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e 53 A 745 4 7 4. (Transcription Factor Binding
Sites, TFBS ) 4% 5k [H 125 5 HY45E DNA J@ 51, i %
KEETE 4~30 D HREERT (bp), B4 A0 AR AR
AR T8 Bl e 5%, i AL A% R L SRR LU 2 5
Y DR R4 R 2 U4 A A [ ) A 18 7 s TR 1A
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RIAEIRTINA, K5 E— A B <R % R
K A T TR B 52 T, 2 W T RN B AR TR Y R
Wi . Balaceanu 551 45 i #8 ik — B i) M 3L X A9 %
R AT LA Ao kAR SR Y A5 (R S5 ), R O A
MRS . R . L AR S IE AR 2%, DNA
T AR AS Ak 37 1) A A 0 ) B DX 388 7D 5 T, 5 552 W) e S
K F R S5 G R PN, XA & R ki R T 5 I
55 DNA AHEAE B9 R AL, T B AR R 508 7E 1 25
Ao TE TFBS Filill B 75 2225 8 A 38 4% 11 i ok
A AN BT IR AR B, A A5 A 4 T U R AR
B HE R AR AR R A B BRI T ax STy ik, H IR
PR AW RN 2B R R R . Hitk, A&
SCH| AR 2 2] B Deep DNAshapel' 2 A= il K il
FIRARAG S, VA T 5T 1 R AR A = 07 XA e
RAF BB, B B AL S TR B .

DNA FH4E Fr BL T ARAT B AR EAE H, T8 iR
IR A 5 ) e S DR 1) LR 45 5 O 2090, [] e 58 G
() DNA J Bt 2z ]38 1 — 2 25 [a] 40 B4R H 52 m 4 0k,
TERAT B Z 18] (A AR PR S e T B AT =2 (8] (R 4 B
AU, JRy i IR RN FR A 1) L [ FH 4 7
BRI P25 A A E 2R . Zhang 457 i F AL
TE G BB 2 M 45 (CNN) £ B DNA JE AR 1 Jmy 3 ¢
B AT 2 AP 5 B, 45 207 50 FUE AR 0 3 [F] 48X
Wang %5 U2V 4§ 1) CRPTS i F — Ff 3 == 1918 &
CNN FIAE #4252 (RNN) X DNA J7 51 Fil Jag 35
RAG B IEATRE SR, LRI 2 R ER RS B
ZIA] B R S , R IRIEARMF B Z MAAAE 1Y
KM . DeepSTF!' ¥ Transformer F T TFBS
o, 25 S 0H, {# H Transformer R HEBUE ARG B2
TF) B R AR A T LA b B i TFBS T fiE
Swin Transformer AJ LLA5 8504 3K J5) 3B SC B A5 B, [F]
B 3d ) 7 H A s S A R R S R KRR (S
B ik, 51 A Swin Transformer X} IR 5 B 4745
TEFRI, S Ht T4 Jm 55 SR R iR Im] 0 98 45 0 2%, A Ak
OB AT B b R R AR 38 DI AH 45 A 1 R AIE,
KB 4 T M HE DNA AT IRERE .

TEE S 7R 1) DNA JP8I ) f b, i o 4845
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HEA TP HVAS R 38 18 AL RRRE, H R P SRR IR 2
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AH L SCI M, 5 B0 I (8] 1Y B[R] 5C 2 A 1 78 43 R,
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AL, 308 o 2 ) 5 Al 44 355 2H A IR ) 0GR, 1 i i 1
[ R AR A B AME . B, SIA S REZTIIFES 2R
BB LS4, 31 T MCSP(Multi-scale convolution
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TR AR A AS TR BE 1) 528 3 R A 1647 43 4, 2 25 b o
FE [F) 20 3 T AR, G b G 3 S 22 R R
fiE, dF— 0P i TR A T &5
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0=,
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il ANMIRESERE . JF S WBeR . BT RS
L UR91INE 27 I o) I =¥ VAN VA L IR (110 S M - B o B |
FHOM 41 1Y DNA = 4 25 #4418, Deep DNAshape!'®!
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2 TFBS & & MSSW
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TE R A R 43 S B A 5 5 (2) F 9 b B 37
i FH MCSP 3575558 18 (19 22 B R 9 s (3) IR

