudasanvessnusslusumus i

Y 9

dsuAnunsngdaguu (Current) nannnisihelawuinidunaansainnguansluiiviimm
#5130 % WAWIMSAWIMANENNISA (2.12)

L
Current: Z 1G)f; s, (2.12)
i=1

ARuaLA
- L AsAuenvedansludin
- fin, ARIWIUBNYTE b; NUTINYludumds i laehl b € (A, )C, G, T’}

- 1(i) FeATayanNMasTIRIUINAEINSN (2.15)
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AANBIER (Min) inannnsAuiaautvesdnyseniiduiudesnanluudagfunus i
Tuanglaufin TBnsAIMRIENNIN (2.13)

L
Min: ) 1) (2.13)
i=1
AAUA LA
- [ Fedunuivesigauassnusslusiums i

' a a ° = Y] Ao a | ° ' .
ANPINLAEER (Max) fAnannsiuinaudvesdnuse i uuinniigaluusassumus i
Tuaneludin T35nsAuIuNAIaNNIST (2.14)

L
Max: ) " 1G)™ (2.14)
i=1
AAUA LA
Max & _ o a a ) ° I
- fi ﬂafﬂwmu‘wmﬂwqmaaaﬂmﬂum%mm i

Adayannwes () nanmsAuiuauvemnanseiliegluamsndlagiuiisnis
AWINAIENNTH (2.14)

@)=Y fsh@fip), i=12..,L (2.15)

BelA.T.G.C)
AMAUR LA

- fip ARdUWIUYRBNUTY ‘A, ‘C G, ‘T Nhisglunsndvisealamulagiu

2.11 Wsuanentu (Fitness Function)

v A

JupauIshun1snamidiungaduladunisnensia dnszulrun1suilsnd AgyAenis
& Aaa a PN =~ q v a ¢ | A . A o
\WenaynAfiRgavIeIinzaniign Belinsinssnanneilaiua (Fitness Value) NAuo
nTauaisidy (Fitness Function) dwsudumeudsidaiugnssy [25] Toauailandu
AwamArudaziduvewadng udtharuiasdumariundudeyaluiedesbn
(Roulette Wheel) titen1sduiaanniisud (Parents) uaziinsussgndldfimuaiandudmniy
AUmLEUIdunge Feilawaiitumihudssenaldiulgmnisanamdngadu
Uadunisnensviauuuldadi deudunalusiuuvelamu o

1) elawuwuning (Alignment  Matrix) Asn1sAUIMAIUIUENLUULLINSNYG (Weight
Matrix) we99naseluslauuuudaziunuemeaunisi (2.16) waiviinisiaenan

(%
[

gnuseiiiuminasiigalunanifeniudunadndaaguin 2.14

BT DI E D) (2.16)

weight matrix = >
i
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AR LA

-N Fodwnuvesaedeyaihindvmun

- ny; ARIUIUINVIETUALIUA £,

-pi AeAAuUnaziunauntsaaes (Priori Probability)

Alignment Matrix
G A T T A A
C C T G G A
T G A G G A
G T C G G A Weight Matrix
1 2 3 q 5 6 1 2 3 q 5 6
A 0 1 1 0 1 q Al -2 0 0 -2 0O 1.2
C| 1 N0~ 0—0 RB\2 =2
G Y 1=—g—3$34T P08 —o-(=2 1\W\ -2
T 1 1 2 1 0 0 ST 0 O 06 O -2 -2
Result G C e G G A
Ul 2.14 elawmuasnsdunuamimnuuuemsng
2) mewwudd (Consensus Scoring: CS) AenisAuwianiiainsyduaumilouszning
aregagluslalunsaunisy (2.17) [4]
W
cs =2—[1KW)Z Z philog2 (pbi) (2.17)
i=1 b={AC.GT}
AAUA LA
_ b AesnvszdululsianuaUsenouse ‘A’ ‘C’, ‘G’ way ‘T’
-w  ARANUYNIVRIAIBEBY
- pyi ARANDURIAIONYSE b Tuslatuu
3) AuNesIUTUABULNUN (Information  Content: /C)  ABNITANUINAINULALBDUYDY

sunvusnuszluslamu  Teefiansandeyasnusziilildegluslawy (Background)
[36] Faannnsdl (2.18) Feolawuiiierduslesiudunoumuigs uansliiiulein
sunvuvedluiinfiegluslammiininundrondafuinn nandeluiindiegluslaui
Tomafuduiidadudadunisnensiags

Ic = Zfbiogg (Fb/Pb) (2.18)
AAUA LA

-fp PeaudvesdnvsENegluslawuAnalianaunsi (2.19)
-pp Aeaudvessnuseililieglualawumuindaainaunisn (2.20)
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,_ Ch+dp

fb—N——l—i—D (2.19)
,._Cob+dp

Pb=—5ip (2.20)

AAUA LA
s o U Idl
-y ApdIUSNYIEUIINgluelaluuy
= o o d‘ 1
- cop ARIWIUSNVIENlIUTINg luslawu
-N  Aedwiuaneteyaniti g
- S Aewaviuvessnvsznauaibilanegluslaiu
-dy, #erdrassfiatosiunadnsiidu 0 (Pseudo Counts) [2]
-D  fAsnasIneIA1a1aad (Sum of Pseudo Counts)
nawrinsiiaziuuLuULug (Bayesian Scoring) @nt1snUsegndliten1sAILINM
AanudvesuAnluslawy daaunsi (2.21) [37] fuduitendulunisiiuiuainud
vasonvseluslawunludrnnduivatsluinluslawy

P w

> 2N\ 4 06 O 221
(A) = |A] Iog<1ﬁ0> 1+HkL=I]f?Jklog(a) (2.21)

1 ok

AvuALi

=14 ﬁaﬁmamaﬂuﬁw%gﬂudaL@Ju

- po Formdamanssvitdeyaluslannfuieyalumedoyaihidrimun

- O ferAnudvessnusy k lupedudl /

- bor Pemauivednusy kﬁhjagﬂuaiamu (Background Frequency)
Aelanes  (F-score) gnunanyssgndiiionsinussansnmannuusiugiuazainy
gndeansounqu [18] vesHadwslunisasiamaiuiidnduiadensnensiauuunas
aeluitwsioanedoyadiindn dummuaunig (2.22) Fsaenanesifumiiiiansan
flapnaiaingn (Precision) LazANgNABIATaUAN (Recall) lngrtainuuduguay
A1ANYNABIATBUAGUANINANANNTST (2.23) wag (2.24) MUa16U

Fo 2 % Precision % Recall (2.22)

Precision + Recall

.. #e
Precision = == (2.23)
]J

#e
Recall = —
eca m

, (2.29)
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AAUA LA

- #e Aowadmsaneluiiniigndes (True Positive) dsldnsusSouiisunadnéildan
fupoutttunaiany doulvvemadndiigniesie sumivesuadnsansluiiv
Fosogrinaanuataaglaiiiu 0.25%w [20] e w Aeanuenvesaneluiivl

_#p AesuaunadnSTmLn

- Foswnunadndiigndesiaun



unil 3
A5N15ANLLUIUIVY

[%
o Y

wAnmiausfon1sUsEynAkazimuITunowis lunsn T dungadudadenis
noasvawuunilsagluiivdemedeyanundy  waruuuvarganglufinsaangdeyaniind
Wiaunsimutunaunaun1saiunIsdmiumsendeya (wisuiundam) welvns

o a 5 aa @ 1 =1 a a
AUN1IN5IINVRITURBUA S Ul UagaliUss AN aw

o/

3.1 dguvaslyminsnsiramdlungadudalenisnansia

[y

RV I aﬁﬁmumiﬁmasﬁauﬂaﬁﬁwL%’wﬁgwmmﬁa S =S, S, .., S} way n fAe
f\i’ﬂmuma%gaﬁﬁ%%ﬁ lagudagaiedeya S, HIUIAAINL L fiing fu Jeanedes
(Subsequences) M; Tuanedayaiividn s faunenugniviiude w lasimuslids
aedeyafiiiduarddumedesfio i way j swddu Inedeyaasdosfidululéiomaly
L.wiazaw%aagaﬁﬁ%% Si = Mgy Migy Migyeeey Migs M} Waiglouasnasevisetiindlolna
(Nucleotides) N, = {‘A’, ‘C’, ‘G’, T’} Fatuanelafiniuduidasuiiadonisnensiauuy
%ﬁama‘[mﬁwmma%zﬂaﬁﬁwLet’h M= {( Ms, Ms ., Ms_, Ms )} meé’agﬂﬁ' 3.1 Tagdnulu
anelufinmes M = n wazaelufinfdudiuiitasuladonsaonsiauuunarvansludivse
aw%’a;&aﬁﬁ%% MulM € {(My1, Miz, ooy Mty Mipawst), Moz, Moo, oy Moty Mapiwet)y oo
Moz, Moz, ooy Mt oy Mogoe 1)} LLaméﬁgUﬁ 3.2 Tngnuauanaluyinues MulM <= n*(L-w+1)

TFBSs

CAAATCCGGGCCCICGGCGCTITTTCAAATCCCGGGCCCTAC
GGGCCTATATACCCGGGTATATCTTICGGTGCCICATGAATA

CGGTGCTICTTTATAGAGTCACAGAGCAGATAATCAGGGGT

GAGTCACAGAGCAAGGCT|ICGGTGCCICACAAAAAAACAAGA

5UN 3.1 dungnduladenmsnensiaiuunilsanslunivideasdayaning

TFBSs

CGGCGCGEGGEGECCCICGGCGCT|ITTTCAAATCCCGGGCCCTAC
GGGCCTATATACCCGGGTATATCTTICGGTGCCICATGAATA

CGGTGCTICTTTATAGAGTCACAGAGCAGATAATCAGGGGT

GAGTCACAGAGCAAGGCTICGGTGCCICACAAAAICGGTGGC|A

5UN 3.2 drungnduladenisaensiaiuuvarganeluiivdeansveyaiing
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3.2 MsATIAawUUniliangluindeaedayaniga

fumeudsnmameamngaufiaauuuauduiuslungueynia (Nexus Particle Swarm
Optimization: NexusPSO) Aewwdnfitiauaiiionsiamainiidnsuiladenisaensialuas
uswvunilansluisoasdoyaihind fadumsuszgndduneuisnmamanmngaudigs
wuungueynia [13] Andulas J. Kennedy waw R. Eberhart 1ull 1995 sauifudunou
anuduius (Nexus) Fadudunoudeunisdidunisiidndulnl  Tneduneuanuduiusgn
aamwmwammwmiwummﬂmmmm*umﬁmiuwﬂmamiamawumamﬂm
UsgAnsamuniu Jumsuaiuduiusfedunounounisdiiunis (Pre-process) 7
Usgnaufedunougesiiddyldun nsdangu (Grouping ndnilasazdenluduil 3.2.1
msadran3etnesyninteyna (Connection) sdunelasazidunludaud 3.2.2 uasmsiden
aneAuEuLS (Selection) nanlnwazdealudnd 3.2.3 Tnsinguszasdndnvosiuneu
Audunus ﬁaammmﬁuﬁﬂuaaﬂmm (Problem Space) a3 #l8N15AASINIUYBINAGNST
LﬂuiﬂlﬁﬁgwmLLGié’qm%’ﬂmwaﬁWﬁ‘ﬁgﬂﬁmﬁ (Pruning) nieufudnnisiufivestamiiterh
Teuneannsndouiiluiufivesiiymidodisaseunqy dainlilenmanisinogluddia
ﬁqmawwﬁ (Local Optimums) Hagas

3.2.1 n139angu (Grouping)
9 oA Y | o RV BOS oA o P2
nsdnngufensinanegatlag ndsukuuiinaeiuleglunduides fvualidl
TIUNFUYILA 4 NFUAINTIIUANITNVDI N, Usenaumengd ‘A’ nqu ‘C’ nay
‘G" wazngy ‘T lagAsnsinmnuaeiusEnInEIsgesfia N13AIINAIUDYDS
snusylundazanedes Adululdianun Ms, Toelgnstiu Amuali i wag j Aeaidu
aedeyaniiiiuaziAuagtaunNE Ry

1Y

A1981919U 1o Ms, = “CGGTAAA” ANNUDVBILAAT NI AL waLLDRAI

‘N =3 ‘C=1,G =2uaz ‘T = 1 udu

o Mg, finruiiveasnuse b gegn MAX(E) lae b = (A, °C, @, T} Aetl Mg, Fagn
nlieglundu Group(b) lunsdliiaedes M, 1n fleaudvesdnuse b gean > 1
anunsaimualifanedos My, duedlisnnnimilsngunudiuresdnuses b geam

[ Y] 1 a = I Y] { 1 v A o v 5
Aaiegdlumsned 3.1 sadunisdnnguanvgesluaedeyanindvianun 4 @iy
(S,=4) lnsfdnuruanygoy Ms, ndululivianueseanadayaindi 8 ane dunaledn

luane 1 (S,) Tanedesngnivualegunnnimilingy Weswinilaudvesdnvse
gegaunnImils 819 aneees Ms, = “CAAATCC” dneglungy A wagnau C anggay

v a

Seruii /\/lS “AATCCGG” %’maaiuﬂau A ﬂam C LLa‘”ﬂaiJ G Iusumvwmaaaamﬂw

LY

Ms,, = “CTATATA” dneglundgu A uasngu T Jusiu



M19197 3.1 fegrnauanvgesluametayaniting 4 ae

Ms Sequence Max(b) Group| Sequence Max(b)  Group
S i Siez
j=1 CAAATCC AC=3 AC [GGGCCTA G=3 G
j=2 [AAATCCG A=3 A |IGGCCTAT C(CGT=2 CGT
j=3 |AATCCGG ACG=2 ACG |GCCTATA ACT=2 ACT
j=4 [ATCCGGG G=3 G |ICCTATAT T=3 T
=5 |TCCGGGC (CG=3 G [CTATATA AT=3 AT
j=6 |CCGGGCC =4 TATATAC AT=3 AT
j=7 |[CGGGCCC C=4 ATATACC A=3
j=8 |GGGCCCC =14 TATACCC =3
Sies S =g
J=laapee G Gl GAC T G=3 G |IGAGTCAC AGCG=2 ACG
j=2 |IGGTGCTC G=3 G IAGTCACA A=3 A
j=3 |GTGCTCT T=3 T |IGTCACAG AGCG=2 ACG
J=4 |PaEr@ Ji @\ T T=4 T |ITCACAGA A=3 A
Jj=5 GG Y R T=4 T |[CACAGAG A=3 A
=6 (e 9l GeT SFA T=4 A AlerAee A A=3 A
Jj=7 [ TCTTTAT =5 T |ICAGAGCA A=3 A
j=8 ICTTTATA =4 T |IAGAGCAA A=4 A

3.2.2 N1585191A39%18 (Connection)

32

\ASeUERUUBUAIAWeNlgIMfuanLe (Gbest)  gniunldlunisieules

sunpdeeioassaneauduius Jadumslddeyasiuiusenitteunanneynia

Magui 3.3 nisasina3evisteiduduneundidaiosniniunswenlesaedesd

I v & Y @ = 1 = ! I~ v o 6 1 a
LUUIUI@VNM%J@TWLTJULF’]?@GU’]EJ PIFINANDNITILADNAIYAITUFUNUD (ﬂmﬂmamaﬂﬂu

3.2.3)

5UM 3.3 \nSevnguuusynAleulesniuriaonue (Gbest)
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(%

msaseaneduiussuanianegesidululanmunluaedeyaiind / ads

a

Awduiiusivaregesfilululdmunluaedeyanind i+1 Jaimualiiianson
wnganggesiaglunguieaiumingu (1 <= i <= n-1 e n AT uIuEUEUNIMUA)
w:’/ uve‘d‘ady 1 ydn", yda", duy

At ULUUANUAITUSTIARYUTE NN LAUBUN | uasiduBun i+1 1A

=]

(IM(A); D MA), 4], IM(C) R M(C)y, 4], IM(G); R M(G), 1, IMCT) D M(T), 1)

Avualy D] Aeaneaiuduius (Related Pairs) vesansgasilogluanadayaniii
S wazanedeyantidn S, eaeanuduiiusseninamiiegas udazidugniivue
ATABULIUTENIF19819l A9 3.2

ANS199 3.2 é’aaehwhmaJmmﬁuﬁuﬁ‘iwdwmaﬂaamﬂmaﬁi’fa%aﬁﬁwﬁﬂ S uay Siy
S SRR 5 =3
AP AN G ~
3 0.25 3 0.8 %4 025
5 0.4 5 0.4 '3 0.4
6
7

S:

6 0.4 6 0.2 0.4
7 0.3 v, 0.3 0.3
32 \b HEenagosr I Ra 37 (0P
23 W] 35 |Gl 33, PALB
3 07 | 34 07 |3 08

3.2.3 nsanaendnudunus (Selection)

nadonaennuduiusdunssuiumsaninevesdunouauduius Saadwsi
I¢nduneuil Aenqudeyaasgosiiinindeulssfuseniaetoyadund e
Tneimualidenaeanuduiuseninsaedoyaiiiniidmaouwuiagegaaes
Sustuusnluiaietin (Connection) iy

[Top2{M(A);XIM(A), 1}, Top2{M(C);IM(C);. 43,

Top2{M(G);DA M(G);, 1}, Top2{M(T); DA M(T),, 11}]

Magelumsai 3.3 Aeargauduiusngniienannatedeyanindi S, wag S, N
aglunduifenfudlannaurudagangasdudunsn tnadoyalunsnatidenunain
Toyalunseil 3.2 uazaransalimadnsantuneutaiunsatisandyminisineg
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luAANgaan1eN (Local Optimums) Yaen1sdulutunauIsNIsmAIvauign
Wuunguaynale

A o [

M19197 3.3 fegimemuduiusignidenainatedeyanundi S uas S,
S =1 S, =2 S =3
CS S CS |S CS

