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PPIS-MFH :Predicting Protein-Protein Interaction Sites Based on Multi-feature Hybrid
Network Integrating ViT

HU Zhaolong, HU Chunling, HU Ruijie and GUO Longju
School of Artificial Intelligence and Big Data, Hefei University, Hefei 230601, China

Abstract The deeper principles of molecular life can be revealed through an in-depth study of protein-protein interaction sites
(PPIS). However,existing methods for identifying PPIS are complex and time-consuming,and more accurate models are needed
for PPIS prediction. Although deep learning techniques based on attention mechanisms and convolutional neural networks(CNNs)
have made progress in PPIS prediction, they still face limitations in capturing amino acid features. To effectively capture long-
range dependencies in protein sequences and accurately characterize amino acid properties,this paper proposes a multi-feature hy-
brid network(MFH) , PPIS-MFH, for predicting protein-protein interaction sites. Protein-protein interaction sites are predicted by
combining both global and local sequence features. For local sequence features, the PPIS-MFH model incorporates a Vision
Transformer(ViT) module,which captures long-range dependencies and extracts local features from protein sequences. For global
sequence features,the model employs a bidirectional gated recurrent neural network to discern intrinsic connections between ami-
no acids in protein sequences. This is achieved through a feature crossover network that combines a text convolutional neural net-
work(TextCNN) with an attention mechanism,specifically a text recurrent neural network(TextRNN-Attention). In this study,
the PPIS-MFH model was evaluated on four datasets and compared with eight similar methods. The experimental results show
that,on most metrics,the proposed method outperforms other similar methods.

Keywords Protein-protein interaction site. Attention mechanism, Text convolutional neural network, Bidirectional gated recur-

rent neural network,Feature crosses network
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Table 1  Statistics on the number of binding sites in each dataset
HIEE A B AR AL A 3 A B AE R ALK
Dset_186 1923 16217
Dset_72 5517 30702
PDBset_164 6096 27585
Dset_331 11255 72420
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Fig. 1  Overview of the PPIS-MFH model
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T RSB S A IR A S, DA A OC R BGE T
T3 25 0] J v 280 o A R B A TR L T RS - IR il 2T
AT AR TU) 4 TR 2 R TR R R A% 3 I SOKOT T IR B R, Xk
F6 AR IR AG B T — A8 SR A 1A R o8 L R 008 T o 0 b Al
TR AR R B PP P RE
4.2 ZBHRESSH

ARCAE T HT PyTorch 2. 2. 1 HE 48 i 18 B 2% M) B AL,
454 T CUDA 11. 8 il # JF Ph J Python 3. 10 #4752 B,
RN S o A2 b, A Sk D Adam £ O 2 4 A6 5 vk
A 5T B S A 1% 45 B GeForce RTX 4070 Super,

hTAHKMREA T FIN AR LT XE RS 2RF
HIVRRAE A SCORE i sh 88 O R BB 58 o 7 [l i BR 2 2R 1 T
G A B B 500, R, FEBR B E ) S5 rp AR SO T
48 K/ (Batch Size) b 128, DL {5 /2 0% A4 RE A i 3R 4T A 4%
23] R B AR IR R A M, 2 SO B
Berp Sy THRBUR TSI 4 RARE R T 22 R 6 R
G0 2% 2 L E /N Dy 13,15 R 17 B R#., TE
SEE VIT 40,8 Patch Embedding J2 4 28 P il 55 4 B 1%
FE N 256, LR EUE 38 M7 55 B . 7E TextRNN-Atten-
tion R 1, 3% B Dropout K 0.5 PATFT o #1& BLE, Ml
WA R 2 ABE ST . BT 5o ARSI A £ 52
P ZE TTAN BT BB D 1024 1 256,
4.3 ELWHER
4.3.1 BHHAAR EF ke

o T M5 PPIS-MFH 7 85 [ 3 45 & v 5 5000 J7 T8 1
B EE AR ST EAT T M RE XT L 43 #7 , % PPIS-MFH #5285
iy 8 Flr W) 24 B J7 2 4T LG, L #E PSIVER, SPPIDER,
SPRINGS, ISIS, RF _ PPI, DeepPPISP, Attention-CNN L) K
StackingPPINet,