Data encoding

AbPR 437 {di A Swin Transformer A 35 38 12 31 42 B
TEMRAT BB = B R AE s (4) i 24 5 9 43 SR AR
O3 S BRI = BORRAE SE AT Rl G, A5 B 5 4 T
EE
2.1 HIRH

A 3C A# F] one-hot % DNA JF %) o 17 4 5,
DNA ) J3 5] K B & 101 bp, 4 5 £ F [1,0,0,0].
[0,1,0,0]. [0,0,1,0]. [0,0,0,1] kAL R IEXT A, G. C.
T. Zidgmts, JPFFRR A 1x4x101 BRHAERERE 1, |
WF FiR:

I =[51,5:,85,-,8100,S101] (1)
Hdp, S, FRE | MR Y one-hot [7] & .

Sequence processing branch

| Output layer
- One-hot ACGT ) 74 ] Maxpolling [
—= ecoding Split Split C t
< - : = X onea
< ; ;
e

Split attention

I BN+ELU+Conv

=

MCSP module

J L J
BC module
Shape processing branch

=]~ 4---2 Swin

Adapt Linear

it VS ik 7 ;trarll)slgocrlineq Maxpolling
T W [MLP | |i|: [MLP | | Layer '
H - —;  E—; ¢ X4 Norm
- » CENT] | ENT ‘
Patch partition E e 2] : Sigmoid
i [W-MSA] | 1| [SW-MSA] :
T e T \
N || [OENT
Linear embedding \JF 1'1 oo ‘Z/ s R 7777777777777
| i )
Swin transformer module LA module

Bl 1 MSSW RIEI4LEY
Fig. 1 Model framework of MSSW

A5 B A AL ARAE B, {8 il Deep DNAshape
KA A TR 13 FORRAE B, B IRE B4
R BRBEHL | /NI SERE | T SRS
o1 ENRY 5= I 71NN 2 I 1IN = ¥ VANE VA N TR 3
Y4552 ) DNA JPFIK B 101 bp, I ZIRIRME B #R
N 1133101 FUEFAEAERE I, , Q1R B

L =[M M, M, ,My, M,] (2)

Hrr, M, RREE | D% H R H Deep DNAshape 15
B AR 7] £
22 FINESZ
22.1 MCSP7r & s F45 G AR A ERK N,
1% 4t 1 4 FRUZ AR XA B A A S5 K A AH CRFAE,
it FH 22 RUBE B ARAT LU R U RRAE RS, 73 2

X ) 22 ROBE FR AR BEAT FR AR A0 B, 0T 38 38 1T 53
SRR ), S A A 2 B R, 192 B 1A
B 22 ROBE P B RAIE . MCSP J7 k4 2 RO B BD
AP SRR B 1, , B B B KN G350 - 4x3
4x5., 4x7, AN RBEE G R] U 24 f B A 3l g2
HURP H AL, AT LA A4 T B 4 B2 A0 2 75 A [ < B
ok 25 G0 S B . 25, ] ELU B0 o
ORI Y i R 2, B0 B0 oR B B AT
#t & 19 — 4k (Batch Normalization, BN) &b 3 | fifi
AR AESIE R 0, J7 25 1 RS Py, s 7k
S, LBBUER/N N 4x3 BB E S AT
J7R:

Ouxs = BN(ELU(Conv(1,, W, b.))) (©))
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ARV E] Opes « Ouey o M TR A £
P B ORE, PR B TR AE PR PP 8 B R, () I
REARRRIE ) 2 () 4R 1, BARERAE AT
Xixs = MaxPool (Oyy3) (4)