Si+1 i+1 i+1

32 06 3 08 | 32 0.6
33 07 | 33 07 |33 08
3 07 | 3¢ 07 |34 08

3.2.4 a‘lémﬂf;?ﬂﬁu (Particles Initialization)
nistmuseymAvestuneuiBiitelflunsnsiadnuiiBaduiliadonisaonsita
Aonnsatrseynialag P Tugs (Swarm) Geimusliusazeynia P Usznoude
dedoy My (Mwualit / wag j ﬁama%gaﬁﬁu%ﬂm wavanegoslag muddu) 9
wiavanedoyafiingi 5, faedes M, Remilans sddeilimualiaedoyad
wndnaneusn S; Wuanedeyadmsuluiinusnveusazounia lng S, = My, My, ...
Mt 1 Mipws Mip s} WASENEEREAEUINUBIBUNAMAS Py = My MAUAL [ = j
fausruaueyniaiaualugsdaninty Lw+1 Tnsusazeynialag £ vinisidon
aegesanaeteyaiiiirasfiaeadudulusuismedeyamogainonuadu 3

\WenanggesaInangAuduiusidensurudagean dwaliounin P = (P,
Pz - Py Py 108 n - Aadnuiuanedeyaniidnvanun aaiusliuuues

aunA P, T wiagnguiiguuuunsassaneduiusiunsioluil
PA) i aunalag Tungu ‘A’
Topt{ M(A); B4 (A, MA); )

D Topl{ M(A)g,,, D4 (MA) 5, . MA) 5, )}

Op

Op ”jTo,oZ ’ M(A)

) 1]

Vop2

PC) i aunala lungu ‘C’
[TOpl{ M(C)]/ X (M(C)Z/Topl’ M(C)ZjTopZ) }

X TOp].{ M(C)ZjOp X (M(C) 3jTOpZ’ M(C) 3jTOp2 ) }



X Top1{ M(O),. liop X (M(C) M(O) ) 1]

VTop1’ VTop2z

PG) i aunala lungu ‘G’
[TOpl{ M(G)_U X (M(G )2/7_ 1’ (G)ZjTopZ)}

D TOp].{ M(G) Ziop X (M(G) YTopr’ M(G) 3 1op2 )}

> Topl{ MGy, D4 (M(G) o, MG) )]

Vop1’ VTopz

P(T) i aunalaq Tungu ‘T’
[TOpl{ M(T)Jj X (M(T)%'Top]’ M(T)ZfTopZ) ;

> TOpl{ M(T)ZjOp DI (M(T) 3 1opr’ M) 3Top2 )}

Pd Top1{ M7y, D (M(T) M(T) ) 1

Vop1’ VTopz

TRgANUNLN8YRIdANwalkarFwUsHRIRalUl

o

- AouANUdUTuSYRsadee oy sEnIsaeayaindl S uae S,y

Y
o v

35

- Mb);  Feanggeela luaneTluy Mvuald i waz j Aedrduaiedeyantidilag

uazanegoylng muanu lnauignves b fe (‘A °C’, ‘G, T’}

- M(b);

UTop1
gegnouRunile

Ly

- Mb), ﬂamaaasﬂm msuaaﬂmasmumaaaa M)y TosliAanganuduiug

E"{\TE‘;{WBUWUE{@Q

Y
&

-n LRV VG RERTR YR RIGVSTHT

=

- M(b)y,, Powadwsauges iz

Aeanggaslng Nwenlesetiuanstay Mb),; InelAaisnnuduius

s

EN
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3.2.5 nmsuSuauvayna (Particle’s Movement)

Tusouusnvesn1sineu AvualiausiSuduvesnoyniaidu 0 wayld
Fmwuailarduainauniss (2.18) FanalavaziBealuide 2.11 W wumilnue
vouAaraymA ndnturhmaieufsusnuavesusareymeaiiioszyoyna
ﬁmezamﬁqﬂ (Ppost) ﬁaﬁaaéﬁﬂiugﬂﬁ 3.4(a) LLé"ﬁ/‘hmiU%’whLmﬂqagmmﬁ@uﬁm
(Particle’s Neighbors) Imamiﬁ%msﬁagaawdaa M suaqaigmﬂ‘ﬁ'mmzamﬁqm Ppost
Lmuﬁmaeiaasumaummﬁauﬁ’m P, é’aamiéuﬁ'ﬁﬂﬁ 3.4(b) ﬂ’rﬁﬂ%’w‘fmmﬂaumﬂ
1mmauaumammuaqwaimumﬂuﬂqm@msmaaumlmsaaﬂ %‘Uﬂiu'ﬂﬂﬁuﬁﬂﬂ’]i
v Beulvdmdusunmsiauvesiuneuisiiaensdssnouse

1) nsayneuneegluiuviianggesidgifiuaigluduiuseunisvihaunimuall
lngfipnfuriaaniuABHATNE VeIt UNBUTS

2) nsdinasuIuiuseumMsvinuimmualiudeuniadslisgludmuniafiediuis
Tuneuslinsinisandensyniafifidfinuaasgadunadns

S0 Pregt PL | P | Py | Py | SeqiPrey P, P | Ps| Py
1Mz M 14 |M 15 (M 19|M 5 1My M 17 \M 15 [M 19 |M 15
2 M 23 M o1 (M2 [M o6 Mo | 2 M M 21 |M 25 [M 25| M 25
3 M, My Mg Mg Mgz | 3 Mg, M 33 \M 51 (M 35 |M 57
3 M 4, |Share M 44 (M 45 (M 47 |M 4s 3 M, |Share (M, IM 45 IM 47 M s
3 M s M 55 |M 57 {M 54 |M 5, 3 M s M 55 (M 57 M 54 |M 5,
6 Mg Mg |Mog|Ms7|Mgz| 6 Mg M g4 |M g5 [M 67 M g9
7 Mz M 72 |M 74 [M 76 [M 7, My M 75 M 74 [M 76 [M 7,
(a) (b)

gﬂ 9 3.4 mamamsﬂﬁ‘umLmuwaqaumﬂ (a) LLamaumﬂ 5 aumwﬂu
mwazﬂawmm 7 iU (b) LARIANSUNUTSEIN a8 e

3.2.6 msssymdaualiiuaynia (Fitness Function)
mmi’mﬁm%’ui’maqmﬂﬁmmxauﬁqm Ppest 84 1307109 t; AOWaLENIATU Lo
Funeudifitausiaunisd (2.18) unlifuiauaitsidy Faduaunisdmiu
fwmmadunlosudunoumuy nanlnsazidenluide 2.11 vesduiidasuiade
Msnensia Avusliauevesastesie W doulafo 0 < W <= -1 uay L fie
armgmvasaeteyaiind dwsusnuseddululdtmundo 6 = (A, ‘O, ‘@,
T} Aauivesdnuse b usngeglunadnsveseyniade £, Analdainaunisi
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(2.19) wazeAuddnuse b Nlleglunadnsvesayniafe pl, AIAAIINAUNITA
(2.20) Fenanlagazidenluiite 2.11

3.2.7 msﬁ'mﬁu%’agaﬁﬁ'lm’hLLaz%"umaua'%%mumﬁﬂﬁﬁqLaua

mAfeioonuuugrudeyaiitesesiunsiaurestuneuitnmsmamyan
flanuuuauduiuslungueynia dsdsenoudienissainuduiusiedelud
msdoyaamedoyaiiing amssaeduiusseninaedesiiululdimunuas
prsadoyasynia dmsuduneundnlunisnsramdiuiisaduiiafonisnensia
Usgnoudeduneuniaindsudeya (nisuiuiivestiyn) daduduneureunis
Ffiunis uagduneunisnsraninadns Insdifunisiisunieginlda
(Pseudocode) wosiunauisTitnaueidwieluil

YunUITNIIIANNNZENIgaLU U UduNUS TunguaunA

Input:  w = the length of subsequence;
Maximum = number of iterations;
N = number of input sequences;

L = length of input sequences, b = {‘A’, ‘C’, ‘G’, ‘T’};

1. Nexus Process (Pre-process)
fori=1to Ndo
forj=1toLrw+1 do
grouping MIi[jl;
connection: M[/1[j] and M[i+1][/1;
end for j

end for |

2. PSO Process
Initialize particles from best connection pair, start from first of sequences;
for k = 1 to Maximum OR not converged do
select local best particle;

update velocity of particles;
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update position of particles;
if k = 1 or local best > global best then
update global best from local best;
end if
end for k

Output: The set of subsequences M,

3.3 A1SN1IATRIMUUNaNEEglunAaedayann

dwsutynnisesiamadrundeduiiadunisaeasiauuunaisasluivsoaisvayad

e

=

U Adethiauetunaudslunsundynn IneUssenddunaudsnsmanvangauian

wuungueynia [13] sruduszesnsusuiisnuudssgnanuipdlelvdluaissdwe [27] @
Andulne M. Stine uazanrlud 2003 3endumeudsmamAngauiianuuunguoynia
$rufusTEEnIeLands (PSO HD)  iawfiudszansamnisnsiamaiuiisnduladonis
nansTaetuiug wSenfuUszgndunAnnuriduinaauiiianann (Cut-off Minimizing
False Necative Rate: minFN) [35] iiten1snsiavaneludinasndedmsuiunadianadng
Hadunsnensiauuuvarsaeluiivideaedeyaiitni

33.1 tumsuneunsidunig (Pre-process)

Lﬁamsm%smﬁuﬁéumﬂzgmﬁﬁm'mm'aLﬁamazﬁﬁaﬁ’lﬁm wAafiEweiing
assanyAuduRuS iwdwmﬂﬂaaaﬁﬂaﬂﬂﬂaaﬂaﬁﬂ%i’h i ez i+1 (1< i+l <= n) A3
sUil 3.5 uieliuiivestigmianudeiies

: W 114

M i+24

JUN 3.5 Maiveusesymianegasluameteyanind i uag i+1

Ingwsazanemuduiusiamvn Jadnamessegniuauiildvannisdudves
aefuekazaaavesiiindlelnaiioulaaduassdndagun 3.6
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5UN 3.6 NsiWeuseTEINaUgeY

HaMinTunasaInAntunsiudunaunaunsaiiunshe nguvedauges M; 21N
¥ A o ¥ = I A 1 gj . Aa 9; %
agveyaningn S Balunisieuseuuuianun (Cross Join) NliAtmin (X )
MAULAREAEAUFNRUS (M) DX Mis), My DXip) Mig), Mg Dgp M,s)
- £ ooy
oMz DRy M), My D p) M) 1 U5 88EL08ARNIU

{My; D p) Miy gy, My i) Mgz, My PRy Mgy, ey My By My My D) My
w1,

Mis1; D gy Miszi, Missj Diny Misgies, Mivgj Pn) Miszivz, s Mivsy DRupy Migoi, Mgy
N(HD) MI'+ZL-W+1)7

WMz D p) Mivsjy Miszi Ry Migsies, Migi P p) Misgivz, oo, Miszg Xip) Migsian, Mo
N(HD) M/+3L-W+1);

Mz Do) M gy M 2 Do) Mg 1, Mg Do) Mo js2, ooy My Dy M0 Min
N(HD) MH—ZL7W+1)’

M- DRy My Mgy Dn) M1, Mgy DRy Mgz, ooy Mgy D) Moy, Mg
Dq(HD) MnL—W+1)}

3.3.2 aqmﬂ&”\‘iﬁu (Particles Initialization)

aun1AlaY P dmMSUMIATIIMEIAULATIIZRATaUSNEIIIY Kk aunIAll
foyaanogen M; 1w ae GeSwdueyna k <= L-w+1 luusiazeynin A
Anualivinnisidenaludey My mﬂmasﬁayjaﬁﬁwﬁﬁawmﬂ S, MENTEN 21N
fhegdlugud 3.7 Sadunsduidenansdesanansdeyaiitiniraneusn (Seq 1) 91
2 oyna (P1 Aeduitu P2 Aawduuse) Tnsnnuenivesansdeyaiitnd L wasainy
gnvesansgos W inmualidu 9 wag 7 mudidu Tudunuaedoyadivudisue
3 ane Mntwinsdenaegesluaedeyaiivndndaluiifssssmausudsfiduiianlu

U 3.7
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Seq1 2345678 9
ITCAAATCCG G W=7 P

i
2GGGCCTATA n=3 Ip, !

3 ceaGeTrTGGCTCT

Hamming distances Hamming distances
Seq 1 l Seq 2 l Seq 3
MillCAAATCC GGGCCTA CGGTGCT
M, AAATCCAG GGCCTAT GGTGCTZC
M,3K;:I_:C__£:G_:C; GCCTATA GTGCTCT

JUN 3.7 nsaseanuduiugsenineneg ey

Tunsdifisrunuansgesdszosmusuiiviufianunnd niaang  HDwM;, M,,) > 1
Avualiviinisduidenategeslu M., ﬁﬁizawwuamﬁﬂguﬁqmLLazaglfLu
angAudaius M, Tnetmualvidudeniftomilians dafudeyaansdosluaunialag
P, = My, My, s My Myt TinlFandnuasusiazeynianszansluiiufivesilymesng
fitfodndny lenadwsannisasueyniadaiuuansiesuil 3.8

Hamming distances Hamming distances
Seq 1 \L Seq 2 Seq 3

M, lCaaaTcda—pe 66 CCTAR S 6T 6.CT
M, AAAT CCG camemMANCE GGTGCTC
M, 'A_AT CC GG GCCTATA G TG cCTCTl

Re%dom Seleé!lc shortest HD Seleé!/t shortest HD
Pl
M [CIAAA My [A[A|T|C|C
M,, |G A M,, C|T
My [GITIGIC|T|C|T|] My [C|G|G|T|G|C

5UN 3.8 MsaseeunAfasy
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333 mimﬁlauﬁ%aaaqmﬂ (Particle’s Movement)

3§mim§'auﬁmmﬁgwaq%umauﬁ'%mimmmmzauﬁqmmumjmm‘gmﬂimﬁ’u
sypgmauanile Aenstheymaunaiiandediiiielddeyasiuiu meldsuuuy
Foulosmnouynia  (GBest) udwihnsmeynafiniign u 138110 (P Inen1s
Anideneynafislenfiniuagsgn dausiazeyniafeslannlugiuvunminddfivme n
wen w nén Tnedl n Aedruiuaedeyaiiiidiuas w fomnuenvesaedes ndsan
dunisiadeufioyniaiiieutuniueynieiinfiaadenisunuiidiums M, e
Mpest; 93Ut 3.9

Seq [P pest Pi|P2|Ps|FPa Seq|P pest Pi|P2|Ps|Pa
1My M 14M 15M 1oIM 45 1My, M 17IM 15|M 1o IM 45
2 My M 51 M 24|M 26{M 25 2 M 5 M 51 M 23[M 23 M g
3 | Mgy M 51 {M 5, M 35{M 5, 3 | Mg, M 31 iM 5, M 35iM 5,
3 |My, M46M43M47M45E>3 M 45 |ShareiM 4, IM 43IM 47\M 45
3 | Mse M 55IM 57IM 54 (M 54 3 | M s M 55IM 57\M 54 M 54
6 | My M 54fM 65iM 67 (M 62 6 | Mg M s54iM 5 fM 67{M 69
7 My M 72IM 74 76{M 7, 7\ Moy M 72M 74\M 76 (M 7,

SUN 3.9 MIUNUAFIUILIENEE R8I0 UNARILAIEEDEUDIDUNIATIATER

TneuszgnduuAnnisiadouiivesfuuuluuni iefuleultlunsindeuiveseynin
Tugls (271129 Sefvdnmsvinnussdl fwuslfutazeunia P, Usenovdeasgosiils
Mnmsduanaedeyadituit Tasnnmes X uay V Aennmesvesiumisuas
AVINSIVIDYNTIA P, AUAINU IEANITNINGRS X = {Xyj Xz -y X1 X} WETAUNTN
VOIINADS V = {vy), Vg, oy Viyp Vi} 08 x; PRAUMULSIREEIEEREWAE v; AB
Arasetuarasgos dmsumiuiiifiudsundadlluisiagsounisiauiueg
NUITEEMINTENINNBUNA P, LLa?d’e)‘léﬂ’]ﬂ‘ﬁlaﬁéj@ U 1987199 Ppoyt dmsunmsidoud
veseynIatuneuIsituaueldmandoufivosfuutluund Sadunsumudidumia
X;j VBNBUNA P, AU Xpest; VBIBUNIA Prost bULAAZTOUNITVNUAITI8AZLDEA

[y

Tuiide 2.6 Amusldadunisaunseinaynireglusundsidunadnsifeniu
3R LliunsAsUTIIUTEUALAITInUALE N SEena AT A TinLuEgegaL Ty
Haans lngnaansantunauile olatuu (Alignment: A)

3.3.4 nInsrmagluiiviaguge (Detection of Remaining Motifs)
drnsumsasamaslufinaaniosiuiu d @ iethuadwadnsvestade

msaoasfauuunatsansludfindeaedeyadiiniidsgui 3.10  1638nsinadné

olawu A (elawu A S9uuludivn n @1e) 1YNTAUINAIAIUE D ULUULNS NG



a2

s Foec]r v e BRI [
S, A[CGGTITCAGTTTA
SS AACCICGGTITCAAG i'id
S, [CGGTJAAGGTICG G C! o
S, CCGGCIATAGAGTC

JUN 3.10 elawunsnsmadngaiuiadonisoensiasaraeluiinaunie

fuategpsnmaavanun [35] Anrulag AE. Kel wazamuelud 2003 $35n15A a0
) ~ o v % & a ¢ ) v o
Aeaunsn (2.11) Testhdeyaainelawu A waaduaninddagiuudimuin
AeaNnisn (2.12) wanhanedeglag AM; sneileuiu slawu A flavane (a1gey RV
Asanggosldlaeglualaiuuy A) WeA1uIuMIAIAINAAIAAYBIBNYTEAIAUNITT
(2.13)  wazAwamAIAINdgIEAveIsnusEAsaun1sT (2.18) dvuali £ fe
[ a vy a [ o 1 b max o o ‘:4' d‘ [
IuundesNanvesdnuseludunis i wag f AaduIUTININTIaATaIsnvsely
Fnud 7 nanlagazidenluiide 2.10 ndsanndudunisaaaanluinaunaslaedn
HaansAAINInnunnniliesn [35] uarlwaansiiginiidnsnaelinneidouiy

[ I3 3 (v d' d' I~ [ [ [ Y]
HadnselawunTuney 3.3.3  uanwnesui 3.11 wedunadnsUadenisnensia
wuunmeangluireaeveyaiiuit

g TTTCACGGT e \§ e S,
S,A[CGGT|ITCAGTTTA GGCT ACGG AACC GGTA

S,AACCICGGT|TCAAG =™ |GCTT GGTT ACCC GTAA

S|ICGGT[AAGGTCGGC RM= <CTTT GTTC CCCG TAAG
Vv TTTC TTCA CCGG AAGG
“)