TEX B ik v, PSIVER 32 F 3 & 45 5 4 453 40 6 [ 45 mT
B TIO 45 T3 50 A7 A R AE S Bl AN 38 D0 357 4 26 2 ok S 1
PPI {7 A5 1 U3 s SPPIDER FI FH Je iff i BLAR 2= T AR AT
BT A LA RSN B Y 50 AN 25 K B LA X PP A 4%
B RE 77 s SPRINGS 45 & T 4L 5048 SRk v 2 53R
A R AT 38 o — A 1R 4 R Sk it AT PP A A5 T
ISIS & T —Fh &b & 45 4 R fE A0tk Ak 15 8 00 7R 2 4 42 ) 4
2, T WU R AR 45 A0S RE_PPT I B AL 2R AR5 A
Z B ARREZE & R U PP A 45 5 DeepPPISP 3 2o 45 & Jry #F
R AR R0 4 JR) R A 14 i 381 3 R B 2 T HE SR SR TN PPT A 4 5 At-
tention-CNN 3l i 45 & 1% & F7 ML il A 45 AR w22 0 45 O 191 i)
PPI {37 5 ; StackingPPINet Z5 & TR & FR1F . H ERE LK 5
AR BT SR 0 PP Az 45,

30 L T RSSO vk R 1 N R T B AR B 2 R )
GVESAE LY R N L N R R B . 7E B R ik
o1 U4 PPIS-MFH 1 DeepPPISP 3% Wi 5 i fl & T 53k 1y
M5 B 5 A E E R FE S04 R B AT PPL A A5 A9 B
ki
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3 [Ty kb F R AR AR 54 R REAE 19 S it
Table 3 Statistics for applying local features or global features in

homogeneous methods

RS i B R AE & R RAE
PSIVER Y N
SPPIDER Y N
SPRINGS Y N
ISIS Y N
RF_PPI Y N
DeepPPISP Y Y
Attention-CNN Y N
StackingPPINet Y N
PPIS-MFH Y Y

A X T PPISMFH 5 HoA 8 o [7] 2 14 550 B B 76 ) X
£ MR, LGA RS WIRGR . 7l LLF H PPISMFH £ 4L
PEREVE Al 2 80 3 M T X BB R, R A o R 5 i
PPIS-MFH &A% T StackingPPINet, {H 7£ FAth G 4 1 B 48 b5 L,
TR THE MR E, HKIMNE . PPISMFH fEK % . F {H .
recall {H . & A8 5C R B L & AUC PR J5 I BUf% 1 0. 317,
0.420,0. 625,0. 238 1 0. 362 MY RS, B0 T XF Lo B 4,

4 FE Dset_186_72_PDBI164 $t#li4E & PPIS-MFH 5 HAlb
[ 2 77 7% 1) Pk B X L 45
Table 4 Performance comparison results of PPIS-MFH with
other similar methods on Dset_186_72 PDB164 dataset

. . F- . AUC
VRS Acc Precision  Recall McCC
measure PR
PSIVER 0.653 0.253 0.468 0.328 0.138 0.250
SPPIDER 0.622 0.209 0.459 0.287 0.089 0.230
SPRINGS 0.631 0.248 0.598 0. 350 0.181 0.280
ISIS 0.694 0.211 0.362 0.267 0.097  0.240
RF_PPI 0.598 0.173 0.512 0.258 0.118 0.210
DeepPPISP 0.655 0.303 0.577 0.397 0.206 0.320

Attention-CNN 0. 657 0.313 0.611 0.414 0.229 0.359
StackingPPINet  0.705 0. 309 0.612 414 0.222 0.339
PPIS-MFH 0.658 0.317 0. 625 0.420 0.238 0.362

o

TS R i T PP & TR TR 45 43 24
5] R, 763X 2 1] J5 v, F-measure F1 MCC 2 5 2 5 1 1 fig
itk brifE . PPIS-MFH 16X MW H8 b5 b 338 8] T fe fEKF,
X — R FEAr UL T A A T A O R e . Bk, T
PLA 4518 . PPIS-MFH e 8 R PERE L o5 48 T 4G st A, 45 51
FEAEAL BN A RS O R L T B R ROCR .