HrAt, PL Oy HHIAAFE] Xoys , [FIFEA]T LITS 2] Xy
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Zond Z2 ROER &R, B4 RO 09 i th #8605
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FURFAE, 45— RUZE A9 fi AT 1 MCSP A 73 24
TE T 71 (Split attention ) BB A HE 5 ¥ S RpAE LA [F] 18
B [A) 1 32 B, 3R A5 15 30 38 1 Y 9 RRAE o 10 38 18 7 [19]
Prorh K A 4, e 4P 20 o R D FAE
W, BN X T G=Kx WAL, 1y 38 8 4t
X ={X\, X, X3, , X¢} ,X‘—J'/I\ﬁ}éﬂﬁﬁﬁ%%f’}ﬁﬁ Fi,
BAREHIRRN U=F(X).i={1,2.3,--- .G},
AN TR 2 oA (7 30 ) e AT SRR, S BRUARF A il
o H K ANMFREAL IR R UF 10 R PR

Rk

U= ) U )

J=R(k=1)+1
Hrp, UteRIWXCK ke(1,2,-- K}, H. W, C4y i3
JNRRAE B R L TR R L BB TR A2 E) 4
Ske ReM* 1k 4 ey R A0 AR B 4R i R S
SR G B, SRR TR e AL B A, K
TS c lIE R RN

} (6)

fifi H rsoftmax ¢ £ A [A] FRAE & /Y 3 & 01 43
B, B A REAE BB E AL A, S R) 38 G R] Y
FRIERLG o 58 kMR R 0 240 B 5 B RR
h VEe RIPWCIK HA S ¢ SlIE RN R

1 H w .
UG, j)
HXxW & ;

S ’C‘ = Conv, (Convl [

Vf = Z a’f (©) Ur-1y+i (7
P ()
=] 2P ®
1

1 +exp(—¢i(sh))’
o, of(c) IR rsoftmax T /3 BL AL TR, ¢ RRIR
P4 Jmy 1R S0 S*E A ¢ A A § IR 24T X
N AL o 3 AN RUEE YT B REAE 43 300 38 4 4 2 R

J1t, 2& Concat 15 2| iz 24 1 far v, a0 (9) P w o
V = Concat(Viuss), Viaxs)> Viaxny) 9

22.2 BCHE3k BC B e ¥ MCSP Jr ik (1 fii
iy A2 BN 21 ELU 38006 pR£5, 28 1 o sk 4 25 9
2N G, SR 5 il 4k BUR 3RAS 5 = B A AR AE
Fom, (R I8 N e Kb AR T BR TR F B, A R
TRER T e R IE . IR ERE IR R,

M = Conv(ELU(BN(V))) (10)

O, = Flatten (AdaptiveMaxpool( M )) (11)

23 HRLAESX
2.3.1 Swin Transformer A< 3 {# ] Swin Transformer
X} DNA BB AR5 B AT RS, 260 1 b5
B A E DA H, 7T DA R EL DNA JEAR
5 L I R0 S G I R R AR 1 A 45 A I RRAE,
& 1 s s . Patch Partition 4 A B 43510 56 14 43
FR R IR, 6 R 2R 2 AT R B b AT i A, X HE
5 VITE By A2 B9V H R AR [R5, S el 28 ARy
TE RN, X 38 18 )RR AR 51T 3 0, T IR R AR [
2t FRAbEL S s R Z

Swin Transformer [J4#%.0> Swin Transformer Block
mE 2/, @ H £k A& S (Window-based
MSA,W-MSA) 7E Jay & & Pt S & O, AR
FII TR 4% B 5 8E 0 R/ B T IE A G, KRR
LTz E. HRAHE 02k AR, 81
W HRXEACHER, TEmMREeREE, 8T
AR v 0 R SRR OC R, [ TR sh O
% 3k 1 & 1 ML (Shifted Window-based MSA,SW-
MSA), il i B S A EAE A AR B 7 i F R E . H
F 1 Swin Transformer F# W-MSA 5 SW-MSA & i
S LAY, X {#iF5 Swin Transformer 1] DAA %5 Hi 36 $i2
A FRIE SR M 09 JR 4 JR FRAE . Swin Transformer
Block fEARTTE AT iR :