[A] | ) cutoffs [ [A] mSS AM ; ] - [TFBSS]

JUN 3.11 avnamangluiiiasvdeiieaiamadnsladunisnensia
wuuvaganglunnseaedeyaiiuin

335 nsedunisvesdunauis

Asndunsiiiensnsamanuiidaduiiatonisaonsiauuunaisaslufinge
ma%’az&aﬁﬁwL%’]suaa%gumaufs%mimmmmxauﬁqmwuﬂzjuaymﬂi'wﬁ’mwzw
waNL & 4 drunanusznaunig

1) AMSMUUANISIILNDST

2) NSASI9E18ANEUNUS
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3) MSARDUTNIVDL
4) NMSARANYLDYNHINI NN

lngnadnsvavetuneuisheladenisnensiaiuuraisaeluiivdeaevoyaiming
Faanaunsihanunseglalan (Pseudocode) vastunauisminauaiisasialuil

TUABUITNIINANAN T FUNFALUUNGUUNIATINAUTLHENU NI

Input:

w = length of subsequence;
Maximum = number of iterations;
N = number of input sequences;
L = length of input sequences;
b={A‘C, G, T}

Begin:

Set:

HDL LI ] = Null
EM = null;
remainM[ ][ ] = null;
Plb[ ] = null;

Pnbl ] = null;

TFBSs as DataTable = null;

//Hamming distance
fori=1to N
for j=1 to w-(+1
EM = Encrypt (M),
for k=1 to w-(+1 // Motif in second row
HDI[jIIK] = Hamming distance (EM, Encrypt(MI[i+11[K]));
end for k
end for j

end for

//Swarm movement

Initialize particle;

fori = 1to Maximum OR not converged do
select local best particle;

update velocity of particles;



aq

update position of particles;

if i = 1 or local best > global best then
update global best from local best;

end if

end for |

//Cut-offs minimising false negative (minFN)
fori=1to N
for j=1 to w-(+1 //Motif in first row
if M[/[j] not exist(global best) then
calculate M; by mSS;
if error rate mss(M;; ) then
remainMIil[j] = minSS(M;);
end if
end if
end for j

end for |

OQutput:
TFBSs = concatenate (remainMIi][j], slobal best);

3.4 N1SAIUNIS

aada o

drnfunissniunisluduneuisiviaus Uszneusigdiuuesenianas szmmna
Uszanawanang (CPU) mwm%aagjﬁ 2.70 Angia3ng (GHz) Wagnuieaudman (RAM) agm
8 Anglud (GB) Tuvazidiuveslusunsuimunlaenty C# nesdu 50 wazdrugiudoya
\Badusius (Relational Database) 19 SQL Server 2012 Jugansuaslunisinnis d1wmsu
mmwama’Lumu%mLmauwuwsmauma ANTNTOYAOUNIA ANTWEAUAUFUTUS oz

G]']’i’lﬂa'WEJGUEmaVIU']L‘*U'MQWZJﬂ

3.4.1 mju%’agaﬁﬁqmmamLLa:,'n']'iﬁgqqumﬁma%
dm¥unsveaeulsEansnmuestunewdifiiiaue lunsnsiavnduisadu
{]ﬁamsaamﬁaLLUUMﬁamﬂIuﬁWﬁamaﬁﬁa;ﬂa‘ﬁ'ﬁwLi’h wazhuuransansluinge
aeteyaitiin Tnsuvunisansludivseansdoyaiiintmeasuiugiudeya SCPD
1391 5 ngu dudunguieyavesdad (Saccaromyces Cerevisiae) liun ngudeya
GAL4, RAP1, REB1, MCB way PDR3 Fam57971 3.4 LLazmﬂﬁm%’ama Genbank [40] 5
g sml,ﬂuaamauaéuamuwa (Homo Sapiens) laufinautoya ELK4, E2F1, FOXDI,
USF1 48z RELA #am131991 3.5 ami*umemmahmﬂmaawuauammmeaau
funqudeya 7 nquusenaume naudeya CREB, E2F, MEF2 uaz SRF 310 udaya



a5

JASPAR [40] wanefianns197 3.6 wagngudaya ERE, MYOD uaz TBP ang1udeya
TRANSFAC [41] uanefsnnsed 3.7 tnenguideyamariiunqudeyanddiundadu
Tadunisneasianiauvainvaly dellntumaaeulss@nsnIneeavialetuneu

35 [17-20]

M1919% 3.4 AnaudRveInqudealaIng uleya SPCD

Datasets Size Motif Width Consensus Sequence
GAL4 6 17 CGGNNNNNNNNNNNCCG
RAP1 16 d RMACCCA
REB1 14 7 YYACCCG
MCB 6 6 WCGCGW
PDR3 7 8 TCCGYGGA

lﬂl U ! v k4
A19799 3.5 AUFIUATDINQUUDLAIING1UTBYA Genbank

Datasets Size Motif Width Consensus Sequence
ELK4 20 9 ACCGGAAGT
E2F1 10 8 TTTGGCGC
FOXD1 20 8 GTAAACAT
USF1 30 7 CACGTGG
RELA 18 10 GGGAATTTCC

M13197 3.6 AnauTRveINgUTaNAIINg UTBYA JASPAR

Datasets Size Motif Width|TFBSs Embedded| Length
CREB 17 8 19 200
E2F 25 A 27 200
MEF2 17 7 17 200
SRF 20 10 36 200

M15197 3.7 AnaudRveInquvealaINg uleya TRANSFAC

Datasets Size Motif Width |[TFBSs Embedded| Length
ERE 25 13 25 200
MYOD 17 6 21 200
TBP 95 6 95 200
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TnonuantRveanguieyaiithumaasdunisnsd 3.4 famnsieil 3.7 Uszneusnedoya
- Size Aoduvesmedoyativiii

- Motif Width fia AnueIvesansludin

- Consensus Sequence Aeaneneuudadunalnay

- TFBSs Embedded Apdunuaelufinidudiuiidniutiadonisnensita

- Length AsAnuenvesmedeyaiiindn

dmiungudeya CRP 9Ing1uYaYa RegulonDB [42] Aeondudeyaaiedluuves
3lala (Escherichia Coli: E.Coli) nengudayaiilfifionaaouysyansnmuasdunauis
Tumsnnamdniigaduliadenisaensia Mawvunisasuazuuunansansluiivide
aedoyaiiind iosnaeiluidaelufivedradosniaduluusasanefibue
wienfuguuuuteyaiandlelndivainvate Sedentunmaaeudszdvinmuos
FunowdBenag [314I15)17122](25] dwuToyanuansilunei 3.8 Aendudoya
CRP Faanedoyafiiniudazatefinamen 105 dandlelnd (105 §nusy) aneludini
Anuem 22 Thedlelnd [43] uazdruanslufiniduduidaduiiadenisnensia
flavun 23 @

M15799 3.8 AasautRvesnauteuadlala (Escherichia Coli: E.Coli)

No. Names Motif 1 Motif 2
1 CE1CG 17 61
2 ECOARABOP 17 55
A ECOBGLR1 76 -
a4 ECOCRP 63 -
5 ECOYA 50 -
6 ECODEOP2 7 60
7 ECOGALE 42 -
8 ECOILVBPR 39 -
9 ECOLAC 9 80
10 ECOMALBA 14 -
11 ECOMALBA2 61 -
12 ECOMALT 41 -
13 ECOOMPA 48 -
14 ECOTNAA 71 -
15 ECOXUL 17 -
16 PBR-P4 53 -
17 TRNOCAT 1 84
18 TDC 78 -




ar

mMsimuasTivesilensnnamaniidadudedunisaeasiawuunians
TufWsoansdoyafiiituazuuumansasluiideaedeyaiiind  vesdunouisd
dnausUsznauieamsiwesdaduaumies (nertia Weight) Avnsfiwesainy
WsUsIU (Cognitive) Amsiimasdsan (Social) wagdruiuseuLiiengansviay
(Number of lterations) fasneazidenlunsnsil 3.9 Feimunnunuasdiveangs
Yoyafithunaassegramuizay [17] Tnsdruaueuniadinduduneuisnismen
mmzauﬁ“qmLLuumué’uﬁuﬂuﬂejuaymﬂLLazsﬂ'jumaui%‘mimmmmzauﬁqmmumju
pymATiUsTIEIaLeNil aziBeadanad 3.10

a ! a s o (%
f1919N 3.9 AINIIULABITINIUBUNIA

Description Parameters Size
Inertia Weight a 0.4
Cognitive B 0.8
Social Y 0.8
Number of Iterations Maximum 3000

dl o ‘ﬂl o o U 09.}1 Qd‘ﬂl o
$1919% 3.10 MUIUBUNTIANNINUAGTIVIUTUABDUITNUILEUD

Algorithms | Number of Particles Description
= length of an input seqeunce
NexusPSO (-w+1 e 2 7
w = width of a motif seqeunce
The number of particles are properly
PSO HD 100 defined with typical attributes for testing

datasets.
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NAN1SIAYLAZN1SDAUSIINE

dmdunanisideiifunsinavenadnsildannisnaassuindszansaim
mMamsamdwitaduiiatenmsnensiaiienseiuse dewanismaasseanidu 2 ngu g
nauusnidummaassnIamaitndutadunisaensvianuunisaelufivdeaedoyad
it Faifeiinaueduneudtnismamanzaniigauuuaruduiuslunduoynia
(NexusPSO) Tngnszuaumsithanldlunsussiiiunalszneuse
- ATEUIUMTATNENYADULUTEINNAANS (Consensus  Sequence)  [44] udainly
Wisuiflsuivanereuwudaiiunaieasannnaudeya
- mzmumiﬁwaé’wéﬁiﬁm%uLﬁauﬁuwaé’wéaﬁumwgm‘%u?’;ﬂ (DNA  Footprinting)
[36] BaduiumissalaagannszuInmsnsTTine
- AsznuMIAaAB Ut uAUIMU (information Content) Yasnadws [33]
diensindsAns nmeuksiusemadnsanduneuds
- nsgvaumislddiaifnaaeudl (T-values) liloan1snszansvasteyanadnsainnis
neaadludazseu [45]
waznguiiaesdunisnaasinamdundnduiladenisaensiauvunataioludivse
aedoyaiiindl funeuinisuidnmuisaufigauuueuniaiiniusssznianonis
(PSO_HD) Tnenszurumsiithuldlunisussdiunatsenaudie
- ATBUIUMIMAIAULLIUE (Precision) TadNaansinuaNn1SANANWILET [46]
- NSBUIUNIMIANANINGNADY (Recall) vainadnslngaunsAIALgNFes [46]
- nszviumsindseavsamussnadndisosanuusiugwazgnienseuagy tnevia
LeNaNas (F-score) YBIHATNS [46]
mAfeilivhmannsaeunadlilunmsesamadniisaduiladenisaensiavesiunevuisi
thiaue stumeuisnsmemizauigauuuaudiiuslungueynanagtuneuisnism
AvszaLfigauUUe YAt UTE BT sl

4.1 nsussiiunadnsuuunilsaelufindeedayaiig

aeRuELANNaENSTastuneUTE NI ANy aTiaaLuUaudLRuSTung
aunialunadnsainnisasramaieluiivluareIlunvesngudeyaaisIlunvesdad
(Saccharomyces Cerevisiae) @ @nefduwe GALA, RAP1, REB1, MCB wag PDR3 uansly
SUT 4.1 faguil 4.5 Betinseiudamuiianereurudaanuadnsvosiunouds fuiaued
mnlndlAsafuasreuudaiidunaoasvesndudoya famsed 3.4 nanlavazidealy
de 3.4.1
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2_
CA
T T C
ijmmﬁrﬂmhm%??_?%ﬂgty
5 waibioge. berheley sdu
NexusPSO result
1 CGGAGCACTGTTGAGCG | 3  CGGAAGACTCTCCTCCG 5 CGGCGCACTCTCGCCCG
2  CGGAGCAGTGCGGCGCG | 4  CGGGGCGGATCACTCCG | 6 CGGGGCAGACTATTCCG
JUT 4.1 nadnsanereuwudaainuadnslunguanefioue GALA
2_
o T e = —ue
5 3
. T——
NexusPSO result
1 ACACCCA I ACCCAGT 13 AAACCCA
2 GAACCCA 8 GAACCCA 14 CCGTGCA
=] ACACCCA 9 GCACCCA 15 GCACCCA
4 ACCCATG 10 TGCACCA 16 ACACCCA
5 GACACGC 11 CACCCAA
6 CTGGACA 12 ACACCCA
U 4.2 wadndaenoumudannnadnslunguatefiduie RAP1
2_
2,4
) Ac
— =
0_'-:1—: TN © = t-_:‘? =~
5° 3
g ey s
NexusPSO result
1 TTACCCT 6 CCGGGCA 11 CTACCCG
2 TAACCCG 7 GGGTAGC 12 GTACGGG
3 TTACCCG 8 TCACCCG 13 CGGGTAA
4 TCACCCG 9 TTACCCG 14 TTACCCG
5 TTACCCG 10 CGGGTTA

JUN 4.3 nadnsansaousudaannadnslunguaiafioue REBL

Y
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——

- e -y
0- — ] = =3 1 ©
5 9’
wesbing o berkley adu
NexusPSO result
1 ACGCGT 3 ACGCGT 5 ACGCGT
2 ACGCGA 4 TCGCGA 6 ACGCGT

JUN 4.4 nadnsanereuwudaainuaanslunguansfidue MCB

2
oL
S1
0 S
d - o ] = Ty wo ~ @ a9

e bl o1 bver bl escla

NexusPSO result

1 TCCGCGGA 4 TCCGTGGA 6 TCCGTGGA
TCCGCGGA 5 TCCGTGGA 7 TCCGCGGA
3 TCCGCGGA

JUN 4.5 nadwsaneneuwudaainuaanslunguanefdue POR3

wavnaudeyaaedunveysd (Homo Sapiens) ldunanefiduie ELKA, E2F1, FOXDL,
USF1 uag RELA uandlugui 4.6 Bagui 4.10 F9ATI8RUaINUINagn U utaanmadng
Yostunaudsiiiausiiaulndidesivairousudaidunaasvaangudoya Aann35199

3.5 Nantngaenluiive 3.4.1
2

| C —
o= = . e, W _——
5 — o © - w w ~ o« o« 3

werbiog o berhele y adu

bits

NexusPSO result
1 ACCGGAAGT 6 ACCGGAAGT 11 ACCGGAAGC 16 GGATATAGC
2 ACCGGAAGT 7 ACCGGATGT 12 ACAACCGGA 17 ACCGGAAAC
3 ACCGGAAGT 8 ACCGGATGT 13 GCCGGAAGT 18 TCCGGAAGC
4 ACCGGAAGT 9 acACCGGAA 14 CCCGGAAGT 19 GCCGGAAAT
5 ACCGGAAGT 10 ACCGGAAGC 15 ACCGGATGC 20 ACCGGAACA

UM 4.6 nadnsenerougutannuadnslunguaefiowe ELKA




bits

2
0 — o~ @ Q‘m: © ~ w©
5 3

wabioga. berkale yedu
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NexusPSO result

1 TTTGGCGC
2 TTTGGCGC
3 TTTGGCGC
4 TTTGGCGC
5 TTTCGCGC

6 TTTCGCGC
7 TTTCGCGC
8 TTTGCCGC
9 TTTCCCGC
10 TITGGCGG

JUN 4.7 nadnsaneasuautanIniadnslunguaefiawe E2F1

e AAA:AT -
— ol © = s} w M~ = =] 3

webioga kel y adu

NexusPSO result

1 GTAAACAT
2 GTAAACAT
3 GTAAACAT
4 GTAAACAT
5 GTAAACAT

6 GTAAACAT
7 GTAAACAT
8 GTAAACAA
9 AAACAATG
10 GTAAACAA

11 TAAACAAT
12 GTAAACAA
13 AAACACGT
14 GTAAACAC
15 TAAACAGA

16 ATAAACAA
17 CTAAACAG
18 GTCAACAG
19 GTAACAAT
20 ¢TTAAGTA

JUT 4.8 nadnsaneasuwudaainuadnslungualsfioue FOXD1

bl o, berhle y adu

NexusPSO result

1 CACGTGG
2 CACGTGG
3 CACGTGG
4 CACGTGG
5 CACGTGG
6 CACGTGG
7 CACGTGG
8 CACGTGG

9 CACGTGG
10 CACGTGG
11 CACGTGG
12 CACGTGG
13 CACGTGA
14 CACGTGA
15 CACGTGA
16 CACGTGA

17 CACGTGA
18 CACGTGA
19 CGTGTAA
20 CACGTGT
21 CACGTGT
22 CACGTGT
23 CACGTGT
24 CACGTGC

25 CACGTGC
26 TGTGGGA
27 CATGTGA
28 CACATGA
29 CACGCGG
30 CACGGGA

JUN 4.9 nadnsanereuudaanuadnslunguanefioue USF1
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2

| A A T I TCC

0 = ™ < 77} ©o = ? =] o

5 - 3

NexusPSO result

1 GGGAATTTCC 6 GGAATTTCCG 11 CGGACTTTCC 16 TGGGG C
2 GGGAATTTCC 7 GGGGATTTCC 12 CGGACTTTCC 17 GGGGGATTCC
3 GGGAATTTCC 8 GGGACTTTCC 13 GGGGAATTCC 18 TGGGTTTCCc
4 TGGAATTTCC 9 CGGAGTTTCC 14 TGGGGTTTCC
5 TGGAATTTCC 10 GGGAATTCCC 15 GTGGGGATTC

JUT 4.10 nadwsanerouudanInnadnslunguasfidue RELA

= ~ ~ v Y ax a & axa a 9 ) ax
15199 4.1 NISLUTYULNYURNAANSVURNDUITUUULAN YUADUITNLNLIVDILAZIUNDUITNNT

WmAINTaugakuuauduiuslunguaunia

Traditional Algorithms Related Works
4 y o
No.| BS Name g ie < £ E T, /=20 SN e § o
2 4E _f,_f,, AN A 2. | o S % S
3 i i
G
1 17,61 CE1CG 5= NN OB RRoEbCA = Kcld O} 63 2 61 0
2\ 17,55 [WECOARABOR/ (198 YU 5T 551T100|wbe =lfLNG5" O}l (2 55 0
3 76 ECOBGLR1 TR 2N|348{Y 28L1 (6 YQrlsT7 NS JeF0" [ 78 (& 76 0
4 63 ECOCRP 59 4 |65 2 163 0|64 '1 |63 0 ([65 2 63 0
5 50 ECOYA o] % 39, Y OF) Q8 (57 (Bls 99 | 50 O [N52 £ 50 0
6 7,60 ECODEOP2 5 2 9 2 7 0 8 1 7 0 9 g 7 0
7 42 ECOGALE 40 2% 26 NGl (N2 0 [T43 1 1.24.718 @44 2 42 0
8 39 ECOILVBPR [¢37% .2 | 41 2 [ 39, 0 | 40+ "18["39 #0441 2 39 0
9 9,80 ECOLAC 7 2 el IRy 2 9 0 10 1 9 0 11 2 9 0
10 14 ECOMALBA (12 2 |16 2 |14 O [15 1 (14 O |16 2 14 0
11 61 ECOMALBA2 | 59 2 |63 2 [35 26|62 1 |61 0O |63 2 61 0
12 41 ECOMALT a4t 6 (43 2 |34 7 |42 1 |41 O (43 2 41 0
13 a8 ECOOMPA |46 2 |50 2 (48 O (49 1 |48 0 |50 2 48 0
14 71 ECOTNAA 69 2 (73 2|71 O |72 1|71 073 2 71 0
15 17 ECOXUL 15 2 119 2 |75 58|18 1 17 0 19 2 17 0
16 53 PBR-P4 49 4 |55 2 6 47|54 1 |53 0 [55 2 53 0
17| 1,84 TRNOCAT 25 24 | 68 16 |27 26 |5 28| 5 4 195 11 5 4
18 78 TDC 74 4 (8 2 |16 62|77 1 |76 2 (78 O 76 2
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Lﬁa'ﬁ'lmimaau%umau‘i%mimmmmzauﬁqmquamé’mﬁuﬂuﬂduagmﬂﬁuﬂajm
foyadlala (Escherichia Coli: E.Coli) [42) favun 18 afudrimadnsfogluseduaads
lUwssuifleufunadmitunaulsuuudaiu (Traditional Algorithms) léundunauisnisdu
frognauuuAvd  (Gibbs Sampler) [22] Suneuitolateds (AlenACE) (5] uazdumauds
Amannegagn  (MEME) [3]  Tesisduvdaduduvesluiiannusiastuneuds
Wisuiisufudunisteanainns mamasldannisnisiduennniuia) vinlildnanis
nAaDsRanseil 4.1 lnsideya BS Aedumisanesluiindidunaians uay diff Aeadnu
uanesszrinsulsiidunadnsvestuneuiiusundiressaiaay Setuneuinisdy
HeganuuAvdiinadnsiilnaanaalaase 39 sumisluaefiduedwiuil 5 (ECOYA) uag
lnaanuaiaae 24 dunisluaisfiduediduil 17 (TRN9CAT) druduneuitelaloddd
wadnslnaanuaiaay 16 Aumishuaefiduedfun 7 (ECOGALE) uavanefiduiadiud
17 (TRN9CAT)  @arhstunoudsnisdudiesnauuuivduartunouiselowndd  luduadws
aeluivlafinssiunaas lurngiituneudtmanmnegsaainadnsiilnanuaaay 37
duisluanefiduiodifuil 5 (ECOYA) lnaarnnalaas 26 duvtsluasfduodduil 11
(ECOMALBA2) wayysainnawaas 58, 47,26 wag 62 suvnus luanediduiedisuil 15
(ECOXUL) iUl 16 (PBR-P4) §1sfudl 17 (TRNOCAT) uazd1udt 18 (TDQ) mudisty
Tuvueilangludins 11 aefinswainas

dmsunadndanelufivvesiunouiBiiefusnisy (GA) durouiBnismemnyay

a

flgpuuunguoynia (PSO) wazduneuitiedersle (ACR) lunisedl 4.1 vesaefibuie
STt 17 (TRNOCAT) flamsvinaannmalaas 28, 4 waz 11 suvdsudsy Tuvasiinadns
fruvsanslufinluaefiduiedun Indifssiunaians Teseyldirduneuismarissl
annsansamanslufinlumefiduedifuil 17 (TRNICAT) Isiogauaiugniin

ﬁm%’u%zumauﬁ%‘mﬁmmmmzauﬁ'qmLmumué’mﬁuﬂuﬂfjuaumﬂ%qL“fju%u’umau'i%ﬁ
tiaue annsanmamagluiinlumeidueddui 17 (TRNOCAT) 1#lndiAgsiian Tag
Aawanaainwawaasluiies 4 douns wagannsoasemnanelufiniinsstunamasléianue
16 pnanedeyaiitidwiomn 18 a1e dwmalirdulesiutunsumusivessadnsain
Funeuisiinaueiirgsganugud 4.1

|

NexusPSO 11.029

PSO 10.95

GA 10.876

ACRI 10.548

AlienACE 9.364

|

5UM 4.11 nemilSeuiiiguadulesiuduneuinu
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Tnedayalunsedt 4.2 uansrdurlefudunoumusilunimaaes 18 asa szurinsdunou’s
FAAvLEgaEn (MEME) TuneuiBelaiedd (AlignACE) dumevdtiedonsle (ACR) was
Fupeuiafitiaus (NexusPSO) niaufuAads (Average) vasusastunevislunsnaaes
18 afs Feouiwananissiiunisvestuneuisiiviauslunimaaes 18 ﬂ%ﬂ@gji%%’jw
980 fis 1650 Hadiunii

A15199 4.2 WSguiiguA1 DU ST UABILNUNIUNITNAADY 18 AT

No. MEME AlignACE ACRI NexusPSO
1 10.032 9.651 10.01 11.045
2 9.075 9.887 10.28 11.804
3 10.02 9.576 9.987 11.018
a4 10.05 9.624 10.403 10.946
5 9.117 10.235 10.457 10.354
6 9.892 9.71 10.184 11.934
7 9.554 9.01 9.895 11.005
8 10.124 9.934 10.258 11.112
9 9.646 9.807 10.354 10.124
10 9.439 9.853 10.421 11.053
11 2.1 10.12 10.53 10.984
12 9.16 9.399 10.415 10.852
13 9.684 9976 10.38 11.074
14 IV R3 9.825 10.286 11.04
15 9.024 9.769 10.179 11.206
16 9.008 10.314 10.3 11.704
17 9.105 9.011 10.14 11.029
18 9.32 9.835 10.431 10.254

a

A1m5UN1INTIVABUNITNTLANLVRIVRLANATNTIINNITNAADILULAAL TOUVRITUNDUTTT
Y LAUD mu%’aiﬂ%’ﬁhaﬁamaauﬁ (T “values) %at’f]umiw'%auLﬁwmsmvmaﬁ’mmmaé’w

D a

1INNTMAaeInasY A%e T¢ mwwummﬁmu%auaua ﬁuumamﬁauq Tunsdifirada
noaeuigeuandifiuinadnsannismaaemaisy ale svmwwumamﬁmuamﬂmmaﬁu
fawadwimatamnasufiuandunised 4.3 fmualidadfveaoufininmnaass 18 ads
(18 Samples) HA1AILBATE(The Degree of Freedom) agjﬁ 18+18-2 = 34 (n+n-2 1Ju
aunisunsgiulunisaiuiuadases) wazdimuaaiseauauidedidgy (Significance
Level: @) 1¥u a = 0.05 (a = 0.05 mnefsnsnszaesivesteyasglusefuamnuinieded
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aa

95 1Uasidu) %maé’wé t0. 95(34) 1.691 mfﬁLﬂmvﬁmaammaauﬁiumrﬁ’m171' 4.3 WU

ddd

maamwmaaumawummﬁwmLauammmnmwumamﬁwmmsum ‘VI t0.95(34) LLﬁﬂ\ﬂﬁ

FuinAaasveNadnsvest uneuIs I Le umiﬂizmwaammuamwﬂwumauiﬁﬁ
LR RN

a I aa = o aad o v O aaa o v
M1957190 4.3 ANFDANAFADUNTENRINYUFRDUITNUIEUDNUVUNDUITVILNYIVDY

t-value MEME AlignACE ACRI

compared with NexusPSO 10.354 9.181 6.34

]
= o

4.2 nsussliunadnsuuurateagluiinsesanedayanindi

sideildanenaned GefisudmnldavsyAniainauntuguazaugnies
AsaUAquYBdNadNs Tun1snsramidrundadutiadenisaensiauuunatsasluiivde
aedoyaiiind1 [1811911201210[27)  Audammanng (2.22) Fadtowanesidusn
fignsnanviannuuaiugn (Precision) WagAmgndasnsouagy  (Recall) nanalasazidesly
vado 2.11 uasmansidethanvendinlflunsiausyansnmsewing nadwsvestunewisi
11’?LauaLLav%umaueﬁﬁLﬁm%q

sATeidvinsnaaestuneuitvienun 20 a¥s mugluuuNIRResTDsL
\Aeados [1811911201121] watpenanesgeanaINAITNARBY 20 pfav0sdumnonisi
thiaue suUSeufisuAidiianuestuneuisiBaiugnasy (GA) neaeulas D. Wang uaz X.
i [20] uwazdriinfignuestuneuisnismanmnzauiiaaiuungueyniauuulsznd
(PSOVa) naaaulag M. Karabulut wag T. Ibrikci [17] wuihduneuisfiiauedanenanas
geanlunguioya 6 nguan 8 nau Tuvasdingudeyadn 2 nau IéuA ERE uaz MEF daov
ano$egil 0.85 way 0.98 mMudiudsgegalusufuiiaesiseaziBoalumsned 4.4 sgls
AanndevrAenanesgsgalunnndudeyanimenade wuitumeudsitnaveiidade
geandsgud 4.12

a i 3 ] aaa o = = v O aaa o %]
195719 4.4 ANBNANDIVBIVUANDUITNUNAUDUITHULNEUNUTUADUITNNEIVDY

Algorithm CREB| CRP | ERE | E2F | MEF MYOD| SRF | TBP Average
PSO_HD 0.90 | 0.92 | 0.85|0.92|098|0.91| 0.91|0.89 091
PSOVa(best) 0.72 { 0.86 | 0.82 | 0.67 | 0.91 | 0.43 | 0.79 | 0.84 0.76
GAPK 0731091 092|082 1.00]|083]|0.74 | 0.88 0.86
GALF P 0731091 [0.79 (085|097 | 071085 (084 0.84
GAME 0.71 { 0.88 | 0.76 | 0.79 | 0.97 | 0.44 | 0.83 | 0.77 0.78
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F-scores
0.95
0.91
0.9
0.85
0.8
0.75
0.7
0.65
GAME GALF P GAPK PSOVa(best) PSO _HD

JUN 4.12 nywluiauSeuiisuaeianesindelungudeyans 8 ngu

dothsoagiBannsmaaesiis 20 afdlundudoya 8 ndu wnUFsuifisudiaanu
wiug AmugniesaseunguLarAeNaned szrisdunouTBTithiauouartuneu BB
ftugnssuiinaaeulae D. Wang uay X. Li [21] Usingiwadwsvestuneuiilinaus
Teienanosiadogaanog 089 Fwns1eil 4.5 8dl 7 nqudeyafitunauisiiunaued
Ateanesgean  lusmsfingudeya CRP Antevlanesegludduiianssasanduneu’s
GALF-P [19] wazAndeaiuninasgiuvesaienanasyostuneuisitiausngd 002 f 0.08

M13197 4.5 WiguiguAtenanes (F-score) WavATUeuuulInggIu

Algorithm CREB | CRP | ERE | E2F | MEF | MYOD | SRF | TBP | Average
F-score| 090 | 089 | 079 | 089 | 097 | 088 | 091 | 0.89 0.89
PSO_HD
+ 005 | 003 | 007 | 008 | 002 | 006 | 002 | 002
F-score| 066 | 087 | 079 | 075 | 089 | 087 | 078 | 0.77 0.80
iGAPK
+ 006 | 002 | 011 | 003 | 006 | 005 | 003 | 006
F-score| 066 | 086 | 078 | 077 | 087 | 074 | 067 | 083 077
GAPK
+ 004 | 004 | 010 | 002 | 003 | 009 | 004 | 006
F-score| 053 | 091 | 072 | 078 | 089 | 036 | 076 | 0.80 0.72
GALF-P
+ 026 | 004 | 010 | 007 | 011 | 032 | 009 | 0.09
. F-score| 043 | 088 | 072 | 072 | 093 | 024 | 078 | 062 0.67
GAME
+ 032 | 003 | 006 | 006 | 004 | 016 | 006 | 025

1AgUayan1sei 4.6 LaAIAIANLLIUEIYDITURBUITNUNAUDEIEA 6 NEu UTEnaumiey
CREB, ERE, E2F, MYOD, SRF ag TBP usdauan1s19i 4.7 LaniA1ANuQnAednsounguves
WAt aueganiies 3 nquusznoudls CREB, MEF uaz TBP  ed1slsfiniuiile
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WiguiguAafevedAInuLiiuduaAIANgNABINNaUTRYATIY 8 NN Wuitduneu
WndnauslviriafsvesAIAULiNgMaTAIANNYNABIATOUARUAEA D87 0.90 Uay

0.88 AUA19U NiouuansAN T UUNINTFIUYRIAIAILINE1DET 0.03 19 0.08 LagA
UauuinIgIuYesrIANgNAednsauAquag 0.02 1 0.09 MUAIRY FIN15199 4.6 Lay

4.7
i = ~ ] ) . oA
1519 4.6 [WUTgUNEUAIANNLAIUET (Precision) LESAWUYILUUNTINTZIU
Algorithm CREB CRP ERE E2F MEF MYOD SRF TBP Average
Precision 0.87 0.94 0.79 0.90 0.95 0.92 0.96 0.88 0.90
PSO_HD
+ 0.04 0.05 0.08 0.08 0.03 0.06 0.04 0.03
Precision 0.68 0.90 0.73 0.69 0.87 0.83 0.75 0.73 0.77
iGAPK
+ 0.06 0.05 0.15 0.02 0.10 0.06 0.04 0.10
Precision 0.65 0.96 0.71 0.66 1.00 0.68 0.63 0.83 0.77
GAPK
+ 0.04 0.06 0.15 0.02 0.00 0.14 0.05 0.06
Precision 0.47 0.95 0.65 0.67 0.85 0.28 0.68 0.74 0.66
GALF-P
+ 0.24 0.02 0.15 0.08 0.16 0.24 0.12 0.12
¢ Precision 0.44 Q193 0.63 0.62 0.90 0.24 0.67 0.67 0.64
ME
Bt 0.31 0.05 0.07 0.05 0.05 0.17 0.06 0.28
a ~ a i v oA
A15799 4.7 Wisuflsuataugniesnseuaqu (Recall) wavAldssuuunsgiu
Algorithm CREB CRP ERE E2F MEF MYOD SRF TBP Average
Recall 0.94 0.85 0.80 0.87 0.99 0.86 0.86 0.90 0.88
PSO_HD
+ 0.06 0.04 0.07 0.09 0.02 0.08 0.02 0.02
Recall 0.65 0.84 0.88 0.83 0.92 0.92 0.81 0.83 0.84
iIGAPK
+ 0.06 0.03 0.03 0.06 0.04 0.08 0.05 0.04
Recall 0.68 0.80 0.89 0.92 0.77 0.82 0.74 0.83 0.81
GAPK
+ 0.07 0.04 0.06 0.05 0.05 0.06 0.05 0.06
Recall 0.60 0.88 0.84 0.93 0.94 0.51 0.88 0.86 0.81
GALF-P
+ 0.29 0.05 0.04 0.05 0.06 0.45 0.06 0.02
Recall 0.43 0.84 0.84 0.86 0.96 0.24 0.92 0.58 0.71
GAME
+ 0.30 0.03 0.06 0.09 0.06 0.16 0.06 0.24

deisanmseamdndaduladenmsaensiaivuranvangluivdeaedeyai

U1veatunaudsnduaus 31nn1maaes 20 asslungudeya 8 ngu wudwiatlunis

fidunsvastueudsivnaueldalungudoya MEF2 940 1 1023 fiadiunit THiaarlu
nqudaya MYOD 1000 fis 1110 fadiunyt Ianlungudeya E2F 1150 fia 1297 Tadiund
Idanlungudeya ERE 1180 s 1378 fladiundl ldhanlungudeya CREB 1250 fis 1462
fadui Wanlunqudeya SRF 1300 §ia 1400 dadiundl Tdhanlungudeya TBP 1500 &9
1698 @it wagldinalungudoya CRP 1650 fa 2000 fadiundl Fapseil 4.8 B
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dunaladaildlunisnsiamdiungadudadenisaensialungudeya CRP u1niian
\Wesanguuuudeyaiinnuvanvaeuazangluinilvunngtd

M13197 4.8 Wisuisunanlun1sneaes 20 asslungudayars 8 nau

Time MEF2 [MYOD| E2F ERE | CREB | SRF TBP CRP
Mininum Time (Millisecond) 940 | 1000 | 1150 | 1180 | 1250 | 1300 | 1500 | 1650

Maximum Time (Millisecond) | 1023 | 1110 | 1297 | 1378 | 1462 | 1400 | 1698 | 2000

4.3 aAUSI9NANISNNADIVBIVUABUISNUNLEUD

ANVSUNAAWSANUAD UL UTAVDITUNDUITNITI AN FUNAALUUFTUFUN UG LU

9
ad a

ndueynalunguioyaiia 10 ngu  Funaldinlvinadnsvostuneuisiminauesnssiuane
rouudaiidunaiaasdazuil 4.1 s 4.10 wieufumnuusiugwestuneuisiiviauoiigs

'
=

nirtuneuisfiAates Tnsnnzesnsdaansfiduediud 17 lundudoyadlala uuada
tiaueanunsamwadnslalndifsstuduml waleasunfiandanisned 4.1 uazaada
nageud ileTAn19nTraneuesHAdNSIINN1TVIAABIINNA 18 ASY sEVIntuneuiE
dnaueiuiuisiifeites anmanisisufsunanddfifuiiduneuisiduausiinng
nsvaevestoyaiifitddnyroduneuisiiendas
dmdunsiisuieuaievanesvestuneudnsmanmnganfigauuvoynia
'ﬁ'wﬁ’mzwmaL,Lauﬁ@LLa3%’514&1@14’3%17‘{&'m%’miumju%’auﬂaﬁg\‘i 8 naw wutumeuIsiiiaue
frnewanasiiniiiuneuds GALF-P lundudioya CRP Lilbsnguifien udiidewanasaan
Tunqudiouadn 7 nquilmdelsiun CREB, ERE, E2F, MEF, MYOD, SRF uag TBP geslsfnu
Tupouisiviauesindaadeienanoigean fanised 4.5 wandlifuiituneuisi