) LD
ANy AN
MLP v | MLP
LN | LN
y a4 E (N
W-MSA SW-MSA
LN LN
ZH ZI

2 Swin Transformer Block

Fig.2 Swin Transformer Block
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Z'= W-MSA(LN(Z""))+Z"! (12)
Z'=MLP(LN(Z"))+Z! (13)
Z"' = SW-MSA(LN(Z"))+Z' (14)
Z"*' = MLP(LN(Z"*")) + Z"! (15)

Hi LN /8 2 IH—1k, MLP N Z 2L, Z' %
7~ Swin Transformer H55 L JZ % o

232 LA# LA BB RRIE i A 220 )2 13— 1k,
AT 3 iR 1] S5 aok i ) AR PR RV A e Sk . B
J&, Zat )23 — AR R RHIE 23 4% 3 2 B R T2 Ak,
3 - 25t AR A A T ) 4 B — A i 1 R,
= (16) fFis:

Ospape = Flatten (AdaptAvgpool(LN(Z"))) (16)

24 BWHER

K Fr 5 b B 73 37 B e PRI S5 TR R AL 214y
AT BN = PR ARV B R IR A AT 4, T —
LR R I i, RS BRI S A 2 B2 K
e YRR E S ) B bR 4E R, A i Sigmoid pRECK
T R FEE G0 . BRI PIRIR N

y = Sigmoid (Linear(Concat(Oseq, Ognape)s W, b)) (17)

Horr, Wy o by 435 3R G T2 1 A R A
2.5 HEBRIZ

A CAR RS MSSW {di Fi] PyTorch 1R 5 27 > HEZR AL
I, BN SR A F IR 8 = 2 1 L A5 ] 3 Ay I R 4R N I
8, M & — 7 BB 2R, 7RI 5 b XA
BEAT IR, 1 L & P A XA A7 Ak, 1 =0T
A SUAR eR ORI AR G i 2o S 1) A R TR, A

H Adam AL 25 AR 4 11845 20 (1406 B R S AR TR S 4,
VU B/ MESR R R, 12 PR Loss f2 Adam 1 %€ X
W R

1 & _ _
Loss =~ ;mxlog@m ~T)xlog(1-3)1 (18)

Adam(K, grad(Loss)) (19)
Horb, Nt KON, 3 Rom N RS | A F
BIPR %, K378 MSSW 1L rh Jir 45 1) nl o7 > S8,
grad () B BE pRER . BN AR S 0 1B A AR
1 FOR, Wk 1.

3 FHREHS

3.1 RBNEHIERR

AR SO} Bt 53 R - 465 B A s AT T0 44 1 [
Bk — ), (I AER R (ACC) | Z i A
Pk 2 T AR (ROC-AUC) | K i 258 - 13 [l e iy 2%
B HT R (PR-AUC) 48 b5 X 43 28 4 1Y) d5c 2 T 00 2%

AT
FHSCA XN PR
TP+ TN
ACC = 20
cC TP+ TN +FP+FN (20)
TP
TPR = Recall = —— 21
T TP+ IN @b
FpP
FPR = (22)
TP+ TN
TP
Precision = (23)
TP+ FP

1 OAE B

Table 1

Specific steps of algorithm 1

Algorithm 1: MSSW

Input: The DNA sequence containing or not containing TFBSs

Output: The current input sequence’s predicted value and the learnt parameters

1. The sequence feature matrix I, obtained using one-hot encoding is shown in Equation (1), and the shape feature matrix I, calculated using Deep

DNAshape is shown in Equation (2)
2. Initialize all the parameters K of neural network
3.while Epoch < MaxEpoch do:

4.Sequence processing branch:The output 7 of the MCSP method is computed using Equations (3) to (9), and processed through Equations (10) and (11) to

obtain the output of the BC module, which corresponds to the sequence branch output O,