‘Ll’]Lﬁuaﬂ’]u’]iﬂWWUWﬂ?ﬁ(ﬂi’nﬂ%?’d’lu%ﬂﬂ%u{j%‘ﬂEJﬂ’]ﬁﬂE]ﬂ‘i‘ViﬂlﬂLL&JUSWLL@uﬂi@UﬂQN@J’mTu
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A3UNANITIVLLASVBLEUD Y

5.1 @3Unani1sivy

o
av A

NuITeilaiauatunauisnMsmAtnunzaufgauuaIuduus lunguaynin
(NexusPSO) @aidunisttunsuauduiusiantulvduivssgndidifutunauisnism
1 1 a | . . . . PRy 1 a
mheggdaufvugaukuunguoynia (Particle Swarm Optimization: PSO) LitenT3anadIui
gnduladensnensiauvunilsaneluiiiseasdoyamiidregeiiussaninmuazudugdu
Ingtunauauduiusausadnnsiuiivesam (Problem Space) Mildnasundnsdayai
gneadld Jenglvituneunisduuasdiuneuisaunsonindenasnsnaudlignaesld (Local
Optimums) 4a1nNNan1sAaeuandliiuiduneuisnIsmaAlmzauTignLuuaUduRUS
lungquaunia danuuduglunisasiamdiungaduiadenisnensiagniitunewisau 7
ABIUDY NANTUIINABUNDTLTUADULNUY (Information Content : 1C) YOITURDUTTT
° | ‘:4' & aa ! = ] ) aa
Ynaueag 11.029 NgannTuaduITNsMANMIEaNgakUUNguaunIA [17] Tunouds
LWNUENITN [25]  WAsTURRUITNITNIAMUIEANTEnNI8TEUUDIMIINTUA [15] Fadl

=

ﬁw@uWa%m%’maumuﬁ 10.95, 10.876 uay 10.548 AINEIAU Lﬁaﬁmimwmaaﬁmﬁaw
(T-test)  Wudunewdsfid dueiiAf (Tovalue) 9InnMsvagey 18 ASq mmwumau%‘%ﬁ
Aeadesed1aivedify Imumuammgagm 95 Wesidu wasiinsthaisasuudaiiu
NadnEandunewdsivauellisuiisuivatsreusudaidunadndaindsnsmdue
w]mw%uaya (DNA  Footprinting) #uduasnsmsdudiineridedold anmsuieudiou
WUIWadNS A s AR U AT asTUR eI R LdLE RS IndUATEARULTUT AT DuNa NS N
FsdSueniui Suandiidiuimadnsandunenisiiiaueiusednsamg
ﬁ’m%"uﬂWim’awwﬁauﬁ%%’uﬂa%’aﬂﬁmmiﬁameﬁmﬂmaimﬁwmma%’a%aﬁ
It wﬁ%’aﬁlﬁﬁﬁLaua%gumau'i'%msmmmmzamﬁqmLLwaﬂgmﬂﬁmﬁ’Uﬁwzmqufmﬁa
(PSO_HD) Iﬂwisqﬂﬁ%umau%%msmﬂ")mmzauﬁqmwuﬂejuaigmm'mﬁ’u LUIARTZEENIS
uenils Beilinnussasdndnie fauinsnsamanidaduiadennseasiawuuvaisansly
finseanedeyaitii ifauusuguazasoungulungudeyaiivainuats Fsannnslden
AUKLIUEN (Precision) A1ANQNABIATEUARY (Recall) wazAlLewanes (F-score) e dn
UsEAnsnmwessadniannasiamaiuiitnsuiladunisoensiavesiuneudsiaue Tungy
Uaya 8 Na meumamﬁwmLauasl,m'n,aWaﬂaﬁam 7 nauteya eniuKaanslungy
Uoya CRP asmlsﬂmumL@WaﬂaﬁLaasﬂu‘mﬂﬂamamaﬁuawumamﬁmmLauammumam
fNmmiaagﬂlmwumamﬁmmLauammmwwmﬂiuammwmimwmmummui‘]%a
msﬂamﬁaﬁl,l,aius]"]LLazgﬂé]’amsaUﬂqmnﬂ%u
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5.2 ULdUaUL

maiéfw%’wmﬂsméamauﬁama%ﬁﬁmumﬁ FunerAsiinaueldnardiiunislalyl
ﬂummam&mﬂwumamﬁauﬂ Faunsiiunnusinalunsasramaiuiigndutadonis
pensavestunauiadmesnlusenisinwasiauisely Tnoane amwﬂ,uﬂamaq
FaiTinfidae3lunawine mmmaduamﬂmamsﬂiuqﬂmmiﬂsumawaqummuma
inausanEalunisadunisunniy
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NexusPSO: A Novel Algorithm to Detect
Transcription Factor Binding Sites

Sarawoot Som-in, Member, IAENG, Warangkhana Kimpan

Abstract—The detection of transcription factor binding sites
is a major problem in research in Biology. Methods and
computer algorithms can be applied to reduce time complexity
and cost of detecting transcription factor binding sites in
laboratory experiments. One of the well-known methods
commonly used is swarm intelligence. However, errors in
detection of transcription factor binding sites can be caused by
different binding sites in the same genome sequence. The
purpose of this research is to improve the effectiveness and
accuracy in the detection of transcription factor binding sites
by applying the newly developed pre-processing procedure,
Nexus, to Particle Swarm Optimization algorithm (NexusPSO).
The accuracy of the NexusPSO algorithm was measured in
comparison with other algorithms, using information content
(IC) as an indicator, with Escherichia coli data. This study
found that NexusPSO is the most accurate method being
tested. NexusPSO was then tested using consensus sequences
on Saccharomyces cerevisiae and Homo sapiens. NexusPSO
showed nearly identical results when compared to DNA
footprinting methods.

Index Terms—Particle swarm optimization, Transcription
factor binding site (TFBSs), Motif detection.

I. INTRODUCTION

MONG major DNA sequences component, there is

conserved sequences fragment called Transcription
factor binding sites (TFBSs). TFBSs are an integral part of
the gene transcription process leading to protein synthesis.
The TFBSs consist of subsequences known as motif
sequences consisting of the same nucleotides: A, T, C and
G. TFBSs assist the biological researchers in knowing the
location of gene transcription which leads to protein
synthesis. This information benefits researchers by reducing
the cost, time and resources used in detecting TFBSs in the
laboratory setting. TFBSs can be detected by employing
rigorous labor using expensive laboratory equipment [1]
resulting in high cost of experiments. Therefore, a computer
application was developed to reduce the cost of detection by
applying the Gibb Sampling algorithm, developed by
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Charles E. Lawrence et al [2]. Later, the Gibb Sampling
algorithm was developed to detect TFBSs via online
computing programs, including: AlignACE [3] and
BioProspector [4]. Gibb Sampling algorithm consists of two
main processes. The first process is the sampling step where
random DNA sequences are sampled an analyzed for
possible TFBSs. The data is input into a Position Weight
Matrix (PWM). The PWM showed the probability of each
alphabet (‘A’, ‘C’, ‘G’, ‘T’) in every position of the motif
sequence. The second process is the predictive update step,
where the full sequence of DNA is sampled, and the PWM
is optimized and selects the most suitable motifs.

Gibb Sampling was further developed to detect TFBSs
more effectively using software such as MEME [5], Weeder
[6] and MDScan [7]. The Gibb sampling algorithm was then
applied with the Bayesian probability model by Gibbs
sampler [8]. Gibb Sampling is an algorithm classified as a
type of searching or detecting method using statistical
optimization. This was the most suitable technique of
stochastic optimization suitable for searching in long
sequences. However, the Gibb Sampling algorithm had
limitation in terms of efficiency of time and accuracy.

The Genetic Algorithm (GA) was applied by Falcon F.M
Liu et al. [9] to increase the efficiency of detecting motifs
through a program called FMGA. This method can be
applied to TFBSs. GA used a crossover technique to
randomly process motif sequences for speed, and the
mutation technique to generate quality PWM indicators in
detection using SAGA [10], MDGA [11] algorithms.

When analyzing detection patterns of TFBSs, it can be
considered a NP-Hard problem similar to the Traveling
Salesman Problem (TSP) [12], Job-shop Scheduling
Problem (JSP) [13], Flow Shop Scheduling Problem (FSP)
[14], Longest Common Subsequence problem (LCS) [15],
etc. [16]. Researchers have developed algorithms to solve
NP-Hard problems such as Particle Swarm Optimization
(PSO) algorithm [17] by J.Kennedy and R.Eberhart in 1995,
the Ant Colony Optimization (ACO) algorithm by Dorigo et
al. in 1996 [18], and Memetic algorithm by J. Yan and M. Li
in 2015 [19]. However, such algorithms are still need to be
improved as the problem of local optimums. These
algorithms can be applied to detect TFBSs using hybrid
concepts to avoid the problem of local optimums and/or to
reduce time consumption of the algorithm process.
Therefore, the algorithms were developed and applied for

(Advance online publication: 28 August 2018)
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exceeding these limitations such as time improvement in
solving LCS problem using Simple Polynomial Time
Algorithm [20] and improvement in both time and quality in
detecting TFBSs using Ant Colony Regulatory
Identification (ACRI) by Wei Liu et al. [21] and Particle
Swarm Optimization Variants (PSO Variants) by Mustafa
Karabulut and Turkay Ibrikci [22]. Both algorithms
achieved admirable results, while ACRI can improve the
speed of result, PSO can increase the accuracy. However,
detection accuracy of TFBSs is still limited when detecting
motif sequences containing different characteristics.

This paper proposes applying the PSO algorithm [17] and
the newly developed Nexus procedure, called NexusPSO
algorithm to yield more accurate results and avoid the
problem of local optimums in detection of TFBSs. Nexus
functions by creating custom subsequences in the genome
sequence. Following the characterization of each
subsequence, relationships are created within the
subsequences. The quality of each relationship between
subsequences is evaluated, and weak relationships pruned.
The remaining parts of this research are presented as
follows: Section II discusses the problem domain and
related work; Section III describes the proposed approach;
the data set and experiments are explained in Section IV;
and Section V is the conclusions.

II. BACKGROUND AND RELATED THEORIES

A. Background and Signification of the Research Problem

Detection of TFBSs can be considered a NP-Hard
Problem. The variables of the problem can be defined as
follows: The DNA sequences can be defined from the input
sequence which is S; where i is the sequence of any input
sequence. While n is the total number of input sequences.
The length of input sequence S, is Ls, and the length of motif

sequences is w. The number of total motif sequences
(number of M-’i) in the input sequence S; is number of Msl_ =

LS{W+ 1 where w < LS," The total number of input

sequences are defined as S = {S, S,...,S,}and the group of
motif sequences in each input sequence is S; = {M;, M,,...,
My .y My, Mp.,..;}. The group of total alphabet data
possible in the genome sequences is b= {‘4’, ‘C’, ‘G, ‘T"}.

If the detection of TFBSs independently allowed motif
abundance, each sequence will be varied and the complexity

would be 0((211"”)" [23],[24]. Therefore, restricting the

number of motif in each particular sequence is preferred in
this experiment.

B. Definition of Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) has been developed
from the principles of swarm intelligence initiated from the
research on the behaviors in movement in schools of birds
or fish. While traveling, these groups vary group leaders to
have the most effective leader at each iteration. Therefore,
swarm intelligence has been developed by J.Kennedy and
R.Eberhart in 1995 [17] as an algorithm for solving the NP-

hard problems. This algorithm requires each bird or fish to
be the considered a particle, with each particle selecting a
different solution for each problem. Leaders are selected by
running a fitness function and selecting the particle or
particles with the highest calculated score.

One of the main principles of PSO is the definition of the
particles. Then, topology is set, selecting the best particle at
each iteration, including adjustments for speed and positions
of each particle. The operation is repeated until each particle
obtains the most optimal solution or the operation has
reached the maximum iteration. There is also a research [25]
which approaches the adjustment of particle speeds using
Swap Sequence (SS) to achieve the better solutions.

The topology and connection among the particles within
the PSO algorithm allow particles to share data according to
the topography pattern. This causes each particle to move to
a more suitable position by employing the data together
among the best particles at each iteration within the
neighborhood particles. The topologies [26] are as follows:

1. GBest: is the topology of total relative particles.
Therefore, each particle has the number neighbors
each particle has which is Cp -1, having Cp as the
total number of particles as shown in Fig. 1(a).

2. Bidirectional Ring: is the topology of a ring with
each particle having two neighboring particles: P;;
and P;.; when i is the current particle as shown in Fig.
1(b).

3. Random: is the random topology of non-structured
relative particles as each particle chooses the
neighbors by random and defines the number of
neighbors C, and 0 < C,<= Cp -1I; particle as shown
in Fig. 1(c).

4. Von Neumann: is the squared topology having the
relative particles in a lattice structure. Each particle
has four neighboring particles, consisting of: left P;;
particle, right P..; particle, above Py, particle, and

below P, particle, as shown in Fig 1(d).

C. Fitness Function for Accuracy Measurement

The fitness function is run to consider and find the
appropriate subsequences (appropriate motif sequences) that
have the strongest solution. The factors used to calculate the
fitness score of the particles or results of the motif consist
of: equation (1) Consensus scoring (CS) [21] and equation
(2) Information content (IC) [27]. CSis used to calculate
the frequency of alphabetic patterns ‘A’, ‘C’, ‘G’ and ‘T’ in
the results. This variable will not consider the frequency of
other alphabets not involved in the motif sequences
(background) as shown in Fig. 2. It is possible that high
scores from CS can be attributed to background levels that
are not accounted for in the score.

w

cS=2- (1/W)Z Z ppilogy (ppy) (1)

i=1 b=(A,C,G,T}

e b refers to all possible alphabets.
o wis the length of motif sequence.
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Fig. 1. Network pattern of Particle Swarm Optimization (PSO), Fig. (a) GBest.
(b) Bidirectional Ring (c) Random and (d) Von Neumann.

e ppis the frequency of alphabet b.

Equation (2) Information Content (IC) is the wvariable
used in calculating the similarity value of the alphabetic
patterns between the results of each motif sequence. This
variable will consider the frequency of other alphabets not
involved in the results of motif sequences (background) as
well.

1€= fylogy (Fp/pp) 2)

e b refers to all possible alphabets.

e fpis the frequency of alphabet b in any motif
sequence.

e pyis the frequency of alphabet » which is not in the
results of motif sequences (background).

The best particle from all iterations is ppe, and g 1s the
best particle in the neighborhood from each iteration. pj.
and g, are the center in which the particle’s neighborhood
are required to move along, at different speeds depending on
the distance of each particle relative to ppe; and gpeq.
Considering equation (3), as the positions of particle p;
which is distance from particle pp.and particle gpe
increase, particle speed will increase. On the contrary, p;
speed decreases the more near it draws to particles pj.,; and

8Ebest-
Vier= WiVi + €1 Vi (Xppest - Xpi) €2 Zi (XGest - Xi) 3)
Xi+1= Xi TVitg “4)

The variables in the equations (3), (4) are as follows:

e w;is the internal factor influencing the speed of
particle p; in the next generation v;,,.

e ¢j,c,is the value gained at random being from 0 to
1.

* Xphes, is the best position from the previous
functional round.

*  XGhes, is the best position from the group at each

iteration with the definition as follows:

XGpest, = arg min [ (x#) = {xx € P . f (x¥) <= f
(x), Vxel}

e y; and z;is the parameter influencing the speed of
particle p,.

pe———>
s1 | Motifinstance  Background |
e—%—>
s2 | Background | Mofifinstance  Background |
3]
s3 [ Background  Motifinstance  Background |
w ,

sa | Background  Motif instance  Background |

w >¢
sn | Background  Motif instance |

Fig. 2. Motif and background.

o v, is the velocity at each iteration.
e Xxp is the position of particle p; at each iteration.

III. PROPOSED PRINCIPLES AND CONCEPTS

The Nexus algorithm, which is a pre-process newly
invented, can be applied to the PSO algorithm to increase
the effectiveness in detecting TFBSs by reducing the chance
of adhering to local optimums. The Nexus algorithm is able
to reduce the problem space, which reduces the number of
all possible subsequences, while still maintaining accurate
results.

The Nexus algorithm consists of: grouping which will be
stated descriptively in Section B; connection between the
particles which will be stated descriptively in Section C; and
the selection which will be stated descriptively in Section D.

A. Indication of Variables

In this research, all input sequences are defined as S = {S,,
S5, ..., S,} and n is the number of input sequences. Each
sequence of S; has the equal length L. Each subsequence in
the input sequences S has equal length w. Any non-selected
area is called background as shown in Fig. 2. The members
of motif sequences, which are TFBSs CoM = {MSI, MSz""’

Ms, . MSn}' The members of alphabet or nucleotides b =
{*A’, ‘C’, ‘G’, ‘T’}. All subsequences in each input
sequence S; = {M;, M, ..., M;_.;, M;.,, M;.,.;}. Therefore,

the total number of subsequences in the genome sequence is
(L-w+1)*S

B. Grouping

This method uses a grouping procedure, which is the
arrangement of subsequence into 4 groups following the
number of members of N; consisting of Group A, Group C,
Group G, and Group T. Measuring counts the number of
alphabets in each subsequence M. 5y from the total number of
subsequences when any Msy- has the maximum frequency of
alphabet b MAX(b) having b € N,. Therefore M. 5; is classified
into Group(b). In the case that any MSij subsequence has the

maximum frequency of alphabet b > 1, the subsequence
Msl_/_can be grouped into more than one group according to

the maximum number of alphabet b as shown Table . Table
I shows grouping of subsequences with a total of 4 input

(Advance online publication: 28 August 2018)
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TABLEI
EXAMPLE OF INPUT SEQUENCE RESULTS FROM GROUPING

TABLE 11
EXAMPLE OF RELATED PAIRS BETWEEN SUBSEQUENCES IN THE INPUT
SEQUENCE S, AND S+,

Ms; Sequence Max(b) Group Sequence Max(b) Group
s, S
1 CAAATCC AC-3 AC GGGCCTA G-3 G
2 AAATCCG 4=3 A GGCCTAT CGT=2 cGr
3 AATCCGG ACG-2 ACG GCCTATA ACT-2 ACT
4 ATCCGGG G-3 G CCTATAT =3 T
5 TCCGGGC CG-3 G CTATATA Al-3 AT
[ ccaeaeacece =4 C TATATAC AT=3 AT
7 cagaaGaeccec =4 C ATATACC A=3 A
8 GgeGgcecceccece 4 C FrATACCC -3 C
S3 Sy
1 CGGTGCT G=3 G GAGTCAC ACG=2 ACG
2 GGTGCTC =3 (64 AGTCACA A=3 A
3 GTGCTCI TI=3 T GTCACAG ACG=2 ACG
4 TGCTCTT T4 T TCACAGA A-3 A
5 GCTCTTT 1T=4 T CACAGAG A=3 A
6 CTCTTTA -4 r ACAGAGC A=3 A
7 TCTTTAT =5 r CAGAGCA A=3 A
8 CTTTATA -4 r AGAGCAA A=4 A

sequences (S,-,) having a total of possible Msl_]_ subsequences

in the 8 input sequences. It can be noted the 1% sequence (S;)
is defined for more than one group because the maximum
frequency of that subsequence matches more than one
alphabet. Other examples include: the 1% subsequence
(Mg ”), the 3™ subsequence (M | 3), and the 5™ subsequence

(MS”), etc.

C. Connection

The creation of relations starts by taking all possible
subsequences M in the input sequence i to create relations
with possible subsequences in the input sequence i+/
considering only subsequences in the same group (1<=1i <=
n-1 where n is the total number of input sequences).
Therefore, the occurring pattern of relations between input
sequence i and input sequence i+1 is as follows:

([M(A) ;M (A) 1), [M(C)y 2aM(C),.j],[M(G) i paM(G) - 1), [ M
(T);;2a M(T),11])

» is defined to be the related pairs of the subsequences in
the input sequence S; and S;.;. The related pairs of the
subsequences in the input sequence S; and each input
sequence S;.; will define the CS value. The data in Table II
shows an example of related pairs calculated as equation of
CS as shown in equation (1).

D. Selection

The selection of related pairs is the last process of the
Nexus algorithm, where the best related pairs created in the
connection process are selected. To select related pairs, the
two input sequences with the highest CS value are selected.

[Top2 {M(A)gNM(A)i+1j},TOp2 {M(C)yMM(C)i+1j},
Top2{M(G);;0¢ M(G);+ 15}, Top2 {M(T) ;69 M(T);+ 15} ]

The example in Table III shows the related pairs being
selected from the subsequence M; and subsequence M;,

Si=1 Si=2 Si=3
Sia1 CS Sit1 Cs Sis1 CS
3 0.25 3 0.8 3 0.25
5 04 5 0.4 5 0.4
6 04 6 02 6 0.4
7 0.3 7 03 7 03 *o
32 0.6 32 0.6 32 0.6
33 0.7 33 0.7 33 0.8
34 0.7 34 0.7 34 0.8
TABLE III
EXAMPLE OF RELATED PAIRS SELECTED FROM THE INPUT SEQUENCE S,
AND S,
Si=1 Si=2 Si=3
Sia CS Sis1 CS Si1 CS
32 0.6 3 0.8 32 0.6
33 0.7 33 0.7 33 08 -~
34 0.7 34 0.7 34 0.8

being in the same group. The data in this table is selected
from the data in Table II. This process is intended to reduce
the problem of local optimums from the random PSO
process.

E. Particles Initialization

The process of defining particles in the NexusPSO is
through the creation of particle P; in the swarm. Each
particle P; consists of subsequence M; (defining 7 and j as
any input sequence and subsequence, respectively) from
each input sequence S;. The condition allows one
subsequence per input sequence. This research defines the
first input sequence S; to be the data sequence defining the
first motif of each particle having S; ={ M,;;, M}, ....M;; .1,
M., My 1} where particle Piar) = M. Piy,) is the first

subsequence of the particle (initial subsequence) defining
each particle P; to select the subsequence from the next
input sequence until the last data sequence is determined.
Subsequences with the highest CS score are selected from
the related pairs resulting in P= (Pl-(M]) , P"(Mz/'" Pi(Mn-l) ,
P,-(M’ ’)), where n is the total number of input data. The

patterns of particle P;in each group have created the related
pairs as follows:

P(4),; any particle in group ‘A’

[Topl{M(4); ™(M(4) ZjTapl’M(A) 2_,-T0p2) }

o Topl { M(4) 5 )(M(A) 5, M(A) 55, ) }

b Topl { M(4) wiigy WAy, M(A)y, )]

P(C); any particle in group ‘C’
[Topl{M(C)y;  2(M(C) 5, M(C) ;) }
0 Topl { M(C) 5, 2(M(C) 3, M(C) . )}

o4 Topl { M(C) . 9(M(C) y, M(Clyy, ) 3]

(Advance online publication: 28 August 2018)
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P(G); any particle in group ‘G’
[Topl{M(G),;, =(M(G) ZJTO,,I’M(G) top2 )}
> Topl{ M(G) ZfopN(M(G) 3jTop1,M(G) 3iop2 )}

0 Top1{ M(G) .5, MM(G) sy, M(Gyy, ) 1]

P(T); any particle in group ‘T’
[Topl{M(T);;  >=(M(T) Z/Topl’M(T) Uropa )}
x Topl { M(T) 5, W(M(T) 3, M(T) 5, ,) }

X ’i“Opl { M(D n-IjOp N(M(D ’UTopj’M(D"jTopQ) }]

The meanings of symbols and variables are as follows:

e 1 is the relation of pairs in the sequences between
the input sequence S; with the input sequence S;;;.

e M(b); is a subsequence in the genome defining i
and jto be any input sequence and any
subsequence, respectively. The set of b is
{‘A’,‘C’)‘G’,AT?}'

. M(b)ifn;pz is a subsequence with the highest CS
value in relation to subsequence M(b);. ;.

. M(b)ifn;pz is the subsequence with the second
highest CS value in relation to subsequence M(b);.
1j-

e nis the total number of input sequences.

. M(b)[jop is the optimal result of subsequences.

The particles of NexusPSO algorithm are defined to have
the number of particles equal to the total possible
subsequences of each input sequence L-w+1 with a size of
w< Li-

F. Particle’s Movement

The initial position of the particles is defined in the
process of initializing particles, as described in Section E.
The NexusPSO defines the initial velocity of all particles as
0 and uses the fitness value from equation (5), which is
discussed in Section G. This is used to calculate the fitness
value of each particle. The fitness values from every particle
are then compared to indicate the most suitable particle Py,
as shown in Fig. 3(a). The comparison will be conducted by
Gbest topology, with the topology using data shared among
all particles, as shown in Fig. 1(a).

After, the position of each particle within the
neighborhood is adjusted by applying the data of
subsequence M;; from the best particle Py, to replace the
subsequences of particle’s neighborhood P, as shown in
Fig. 3(b). Adjusting the position of particles in each
iteration, results in the particles having continuous
movement, until each particle obtains the most optimal
solution or the operation has reached the maximum
iteration. If the process ceases because the total number of
iterations was reached, the algorithm will select the particle
with the highest fitness score from the last iteration. The

Mia | Mis | Mg | M3
Ma21 | M24 | M26 | Mas
. Mai | Ma1 | Mas | Ma7
2 |Sharet agy | Maa | Maz | Mas
Msz | Ms7 | Msa | Ms1
Ms4 | Mes | Me7 | Me2
M7z | M7 | M7 | M71

(a) (b)

M7 | Mig | Mo | Mi3
M2 | M23 | M23 | M2
Mar | Mar | Mas | Ma7
Mas | Ma3 [ Ma7 | Mas
Ms3 | Ms7 | Mss | Ms1
Me+ | Mes | Me7 | Moo
M72 | M7 | M76 | M71

- O W W R —

Fig. 3. Example of adjusting the particle position. (a) represents the 5
particles in the input sequences. (b) shows the replacements within the
subsequences.

results of the NexusPSO algorithm indicate the position of
TFBSs in the genome sequences.

G. Fitness Function

The scale measuring the particles optimal P, at each
iteration ¢; is the fitness function. The NexusPSO algorithm
uses equation (5) as the fitness function. Equation (5)
calculates the Information Content (IC)of the TFBSs as
shown in Equation (2).

Equation (5) defines the length of subsequence W. The
condition is 0 < W <= L-1 and L is the length of the input
sequence. The possible alphabets are b = {‘A’, ‘C’, ‘G’,
“T’}. The frequency of alphabet b appearing in the result of
the particle is f ', calculated from equation (6) and the
frequency of alphabet b not being in the results of particles
is p'y calculated from equation (7).

w
fitness = IC (5)
2
, _ cptdp
v =N—1+p (6)
; _c0b+db
Pb="¢iD (7

The symbols and variables are described below:

e, is the number of times any alphabet b appears in
the subsequences within each column.

e (g is the number of times any alphabet b appears
outside the selected subsequences (background).

e  Nis the total number of input sequences.

e S is the total number of alphabets not selected
within the chosen subsequences.

e d,is the pseudo counts [2].

e D is the sum of pseudo counts.

H. Input data Collection and NexusPSO Algorithm

The Nexus algorithm is the pre-process consisting of’ the
grouping of subsequences (grouping), creation of
connections between the subsequences (initializing), and the
process of selecting the most suitable related pairs in the
first two ranks (selection). This research collects relation
tables, which consist of: table of input sequences, table of
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total possible subsequences, and table of particle data. PSO
randomly selects subsequences from the Nexus procedure.
The Pseudocode of the NexusPSO algorithm is as follow:

Algorithm NexusPSO

Input: w = the length of subsequence, Maximum = number
of iterations, N = number of input sequences, L = length of
input sequences, b= {‘4’, ‘C’, ‘G’, ‘T’}.

Output: the set of subsequences CoM

1: Nexus process (pre-process)

I.1: fori=1to Ndo

1.2 forj=1to L-w+I do

1.3: grouping M/i][j];
1.4 connection: M[i][j] and M[i+1][j];
end for i
end for i

2. PSO process

2.1. Initialize particles from best connection pair, start from
first of sequences.

2.2. Particle movement

23 for k=1 to Maximum OR not converged do

2.4 select local best particle;
2.5 update velocity of particles;
2.6 update position of particles;
2.7 if £ =1 or local best > global best then
update global best from local best;
end if
end for &

IV. EXPERIMENT

A. Dataset and Parameter Settings

The dataset of genome sequences to be tested for
efficiency and accuracy of NexusPSO algorithm consists of
3 groups as follows:

e Saccharomyces Cerevisiae [28] from the database

TABLE IV
PROPERTIES OF THE GENOME SEQUENCES OF SACCHAROMYCES CEREVISIAE

SCPD. The length of input DNA sequences is 550
nucleotide pairs (550 alphabets) with other
properties as shown in Table IV.

e Homo sapiens [29]from the database JASPAR.
The length of input DNA sequences is 600
nucleotide pairs (600 alphabets) with  other
properties as shown in Table V.

e Escherichia coli: E.Coli [27] from the dataset of
cyclic-AMP  receptor protein (CRP)  with
properties as shown in Table VI. The length of
each input DNA sequence is 105 nucleotide pairs
(105 alphabets). The length of motif is defined to
be 22 nucleotides [27]. This genome sequence has
at least one TFBS sequence in each input DNA
sequence. Also, these sequences have varied
nucleotide patterns, which make them a popular
data set to test the efficiency of detection
algorithms [3, 5, 8, 11, 18, 22].

The parameter settings of particles in Nexus PSO algorithm
are shown in Table VII which are proper data for the tested
dataset [22].

B. Operation

This research developed the NexusPSO algorithm using
the C# language, version 5.0 in the Windows operating
system. This research also used the SQL Server 2012
database management system as the design-related database
in order to store the data of: DNA sequences, data of
relations between all possible motifs, and the particle data.
This research employs Weblogo (https://
weblogo.berkeley.edu/logo.cgi) to generate consensus
sequences, which were used to analyze the efficiency of
results gained from the NexusPSO algorithm.

TABLE VI
DATA OF TFBSS OF THE DATASET OF ESCHERICHIA COLI

TF Size Length Consensus Sequence
GAL4 6 17 CGGNNNNNNNNNNNCCG
RAPI 16 7 RMACCCA
REBI 14 7 YYACCCG
MCB 6 6 WCGCGW
PDR3 7 8 TCCGYGGA

TABLE V

PROPERTIES OF THE GENOME SEQUENCES OF HOMO SAPIENS

TF Size Length Consensus Sequence
ELK4 20 9 ACCGGAAGT
E2F1 10 8 TITGGCGC
FOXD1 20 8 GTAAACAT
USF1 30 7 CACGTGG
RELA 18 10 GGGAATTTCC

No. Names Motif 1 Motif 2 No. Names Motif 1 Motif 2

1 CEICG 17 61 10 ECOMALBA 14

2 ECOARABOP 17 55 11 ECOMALBA2 61

3 ECOBGLRI 76 12 ECOMALT 41

4 ECOCRP 63 13 ECOOMPA 48

5 ECOCYA 50 14 ECOTNAA 71

6 ECODEOP2 7 60 15 ECOXUL 17

7 ECOGALE 42 16 PBR-P4 53

8 ECOILVBPR 39 17 TRNOCAT 1 84

9 ECOLAC 9 80 18 TDC 78

TABLE VII
PROPERTIES OF THE PARAMETERS FOR PARTICLES

Description Parameters Size
inertia weight o 04
cognitive B 0.8
social Y 0.8
number of interations Maximum 3000
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1 CGGAGCACTGTTGACH
2 COGAGCAGTGOGGOGOG

ACTCTCCTOCG
4 CGGGOCGGATCACTCOG

5 CGGOGCACTCTCGOCCG
6 CGGGGCAGACTATTCCG

Fig. 4. Results of CS from the group of DNA sequences GAL4
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Fig. 5. Results of CS from the group of DNA sequences RAP1
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2 TAACCCG 7 GGGTAGC 12 GTACGGG
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5 TTACCCOG 10 CGGGTTA i

Fig. 6. Results of CS from the group of DNA sequences REB1

e
2
al A C C
e ——
o — © - w
p
 NexusP'SO result sl
1 ACGCGT 3 ACGOGT 5 ACGCGT
2 ACGCGA 1 TCGCGA 13 ACGUGT

Fig. 7. Results of CS from the group of DNA sequences MCB
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Fig. 8. Results of CS from the group of DNA sequences PDR3
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5 ACCGGAAGT 10 ACCGGAAGC 15 ACCGGATGC 20 ACCGGAACA
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Fig. 9. Results of CS from the group of DNA sequences ELK4
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TITCGCG 10 TTTGGCGG

Fig. 10. Results of CS from the group of DNA sequences E2F1
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1 GTAAACAT | g AAACAMIE 14 GTARACAC |19 GTAACAAT
5 GTAMACAT |19 GTAAACAA  [15 TAAACAGE |3 ETTAAGTA

Fig. 11. Results of CS from the group of DNA sequences FOXD1
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| 3 cacoTGa 19 COGTGTaa 27 CATGTGA
4 CACGTGG 20 CACGTGT 28 CACATGA

| 5 CACGTGG 21 CACGTGT 29 CACGOGG
6 CACOTGG 22 CACGIGT 30 CACGGGA
7 CACGTGG 23 CACGIGT
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Fig. 12. Results of CS from the group of DNA sequences USF1

©.GCa TTICC

NexusPSO result

I GGGAATTTCC | 6 GGAATTTCCg |11 CGGACTTTCC | 16 1GGGGTTTTC
2 GGGAATTICC | 7 GGGGATTICC |12 CGGACTITCC |17 GGGGGATTCC

| 3 GGGAATTTCC | 8 GGGACTTICC |13 GGGGAATTCC |18 TGGGTTTCC:
| 4 TGGAATTTCC 9 CGOAGTITCC |14 TGGGGTTTCC
| 5 TGGAATTICC |10 GGGAATICCC |15 giGGGGATTC

Fig. 13. Results of CS from the group of DNA sequences RELA

C. Experimental Results for Anal yzing the Efficiency

The results from consensus sequences using the
NexusPSO algorithm to detect the motif sequences in the
genome sequences of Saccharomyces cerevisiae dataset are
shown in Figures 4 to 8. The consensus sequences results
for Homo sapiens are shown in Figures 9 to 13. Table IV
and Table V show the consensus sequences of NexusPSO
algorithm are identical to the consensus sequences from
DNA footprinting methods.

Table VIII shows the representative sequences result of
NexusPSO, selected by average IC value from all 18 runs,
compared to the results from the traditional algorithms
consisting of AlignACE [3], MEME [5], and Gibbs sampler
[8] to detect the motifs in the genome sequences of
Escherichia coli. Also, Table VIII compares the positions of
motif sequences obtained from each algorithm with the
positions of TFBSs. The Gibb Sampler results reveal 2 motif
sequences with results more than 20 positions from TFBSs,
the 5™ DNA sequences (ECOYA) and the 17" DNA
sequences (TRNICAT). The AlignACE results show there
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are 2 motif sequences more than 15 positions from the
TFBSs, the 7" DNA sequence (ECOGALE) and the 17"
DNA sequence (TRN9CAT). Both algorithms do not have
any resulting motif sequences match TFBSs. Results from
the MEME algorithm show there are 4 motif sequences
more than 20 positions from TFBSs and 1 motif sequence
16 positions from the TFBS, the 5™ DNA sequences
(ECOCYA), the 15™ (ECOXUL), the 16™ (PBR-P4), the
17" (TRN9CAT), and the 11™ (ECOMALBAY),
respectively, while 11 motif sequences match the TFBSs.