5.Shape processing branch: The output Z' of the Swin Transformer is obtained using Equations (12) to (15), and the output of the LA module, which repre-

sents the shape branch output Q. , is computed using Equation (16)

6.The outputs O, from the sequence processing branch and Q. from the shape processing branch are concatenated along the feature dimension using

Equation (17) to compute the predicted value y for the current input sequence

7.Calculate the Loss using Equation (18)

8.Update the parameter K according to Equation (19)
9.Epoch = Epoch + 1

10.while end
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o, TP R HPHPE, IEAEAS 4 1000 Ry 1E A A 9 %K
it FP 2o B FH P, TE AR AR B T Ay SR A A 1) 2o
FN KR i B M, 6704 A o 700 00 Sy F A AR 1) B0t
TN K 75 H B P, 000 R A 4 0000 oAy B4 A4S 1 8 i
TPR 5 Recall #§ 3K 715 1E A A< 9 5000 Ay 1 451 119 LG A5
R L IE 5] %5 FPR KoK SUREAS 4348 O E 3, B 1 451
2 Precision F27 Tk BL A AEAS v BCIE i IEFEAS (1)
Al
32 KMERREEXNFRNERWEA

ST B EE FH A AU 3R A5 B AE TFBS Hi il
AL, AR SCHE TFBS TINAT 55 it T X L SE 5,
Deep DNAshape £ i B AR 15 B 4% DeepshapeR % J&
A A FEL A R R O A% R I R e, A S rh g3
LI Deep DNAshape Fil DeepshapeR 4= i ATE MR A5 B
YE 2l MSSW 5 HU I R b 38 43 S 1 4 A, 7€ 165 4
ChIP-seq tls 8 b AT 55, SEa 45 R anf&l 3 fros .
DeepshapeR & F& T F 5 AR A 1) R LAY, A= LB
RAGERFIE T —Fr . B4R A% 17 R 1521, Deep
DNAshape A= 5 1T ARAF 8 7% 181 R 32 A% 17 2 1Y
s, BT N5 IEAR{E E o Deep DNAshape 4=
A AN BT ARAT BAEBEAT S B, /£ ACC. ROC-
AUC, PR-AUC 3 M§45 B £t T4 DeepshapeR
A LB ARAT L, 3 U B A BT IR A5 S 2 TR A
BALTT IR M2 A A2 o
92 ¢
90 +
88 |
86
84|
82t

ACC, ROC-AUC, PR-AUC/%

80 |

78

ACC ROC-AUC PR-AUC
MSSW (DeepshapeR); MSSW (Deep DNAshape)

Bl 3 MSSW 7£ 165 1~ #dfi % I fdi FH DeepshapeR 5 Deep
DNAshape AP fE LLEE
Fig.3 Performance comparison of MSSW using DeepshapeR
encoding vs. Deep DNAshape on 165 datasets

33 HEERIE
3.3.1 MCSP#=Swin Transformer9/H ax52 3% N T 5
- H P A% MCSP Fl Swin Transformer FJ/E R, %11 T
PSREL, (1) 855 CNNTE: i 1 36 FH 00 4b 31 51) 43
7, ffi F Transformer b B JE IR 43 25 (2) #& #U
CNNSw: 7E#5/ CNNTF Ay 37l 4 Transformer 2§
“A{#i ] Swin Transformer.