TABLE VIII
COMPARISON ON THE RESULTS OF TRADITIONAL ALGORITHMS, RELEVANT
ALGORITHMS, AND NEXUSPSO ALGORITHM

Traditional Algorithm Related Work

Z o ~
NU-BS_E::%%:%J:: <E ot B

‘_ﬁ = 5, 5 H = C 5@ 5 % = 25

iz 7 z

]
1 1761 59 2 63 2 61 0 62 1 61 0 63 2 6l 0
2 1755 532 572 550 56 1 550 572 55 0
3 76 74 2 48 2 76 0 77 1 76 0 78 2 76 0
4 63 59 4 652 630 64 1 63 0 652 63 0
5 50 11 39 52 2 1337 511 500 522 50 0
6 76 5 2 9 2 7 0 A 1Y oty Py 70
7 42 40 2 26 16 42 0 43 1 24 18 44 2 42 0
8 39 3 2 4 2 390 40 1 39 0 4] 2 39 0
9 98 7 2 11 2 9 0 0] | 9) ((h (D112 9 0
10 14 122 16 2 14 0 151 140 16 2 14 0
11 61 59 2 63 2 35 16 62 1 61 0 63 2 6l 0
12 41 47 6 43 2 34 7 42 1 41 0 43 2 41 0
13 48 46 2 50 2 48 0 49 1 48 0 50 2 48 0
14 71 69 2 732 710 T2gp=g] 10 53 2 71 0
15 17 152 19 2 75 58 181 17 0 192 17 0
16 53 49 4 55 2 6 47 54 1 53 0 552 33 H0
17 1,84 25 24 68 16 27 26 56 28 5 4 95 11 5 4
18 78 74 4 80 2 16 2 771 76 2 78 0 76 2

NexPSO 11.029

PSO 10.95

GA 10.876

ACRI 10.548

AlignACE 9.364

Fig. 14. Comparison results of IC value among AlignACE, GA, PSO,
ACRI, and NexusPSO

According to the data in Table VIII, the motif sequence
results of the GA [11] and ACRI [21] algorithms for the 17"
DNA sequence (TRN9CAT) are shifted from the TFBS by
28 and 11 positions respectively. The result of the PSO [30]
algorithm for the 7" sequence is also shifted from TFBS by
18 positions. This shows these algorithms cannot detect the
motif sequences of the 17" and 7™ DNA sequence
(TRN9CAT, ECOGALE) accurately. The NexusPSO
algorithm had the most accurate detection of the motif
sequence in the 17" DNA sequence (TRNICAT) with a
deviation from the TFBS of only 4 positions. Also,
NexusPSO detected the motif sequences by completely

TABLE IX
AVERAGE IC VALUES FROM 18 RUNS AMONG THE DIFFERENT ALGORITHMS
MEME AlignACE ACRI NexusPSO
9.508 9.752 10.273 11.030
TABLE X
IC VALUES FROM 18 RUNS AMONG THE DIFFERENT ALGORITHMS
No. MEME AlignACE ~ ACRI NexusPSO
1 10.032 9.651 10.01 11.045
2 9.075 9.887 10.28 11.804
3 10.02 9.576 9.987 11.018
4 10.05 9.624 10.403 10.946
5 9.117 10.235 10.457 10.354
6 9.892 9.71 10.184 11.934
7 9.554 9.01 9.895 11.005
8 10.124 9.934 10.258 11.112
9 9.646 9.807 10.354 10.124
10 9.439 9.853 10.421 11.053
11 9.121 10.12 10.53 10.984
12 9.16 9.399 10.415 10.852
13 9.684 9.976 10.38 11.074
14 9.773 9.825 10.286 11.04
15 9.024 9.769 10.179 11.206
16 9.008 10314 10.3 11.704
17 9.105 9.011 10.14 11.029
18 9.32 9.835 10.431 10.254
2000
1000 m
0

123456 7891011121314151617 18

Fig. 15. The process times of NexusPSO for 18 runs
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TABLE XI
T-VALUES OF NEXUSPSO COMPARED WITH OTHER ALGORITHMS
1-value MEME AlignACE ACRI
compared with NexusPSO 10.354 9.181 6.34

matching the TFBSs for 16 sequences, resulting in the
NexusPSO algorithm having the highest IC value, as shown
in Fig. 14. Table IX shows the average IC values from 18
runs among the different algorithms including MEME,
AlignACE, ACRI and NexusPSO. Table X shows the IC
values of each run. The computational times are between
980 and 1650 milliseconds as shown in Fig. 15. The
comparison of #-values among the relevant algorithms
including NexusPSO is shown in Table XI. Considering #-
test from 18 samples, the degree of freedom is 18+18-2 = 34
and let the significance level is a = 0.05 (confidence level is
95%), so that ty¢5(34) = 1.691. Comparing to t-value of
NexusPSO from Table XI, we found that t-value of
NexusPSO is higher than tg¢5(34).

V. CONCLUSIONS

There are many algorithms available for detecting TFBSs,
many of which were tested in this study. The Nexus
procedure is designed to manage the problem space to
become smaller, helping the random process of the
algorithm avoid local optimums results.

The data from this study shows that NexusPSO can detect
TFBSs more efficiently and accurately than other available
methods. According to the samples in this study, NexusPSO
have the highest IC at 11.029 scoring better than previously
recorded results for PSO [30], GA [11] and ACRI [21]
which had IC values of 10.95, 10.876, and 10.548,
respectively. Considering f-test, it indicates that there are
different significances between the information content by
NexusPSO and other algorithms. Furthermore, the results of
consensus sequences of NexusPSO show efficient results
when compared to the results from DNA footprinting
method.

However, the NexusPSO algorithm still needs to develop
the competence to detect TFBSs with multiple motifs in
each input sequence.
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Enhancing of Particle Swarm Optimization
Based Method for Multiple Motifs Detection in
DNA Sequences Collections

Sarawoot Som-in and Warangkhana Kimpan, Member, IEEE

Abstract—Genome sequence data consists of DNA sequences or input sequences. Each one includes nucleotides with
chemical structures presented as characters: ‘A, ‘C’, ‘G’, and ‘T’, and groups of motif sequences, called Transcription Factor
Binding Sites (TFBSs), which are subsequences of DNA that lead to protein-synthesis. The detection of TFBSs is an important
problem for bioinformatics research. With the similar patterns of motif sequences in TFBSs, computational algorithms for TFBSs
detection have been improved to reduce resources used in laboratory setting. The metaheuristic algorithm is the important issue
that has been continually improved to detect TFBSs with greater precision and recall. This paper proposes PSO_HD by
applying Particle Swarm Optimization (PSO) as a pre-process and using Hamming distance to improve the efficiency of
detecting TFBSs with more precision and recall. In order to measure its efficiency, the paper compares the TFBSs detection
using PSO_HD algorithm with relevant algorithms in 8 datasets. F-score is used as a measurement unit and compared to the
related algorithms. The experimental results show that PSO_HD algorithm gives the highest average F-score, which can be
indicated that the PSO_HD algorithm can improve the efficiency of detecting TFBSs with more precision and recall.

Index Terms—particle swarm optimization, transcription factor binding sites, hamming distance, matrix similarity score

1 INTRODUCTION

OTIF Discovery Problem (MDP) is an important

problem for bioinformatics, defined as a NP-Hard
problem by Maier in 1978 [1], and Riviere et al. in 2008
[2]. One of the problems is the detection of Transcription
Factor Binding Sites (TFBSs), the data that specify regions
of DNA leading to protein synthesis. Generally, the tested
genome sequence from various DNA sequences has a
maximal identity in sequence content [3]. Due to the high
cost of TFBSs detection in laboratory settings, many com-
puter algorithms have been developed to help reduce
costs [4]-[8]. Developments have been made in the detec-
tion of TFBSs using metaheuristic algorithms, for exam-
ple: Genetic algorithm [9]-[11] and swarm intelligence (SI)
improve detection efficiency. Ant Colony Optimization
[12] is an algorithm that can be used to improve the effi-
ciency in detection time, and Bacterial Foraging Optimi-
zation (BFO) can be applied with Tabu Search (TS) [13] to
detect TFBSs with more precision.

The numbers of motif sequence results from many al-
gorithms attempting to detect TFBSs are defined by the
number of input sequences, however in general, the
number of motif sequences which are TFBSs are not equal
to the number of input sequences (DNA sequences).
Therefore, detecting TFBSs with precision and recall are
still a major problem in bioinformatics.

Genetic Algorithm was developed as a method to detect
TFBSs without pre-determining the number of TFBS motif
sequences. One notable example is the GAME [14] algo-
rithm by Wei and Jensen (2008), which applies Genetic Al-
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gorithm (GA) and Bayesian-based statistics. There are sev-
eral other algorithms that use GA to improve detection
with more precision, including: GALF_P [15], GAPK [16],
and iGAPK [17].

Research in recent years has developed processes
which support and improve the detection of TFBSs, for
example, Planted (I, d) Motif Discovery Problem, where I
is the length of motif sequences and d is a number of
mismatched characters in motif sequences. MCES [18] is
the algorithm which applies suffix array (SA) and longest
common prefix array (LCP) to determine motif length.
Also, AMDILM [19] is the algorithm which determines
the optimal motif length to detect TFBSs by applying GA,
including Mutation, Addition and Deletion. Also, the de-
termination of initial /-mers has been recently improved
by algorithms such as: kmerGA [20], which uses Position
Frequency Matrix (PFM) to detect TFBSs from Protein
Binding Microarray data; and MOTOMATA [21], which
can quickly detect TFBSs by using parallel processing, a
non-deterministic finite automata (NFA) designed to
work in micron automata processor (AP).

Particle Swarm Optimization (PSO) is an optimization
procedure that allows the processing of different candi-
date solutions to communicate and respond to one anoth-
er as a means of reaching the optimum result. However,
the PSO algorithm can still be limited in effectiveness by
becoming trapped in local optimums, where the algo-
rithm converges on the local optimums rather than the
global optimum. M. Karabulut and T. Ibrikci created a
Particle Swarm Optimization Variant (PSOVa) [22] with a
pre-process adjusting the pattern of input sequences into
gradient distribution, so the search space could be con-
tinuously searched reducing the percentage of results
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TABLE 1 sequence. Suppose the width of a motif sequence is w and
THE ENCODING INTO BINARIES FOR COMPUTING THE HAMMING [ is the length of an input sequence, therefore pk; = I-w+1.
DISTANCES By comparing between the total possible subsequences
from each input sequence, the detection takes time com-
1 Li-w\n
o ol plex1ty.of O((2Lwymy [14],[15]. Generally, each genome has
many input sequences with long lengths, making the
A T G C problem of detecting TFBSs a NP-Hard problem.
00 o1 10 1 2.2 Hamming Distance
A 00 0 1 1 2 Hamming distance HD is the distance between two vec-
T 01 1 0 2 1 tors of binary which is calculated by comparing binaries
G 10 | ) 0 | in the same position between two vectors, followed by
c . 5 1 1 0 counting the distinguished binaries [23]. Assume the

trapped in local optimums. However, there are precision
limitations in the results of PSOVa in detecting some mo-
tif sequences which have different characteristics from
others.

The purpose of this research is to improve the efficien-
cy of TFBSs detection with more precision and recall, by
applying PSO with Hamming Distance (HD) [23] as a pre-
process, called PSO_HD. HD was applied to calculate the
weight of the related pairs between subsequences in the
pre-process. The calculation of Hamming distance is to
count the differences between subsequences, for each
subsequence was converted from character into binary by
using Genetic Analysis [24] to continually and significant-
ly relate subsequences between input sequences. The par-
ticles are created in the algorithm by randomly selecting
subsequences from the first input sequence. Next, each
particle chooses its next subsequence according to its re-
lated pairs with the least Hamming distance, until it
reaches the last input sequence. This happens in the
movement of particles so the search space could be con-
tinuously and heuristically searched, thus the results
trapped in local optimums are reduced. Particles continue
to move until they reach alignment with one motif se-
quence per input sequence. The algorithm is defined to
detect the remaining motif sequences by using cut-offs
minimizing false negative rate [25]. Then, to create the
TFBSs result, merge the result that satisfies the criteria
with alignment which is the result of particle movement
process. F-score is used to measure precision and recall,
where the True Positive (TP) result as an overlapping
threshold at 25% measured with the footprint experi-
ments.

The remaining parts of this paper are presented as fol-
lows: Section II background and related theories; Section
III describes the proposed approach; the data set and ex-
periments and discussions are explained in Section IV;
and Section V is the conclusion.

2 BACKGROUND AND RELATED THEORIES

2.1 Definition and Background

The TFBSs consist of k number of motif sequences (m;)
located in input sequence S;. This is the criteria of number
of motif sequences ks; per input sequence, 0< ks <= pkii. pksi

is the number of all possible subse(:{uences in each input
1545-5963 (c) 2018 IEEE. Personal use is permitted, but repub.

Hamming distance of vector X and vector Yis ) | X; - Yi],
where X;, Y; are a binary of vectors X and Y, respectively.
Define the width of vector X and Y as the same length
which is L. Therefore, HD(X,Y) > 0 when X # Y and
HD(X,Y) = 0 when X = Y; for finding the minimum dis-
tance of Hamming distance between vectors {a, b, ¢, d}
where a = (11111), b = (01001), ¢ = (10100), d = (00010),
HD(a, b) =3, HD(a, c¢) =3, HD(a, d) =4, HD(b, c) =4, HD(b,
d) =3, HD(c, d) =3; therefore, the minimum Hamming
distance of the vector {a, b, ¢, d} is HD = 3.

In order to apply the Hamming distance to detect
TFBSs, the length of sub sequence w is defined as the
length of vector L. Each nucleotide “A’, 'C’, ‘G’, and “T" are
converted into binaries, suchas A=00,T=01,G=10,T =
11, by the condition of chemical relationship [24]. The
pattern of binary conversion is due to the relationship of
the nucleotides. A (Adenine) and G (Guanine) are classi-
fied as purine nucleotides, while, T (Thymine) and C (Cy-
tosine) are in pyrimidine class. Also, the base pairing rule
is that A pairs with T and C pairs with G. The Hamming
distance between the characters converted into binaries
are shown in Table 1. For example, the Hamming distance
between subsequence ATCCGA <000111111000> and
AAGGCC <000010101111> is equal to 6.

2.3 Particle Swarm Optimization

Particle Swarm Optimization (PSO) is a metaheuristic
algorithm, classified as a stochastic search, which is ap-
plied from the movement of a swarm, becoming an algo-
rithm to solve a NP-hard problem [26]. The process of
PSO begins with creating particles. Then PSO sets their
velocities, using a fitness function to determine the best
particle in each iteration. There are two types of best par-
ticles; a local best particle (x/¥) and a global best particle
(x?). The velocity of each particle v;® is varied by its dis-
tances to xi* and x/’ as shown in equation (1). Where a is
the inertia parameter which controls the last iteration ve-
locity v;**D, B is the cognitive parameter which controls
the effects from x, y is the social parameter which con-
trols the effects from x;" ,and r;, r, are the random values
between 0 and 1. The position of each particle is adjusted
continually at each iteration t, calculated in the equation

2)-
vir1 = avi® + rif(x0- xO)+ rap(x/- x,0) (1)

Xis1= Xi +0in 2
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Alignment Matrix
GATTAA
CCTGGA
T GAGGA
GTCGGA Weight Matrix
1 2 3 4 5 6 1 2 3 4 5 6
AJ0O 1 1 0 1 4 A |-1.6 0 0 -16 0 12
cf{1 1 10 00 = cl| o 0 0 -1.6 -1.6 -1.6
G|[2 103 30 G |059 0 -1.6 0.96 0.96 -1.6
T[1 1 2 1 00 T 0 0 059 0 -1.6 -1.6
Resut G C T G G A

Fig. 1. Example of alignments and weight matrix

The informants among particles depend on the pat-
tern of the topology consisting of many patterns of
topology [27]. For example, Gbest is the topology of
total relative particles; Bidirectional Ring is the topol-
ogy of a ring with each particle having two neighbor-
ing particles: Pi1 and Pix1 when i is the current parti-
cle; and Random is the random topology of non-
structured relative particles as each particle chooses
the neighbors by random and defines the number of
neighbors as C,, and the number of total particles as
Cp, where 0<C,<=Cp.1. As the process of PSOVa [22] in
detecting TFBSs is to randomly choose a subsequence
from each input sequence, the positions of particles
could not be heuristically distributed among the prob-
lem space. As a result, the detection of TFBSs needs to
be improved in precision and recall.

2.4 Fitness Function

Algorithms for detecting TFBSs provide an important
process to select the best or the most fit particle where
fitness values of each particle is calculated by the fitness
function. When detecting TFBSs with genetic algorithm
(GA) [11], the fitness function is used to calculate the
probability of individual particles becoming parent parti-
cles in the next iteration, in other words, individual can
become a parent by fitness proportionate selection. The
fitness function is applied to calculate the shortest dis-
tance of data for selecting the optimal solutions of Ant
Colony Optimization (ACRI) algorithm [28] and it is used
to calculate the fitness value of particles in Particle Swarm
Optimization (PSOVa) algorithm [22]. When applied to
detect TFBSs, the fitness function is usually calculated as
an alignment as follows:

1. Alignment matrix is used to calculate the weight
matrix of each character in alignment with equa-
tion (3) and select the character using the highest
weight as a result shown in Fig. 1.

weight matrix = ln—w 3)
i
where

e N isthe number of total input sequences.

information.

e n;; isthe number of characters in position
(i)-
e p; ispriori probability.

Consensus scoring (CS) is the calculation which
measures a similarity between subsequences in an
alignment as shown in equation (4) [24].

where

w
1
cs=2-()) philog2 (hi) @
i=1 b={A,C,G,T}
e b is the total possible characters consisting

of ‘A’,’C’,’G and ‘T".

e w isthelength of the subsequence.

e py is priori probability of the character b in
alignment.

Information Content (IC) is the calculation of simi-
larity in character patterns for alignment by con-
sidering the character data which is not in the
alignment [29], called background, as shown in the
equation (5). The alignment with a high IC value
shows the patterns of motifs in the alignment with
more similarity. Therefore, the motifs in alignment
are likely to be TFBSs.

IC = fhlogy <£Z> ©

where

e f3,  isthe frequency of characters in an
alignment, calculated by the equation
(6).

e p’ isthe frequency of characters in the
background, calculated by the equation

7).
Cp+dp
b=N_"1+D (6)
_Cop+dp
= S+D @)

where

e ¢, isthe number of characters which
appear in an alignment.

e g isthe number of characters in the back
ground.

e N isthe number of total input sequences.

S is the summation of the total characters

in the background.

e d, isthe pseudo counts [30].

e D isthe summation of pseudo counts.

Bayesian scoring is applied to calculate the motifs
frequency in an alignment by Jensen et al. [31],
shown in the equation (8). Equation (8) is the func-
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Fig. 2. The connection between subsequences in form of Cross
product

[ = T
VHD(M 2, M i1}

/
I = = - -4

I
e — - - a0\
.

Fig. 3. The Hamming distance between subsequences

tion used to calculate the frequency of characters
in the alignment with no motif sequence number
limitation in an alignment.

w4
WA =14 Eog(m/(l-pa))-l + 11 1195 log<q/~k/qok)] ®)
=1k
where
e |A] isthe number of motifs in an alignment.
e po istheratio of the data in an alignment
and the data in the total input sequence.
e gi isthe frequency of character k in column
e o 1isthe background frequency of character

k.

3 PROPOSED PRINCIPLES AND CONCEPTS

The detection of TFBSs with multiple motif sequences
per an input sequence (MultiM) using PSO_HD algorithm
is the application of Hamming distance and PSO, includ-
ing applying the cut-off minimizing false negative rate
(minEN) to select the remaining motifs.

3.1 The Definition of TFBSs Detection Problem

Each genome sequence consists of DNA sequences or
input sequences of n number, having character data in the
genome sequence of N = {'A’, ‘C’, ‘G, “T’}. Suppose each
input sequence S; has a length L and a length of each sub-
sequence M;; is w. i and j are any input sequence and sub-
sequence, respectively. Therefore, the data of all possible
subsequences in each input sequence S; = {Mi1, M2, Mj,...,
Mitw, Mirw+1}. The number of all motif of MultiM TFBSs in

1545-5963 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more

Seq 1 2 3 456 7 8 9
1 CAAATCCG G w=1
2 GGGCCTAT A n=3 Py
3. CGGTGCTCT o
Haming distances Haming distances

Seq 2
G GGCCTA

Seq 3
CGGTGCT

GGCCTAT GGTGCTOC

GCCTATA GTGCTCT

Fig. 4. Creation of the particles

an input sequence S; is m and the members of MultiM ¢
{(Mi1, Mu,..., Mit~w, Mirwn), (Mo, Moo,..., Morw, Mo
w+1),..., (M;ﬂ, Myo,..., Murw, Mn[,wﬂ)}, where m <= Tl*(L-
w+1)

3.2 Pre-Processing

To prepare a problem space which has continuation and
signification, the proposed approach created related pairs
between subsequences from an input sequence S; and the
next input sequence S;.1, as shown in Fig. 2. The related
pairs are order-connected according to the cross product,
to continuously connect within the problem space. Each
pair has a weight computed by Hamming distance, using
base-pairing rules to convert characters into binaries, as
shown in Fig. 3. The result of the pre-process is a group of
subsequences M;; from an input sequence S; which are
Cross joined. A weight between each input sequence is
equal to HD (Xup). {(Mij XHD Mi+1]'), (Mi+1j XHD Mi+2j), (Mj+2j
Xpup Mi+3)) - ..,(Mu2j Xup Mi1j), (My-1j Xup M) }

The details are shown as follows:
{(Mij ]011’1 Mi+1]', M,‘]‘ jOiTl Mi+1]'+1, M,']‘ ]0111 M,‘+1j+2, .
Mis11-w, Mij join Misiz-we1),

- M,‘j ]om

(Mi+1j jOiTl M,’+zj, M,‘+1j jOiTl Mi+2]'+1, Mi+1j join Mi+2j+2, ey M,‘+1j
jOiTl M,'+2L_w, Mi+1j join Mi+2L-w+1),
(Mi+zj jOiI’l M,’+3j, M,'+2]' join M,‘+3j+1, M,‘+2j jOiTl M,‘+3]'+2, ey Mi+2j

jOiTl M,'+3L.w, Mi+2]' jOiTl Mi+3L.w+1),

.8
(Mn-Zj jOiﬂ Mn-lj, Mn-Zj jOiﬂ Mn-lj+1/ Mn-Zj join Mn-1j+2/ e Mn-Zj
join Mar-w, Mn-Zj jOiﬂ Mn-IL-ZU+1)r

(M”’U jOii’l Mn]‘, an]' join Mnj+], M,H]' join Mnjﬁ-z, .
MnL-w/ Mn-lj jon MnL-w+1)}

. My,,1]' join

3.3 The Creation of Particles in the Swarm

The purpose of the pre-process is to create relations be-
tween subsequences in input sequences S; and S;+1 which
are all connected as shown in Fig. 4, defining i+1 <=1 and
using Hamming distance as weighted values of relations
Any particles P;, in TFBSs detection for k number, provide
n number of subsequences data M, where the number of
particles k <= L-w+1. In each particle P;, suppose a subse-
quence My from the first input sequence S; has been cho-
sen by randomization. Then, select a subsequence from
the next input sequences which has the shortest Ham-

information.
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Haming distances

Halning distances

[ =
LBl

My [CIAJAJA|T |C |C M;; |A|A|T |C|[C |G |G
My, [G[G[c[c [T [A]T My [G[G[G[c|c]|T [A
M;; |G T |G|C|T |C|T M;, |C |G |G |T |G|C |T

Fig. 5. Creation of the particles

ming distance as shown in Fig. 5. In case of more than one
sequence share the shortest Hamming distance, one se-
quence will be randomly chosen. Therefore, the subse-
quence data in any particle is P; = {Myj, Myj, ..., My1j, M,,j}

3.4 The Movement of Particles in PSO_HD
Algorithm

The movement pattern of PSO_HD is controlled by Gbest
topology. The best particle at each iteration (Ppes) is se-
lected by the highest fitness value, calculated from equa-
tion IC (5). Each particle is an alignment in a matrix pat-
tern of n rows and w columns. Where 7 is the number of
input sequences and w is the length of subsequence.

Next, neighbor particles move towards the best parti-
cle by replacing position M;; with M./ as shown in Fig. 6.
This application of the swarm movement principle with
binaries (Binary Particle Swarm Optimization: BPSO) is to
create a condition of swarm movement with the particles
[32], [33], [34]. Suppose that each particle P; has an initial
velocity of 0, where vector X and V is the vector of posi-
tion and velocity of particle P;, respectively. The members
of vector X = {xy, X2, ..., Xn1j, Xj} and the members of vec-
tor V = {vy, vy, ..., Uuij, 04}, Where x;; is a position of each
subsequence and vj; is a velocity of each subsequence. As
for the movement of particles, the position x;; of the parti-
cle P; has to be replaced with the position Xjjest Of Ppest, the
procedure and criteria are as follows:

Step 1: Calculate the velocity v; of particle P; using
equation (1).

Step 2: Calculate S(v;(*Y) using equation (9) to com-
pare with 73 (73 is a random value between 0 to 1).

S(w*D) = 1/ (1+evii*D) ©)

Step 3: Compare r3 with S(v;**D). If r3>S(v;i**)), replace
xij with Xjjpesr. If 73 <= S(v;it*D), there is no x; replace-
ment.

PSO_HD algorithm uses these 3 steps as the criteria of
movement of the swarm at each iteration until every par-
ticle is at the same position, or the algorithm has complet-
ed the maximum number of iterations. In cases of the
maximum iteration limit is reached, the particle with the
highest fitness value is chosen as the result, which is an
alignment A.

Seq|P pes PPy |Ps|Py Seq|P pest P |Py|Ps|Py
1 (M7 M 1y |M g|M 19|M 3 1 (M7 M 17|\ M 15|M 19|M 13
2 My M 21 |M 24|M 26|M 55 2 My M 21 (M 23|M 23| M 55
3 M3y M 3| M 3, |M 35|M 37 3 (M3, M 3, |M 3\ M 35|M 37
3 My M46M43M47M45E>3 M 3 |Share|M 4| M 43|M 47\M 45
3 (M54 M 53|M 57|M 54|M 5, 3 [Mss M 53|\M 57|M 54|M 5,
6 |Mg M 54 |M 43|\M 457|M g, 6 (Mg M 54| M g3|M 457|M 59
en M 72| M 74|M 75|M 7 en M 72\ M 74|M 76|M 7

Fig. 6. The subsequence position replacement of particles with
the best particle

3.5 Detection of Remaining Motifs

In the detection of d number of remaining motifs as
shown in Fig. 7, used for creating MultiM TFBSs, we cal-
culate the Matrix Similarity Score (mSS) [25] between n
number of alignment results A from the procedure of
movement of particles (the movement of particles in
PSO_HD algorithm) and the remaining motif (RM), as
follows:

(Current — Min)

G Max — Min (10
L
Current: Z IDfj, bi (11)
=1

Define fi4i as the number of character B appeared at a po-
sition i, Be {A’, ‘C’, ‘G’, ‘T’}, fiin is the minimum number
of the characters at a position i according to equation
(12), fimax is the maximum number of the characters at a
position i according to equation (13) and I(i) is the infor-
mation vector accourding to equation (14).

Min:ZI(i)fimin

(12)
Maxzz I(i)fmax 13)
1(0) = filn(4fl" B), i=12,...L (14)

ie{A,C,G,T}

The next procedure is to select the remaining motifs using
cut-offs minimizing false negative rate (10%) [25]. The
TFBSs result of PSO_HD algorithm is to merge the results
from this procedure with the alignment A as shown in
Fig. 8.

3.6 The Algorithm of PSO_HD

The process of TFBS detection with the PSO_HD algo-
rithm consists of 4 main parts: parameters setting, related
pairs creation, the swarm movement, and cut-offs mini-
mizing false negative rate. The results of this process are
TFBSs. As mentioned above, the pseudo-code is as fol-
lows:
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S |IC GG CI|T TTZC A{g__G__Ci_I_: I:In SIACGGT s, S, S, S,

Ss,aAlccarlrcaGTTTA GGCT ACGG AACC GGTA
S AL GG TIT CAGTTT A S;AACC[CGGT|TCAAG ™ |GCTT GGTT ACCC GTAA
S, AAcclccgGgT]TcAAG [l S,JCGGT[AAGGTCGGC RM= <CTTT GTTC CCCG TAAG
__________ == v TTTC TTCA CCGG AAGG

G

S CGGTAAGGT{Q__G____(_Z_:
§s C|IC GGCIATAGAGTZC

Fig. 7. An alignment and the remaining motif

Algorithm PSO_HD

Input:

w = the length of subsequence;

Maximum = maximum number of iterations;
N = number of input sequences;

I = length of input sequences;
b={A,'C,'G, T}

Set:
HDI[][][] = Nul};
EM = null;

RM[][] = null;
PIp[] = null;
Pnb[] = null;
TFBSs as DataTable = null;
//Hamming distance
fori=1to N
for j=1 to w-I+1
EM = Encrypt (M[i][j]);
for k=1 to w-I+1
HDIi][j][k] = Cal HD (EM, Encrypt(M[i+1][k]));
end for k
end for |
end for i
/ /Swarm movement
Initialize particle;
fori =1 to Maximum OR not converged do
select local best particle;
update velocity of particles;
update position of particles;
if i =1 or local best > global best then
update global best from local best;
end if
end for i
/ / Cut-offs minimizing false negative (minFN)
fori=1to N
for j=1 to w-I+1
if M[i][j] not exist(global best) then
if error rate of mSS(M[i][j]) > 10% then
RMIi][j] = mSS(MII[j);
end if
end if
end for j
end for i

Output:
TFBSs = concatenate(RM[i][j],global best);
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Fig. 8. The detection of remaining motifs for creating TFBSs results

4 EXPERIMENTAL RESULTS AND DISCUSSIONS

4.1 Operation

The procedure of PSO_HD is to cooperate among other
programs, developed with C# language 5.0. For the rela-
tional database, SQL Server 2012 was used for software
management. The data tables in the relational database
include the particle data table, the related pair table, and
the total input sequences table.

4.2 Data sets and Parameters Setting

This proposed approach tests the efficiency of algorithms
in detecting TFBSs for 8 genome datasets including CRP
from RegulonDB database [35], ERE, MYOD and TBP
from TRANSFAC database [36], CREB, E2F, MEF2 and
SRF from JASPAR database [37]. These datasets have
non-redundant known binding sites and are often used in
efficiency testing of several algorithms [14]-[16], [22]. The
details of the testing datasets are shown in Table 2, in-
cluding: size, the number of input sequences, TFBSs em-
bedded, the number of motif sequences in TFBSs, motif
length and width, the length of input sequences, and the
length of motif sequences.

The details of the parameters setting and the number
of particles of PSO_HD algorithm for detecting TFBSs are
shown in Table 3. The datasets are properly defined with
typical attributes for testing datasets [22].

4.3 Discussions

The efficiency testing of relevant algorithms in detecting
TFBSs uses F-score [14], [22], [38] as shown in equation
(15). The F-score is the value that considers both precision
and recall, which are calculated from equation (16) and
(17), respectively. N, is defined as the number of the cor-
rect motif sequence result (True Positive), N as the num-
ber of total results, and N; as the number of total correct
result. Nj. can be counted by comparing the results of
algorithms with the results from DNA footprinting meth-
od under the rational condition of overlapping at 0.25*w
[16], as w is the length of the motif sequence result.

F-score = 2*PS*RC / PS+RC (15)
PS = Nye/ Ny (16)
RC = N,/ N; 17)

According to the 20-run experiment of PSO_HD algo-
rithm, F-scores were compared with the best results of

information.
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TABLE 2
THE ATRIBUTES OF THE TESTING DATASETS

TABLE 4
THE DETAILS OF F-SCORE OF ALGORITHMS

Data sets Size TFBSs embedded Length (bp) Motif width
CREB 17 19 200 8
CRP 18 23 105 22
ERE 25 25 200 13
E2F 25 27 200 11
MEF2 17 17 200 7
MYOD 17 21 200 6
SRF 20 36 200 10
TBP 95 95 200 6
TABLE 3
THE PARAMETERS FOR THE PARTICLES
Parameters Description Size
o inertia weight 0.4
B cognitive 0.8
Y social 0.8
Maximum number of iterations 3000
Number of particles 100

GA algorithm, tested by D. Wang and X. Li [16] and the
best result of PSOVa algorithm, tested by M. Karabulut
and T. Ibrikci [22]. Results show PSO_HD gives the high-
est F-scores in 6 of the 8 datasets which show in Table 4.
In another 2 datasets, ERE and MEF, PSO_HD gives F-
scores at 0.85 and 0.98 respectively. Overall, the proposed
PSO_HD algorithm yields the highest average F-score as
shown in Fig. 9.

By comparing F-score, precision and recall between
each result from the 20-run experiment from 8 datasets
and the results from experiments using GA by D.Wang
and X.Li [17], it shows that PSO_HD gives the highest
average F-score of 0.89 shown in Table 5, with 7 datasets
of highest F-score and the 2d highest after GALF_P [15]
in the CRP dataset. PSO_HD gives the highest precision
from 6 datasets including CREB, ERE, E2F, MYOD, SRF,
and TBP, while the highest recalls appear only from 3
datasets of CREB, MEF, and TBP. However, the total av-
erage precision and recall of PSO_HD are the highest
among the relevant algorithms at 0.90 and 0.88, respec-
tively. Meanwhile, the average precision of GAME,
GALF-P, GAPK, and iGAPK algorithm are at 0.64, 0.66,
0.77 and 0.77, respectively. The average recall of GAME,
GALF-P, GAPK, and iGAPK algorithm are at 0.71, 0.81,
0.81 and 0.84, respectively. It also shows from PSO_HD
the standard deviations of precision are between 0.03 and
0.08, the standard deviations of recall are between 0.02

Algorithm CREB CRP ERE E2F MEF MYOD SRF TBP Average
PSO_HD 090 092 085 092 098 091 091 089 091
PSOVa(best) 0.72 0.86 0.82 0.67 091 043 0.79 0.84 0.76
GAPK 0.73 091 092 082 1.00 083 0.74 0388 0.86
GALF P 073 091 079 085 097 071 085 084 084
GAME 071 088 076 079 097 044 083 077 0.78
F-scores
0.95 0'91
0.9 036
0.84

0.85

0.78
08 0.76
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Fig. 9. Average of PSO_HD and relevant algorithm on the 8 datasets
in term of F-scores

and 0.09, and the standard deviations of the F-score are
between 0.02 and 0.08.

In addition to the main purpose of this approach, us-
ing PSO_HD to improve F-score, precision and recall in
the TFBSs detection, the algorithm can perform in a rea-
sonable amount of time under the computational envi-
ronment. The processing time of PSO_HD algorithm from
20-run experiment with 8 datasets, as shown in Table 6,
are 940-1110 milliseconds in MEF2 and MYOD dataset,
1200-1462 milliseconds in CREB, ERE, E2F, and SRF da-
taset while spend 1560-2000 milliseconds in CRP and TBP
dataset. The longest time spent in detecting TFBSs is at
CRP dataset, which has diverse data patterns and has a
long motif length.

5 CONCLUSION

Applying the metaheuristic algorithm to detect TFBSs is
an important issue and has been continually improved in
various studies. However, there are some limitations in
detecting TFBSs from various datasets. This approach
proposed to use PSO_HD algorithm applied with Particle
Swarm Optimization (PSO) and Hamming distance (HD)
to improve the quality of results. From the efficiency test
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THE PROCESSING TIME COMPARISON OF THE 20-RUN EXPERI-
MENT BETWEEEN EACH DATASET

MEF2 MYOD CREB ERE E2F SRF CRP TBP
Mininum Time (ms) 940 1031 1312 1239 1200 1320 1745 1560
Maximum Time (ms) 1023 1110 1462 1378 1297 1400 2000 1698

in precision and recall with 8 datasets, it shows that the
result of PSO_HD algorithm outperforms the other tested
methods. While, the results of using PSO_HD algorithm
with ERE and MEF dataset give the second highest F-
scores, their values are still higher than the other 5 algo-
rithms. Furthermore, when we compare the average F-
score of the experiments for 20 runs to GA, it shows that
PSO_HD algorithm gives the highest Fscore in all 7 da-
tasets, except for CRP dataset. However, PSO_HD algo-
rithm still has the best average F-score of all 8 datasets.
Therefore, results indicate PSO_HD algorithm can im-
prove the efficiency in detecting TFBSs with higher preci-
sion and recall. The algorithm can perform in a reasona-
ble amount of time under the computational environ-
ment. The computation time of TFBSs can be improved in
the future study, by applying parallel processing [39],
especially, in livings which have long genome sequences.
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