B I CNNTF 54 B CNNSw 7E 5 51 4b B 43 57

- #R ] CNN, H F7E B IR b #4153 32 b 43 0l fidE
Transformer A1 Swin Transformer > & BT IR 47 10,
CNNSw i 7l 25 5 4 T CNNTF, 7] B4 ] ok 56 3iE
Swin Transformer () A H £ . MSSW. CNNTF F1
CNNSw [ 52 56 5 S 3 2 iz, A4S F CNNTF ok
Ui, 7EIE AR AL B 43 32 i i T Swin Transformer £
CNNSw 7E T 5 tFAli e b L8 A T 3.3%. MHET
Transformer 3 i3, Swin Transformer A% 5% S 2 50 4
I3 Hr I A& —J5 T, Swin Transformer 51 AT Ja) &
P = T, B33 B BRI AR R B i 1 A, X
FRHLEN A 1A 2 B, A 4R BRI AE B
Jry BB G HRME; O3 — 7, W B B B 0 HOR, Swin
Transformer 7£ /A [F] /2 R Z [0) ¥ sh F L & fd 11, fifi 45
WO Z A 5 B RS A RO B . X MR E— 24
b T BRI TR AT B R R AR A, TR AR T
Jr B R PR

%2 MSSW. CNNTF #l CNNSW 1) 52 445 5
Table 2 Experimental results of MSSW, CNNTF and CNNSW

Model ACC/% ROC-AUC/% PR-AUC/%
CNNTF(CNN+Transformer) 78.8 86.1 86.5
CNNSw(CNN+Swin) 82.1 89.4 89.8
MSSW(MCSP+Swin) 84.0 91.0 91.4
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Table 3 Experimental results of MSSW, NSpSw and MSaSw

Model ACC/% ROC-AUC/% PR-AUC/%
NSpSw(Without multi-scale+Swin)  82.6 89.7 90.1
MSaSw(With Self-attention+Swin)  83.2 90.3 90.7

MSSW(MCSP+Swin) 84.0 91.0 91.4
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Table 5 Division of datasets at different scales and the number of
datasets

Scale of dataset Condition of scale Number of datasets

Small dataset <6000 17
Medium dataset 6000 ~ 30 000 71
Large dataset > 300 00 71
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Table 6 Comparison of ACC performance of different methods
on datasets at different scales

ACC/%

Model
All Small Medium Large
DeepBind(2015) 78.4 64.5 75.6 84.7
DanQ(2016)" 78.0 65.4 74.9 84.4
DLBSS(2019) 79.2 61.7 71.5 85.3
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Predicting the sequence specificities of DNA-and RNA-

Transcription Factor Binding Site Prediction Model Based on
MCSP and Swin Transformer

LI Xue, SHI Jinxue, WANG Huiqing, YAN Aoyu, WANG Sen
(College of Computer Science and Technology(College of Data Science),
Taiyuan University of Technology, Taiyuan 030600, China)

Abstract: Predicting Transcription Factor Binding Sites (TFBS) can help identify specific regulatory mechanisms
of cells and tissues, which is crucial for understanding gene expression regulation mechanisms. The existing methods
combine DNA sequence and shape information for TFBS prediction, but they typically focus only on neighboring
nucleotides to generate shape information, neglecting the influence of longer flanking nucleotides. In the sequence
processing branch, these methods neglect the complementarity of features across different channels. Similarly, in the
shape processing branch, local correlations and long-range dependencies of shape information are not adequately
captured. This lack of deep exploration of both sequence and shape information limits prediction performance. To
address these issues, this paper proposes a novel model, MSSW, for predicting transcription factor binding sites. Firstly,
Deep DNAshape is used to generate long flanking shape information for the shape branch, considering a more
comprehensive set of shape data. Additionally, the Swin Transformer is utilized for feature extraction of the shape
information, capturing local correlations through window-based self-attention and obtaining long-range dependency
information through window movement. Furthermore, the Multi-scale Convolution and Split attention (MCSP) are
employed to extract multi-scale cross-channel features from the sequence. Meanwhile, the sequence and shape features
are fused to predict transcription factor binding sites. Finally, MSSW is evaluated on 165 ChIP-seq datasets. The
experimental results show that it is superior to existing TFBS prediction models and ablation studies validate the
effectiveness of MCSP and the Swin Transformer. Additionally, the model's generalization is verified across different
cell lines, providing valuable insights for predicting TFBS in various cellular contexts. The proposed model achieves
strong predictive performance across datasets of different scales, particularly excelling with medium and small-sized
datasets.
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