T T AT IR L AR SCHE Dset 331 $U4E 4 )
PPIS-MFH # % 5 DeepPPISP # % 9 ¥ B #E 47 7 % kb,
B 2 FiR.

09

08 @ DecpPPISP
* (06080742 B PPISMFH

07
06

% 05 0449
@04 0322
03 0241 0274 0244
0197 0201 0211
02 0134

01

Acc Precision  Recall F-measure MCC AUC PR
Metric

Kl 2 PPIS-MFH Fl DeepPPISP 7£ Dset_331 $# # L i 14 X 1t
Fig. 2 Performance comparison between PPIS-MFH and
DeepPPISP on Dset_331 dataset

45 R F ], PPIS MFH 7E 45 WUt Al f6 4% RS0l T W 3%
T BARAL AR MR R K 6. 3% R BER T 22, 3%, 43 Il %
BK 7.8% FEHIEK 17. 5%, BB OC R B 50 %0 DL K
AUC PR K 15. 6%, 3% S48 b (19 42 TH 56 3E T A SCH H Y
PPIS-MFH J5 ¥ 176 PPI i &5 #00 b A9 A ot

FEXT AN [ 45080 4 1 22 BB, T DL B R4S PPIS-MFH
FIRAE Dset_331 B4R 4L oA Frdd I (A F(EAE X 348, &
TN X — B R AT RE S Dset_331 BiE 4 v A T4 F A7 S 8
RN &, BEAh, ] Dset_331 B¥E b 0 E A R T
HI KR 2 g v AE 200~300 IX [i] . 1] Dset_186_72_PDBset
_164 AR ERE A BT EE S A AE 1~200 XH B K B
ST 8 A AE Sk LA T
1.3.2 ABEEDE YA

TERR T HVFFAEXT PP A 23 B0 4 5% Wi B, A SCAN A 5
FET N RRAE B 288 ML 38 X R B ARRAE B R S#EAT T 4 AT .
BB N Nl = 7 N [ AN O = e S D S o (NP
PPIS-MFH BRI PEREAY 2 M, A0 3R 5 BT A, 45 A R W4 K
BER 7 MW sh A L B GR B) T BB F-measure, MCC 5
AUC PR #:fE,

# 5 PPIS-MFH i J A [l RO 9 8l o 11 A9 4 BE X L 45 2R
Table 5 Performance comparison results of applying different sizes

of sliding windows in PPIS-MFH

B 7 as )
" zjfi; " Acc Precision  Recall I)I{’L}Z:'L(l‘(? Mcc API;(
7 0.658 0.317 0.625 0.420 0.238 0.362
9 0.591 0. 280 0.680 0.397 0.198 0.337
11 0.636 0.297 0.609 0.399 0.205 0.340
13 0.599 0.281 0.655 0.393 0.192  0.334
15 0.650 0.303 0.590 0.401 0.209 0.337
4.3.3 Hak%k

DR THRFEA W 26 B 4 AR AEAE PPIS-MFH £ 5 Hh i1y
FLARTTHR A SR — B8 B 45 i A RRAE I 002 4 4 il A B 4k

33 b AR ST AR Y 5 R R E AR AR A AL B PR RE 25 L T
VAP Al 5 b b AF 09 B, Wk 6 Jr g, Ko “P” KR
PSSM., “D”# /R Z 45, “S” R R &E A 75 . i i 4% T
IS H 4538 R AR 8 F BT 31 5 PSSM Xt F PPIS-MEFH 45 7
RovERE 2 G B, DA A op RS B R AR 2R A R JF A1 S S Ace, F-
measure fl MCC 4> %] )k 0. 658,0. 420 F1 0. 238 L E FEE
0.582,0.385 F1 0. 177, [FlFE, NBE A B2 B PSSM J& » Acc,
F-measure Al MCC 43 5 T F %] 0. 589,0. 390 #1 0. 178, # b
2T R BB X AL R R S B, W
PR E BB BT, F-measure Al MCC 43 5] F B %) 0. 399
M 0.210, XEELERFH LY 3 R ARIE A HAER . B
1t PPIS-MFH 88 fv, J5 4 45 1 505 51 (19 57 ik o oy b 3% 5
PSSM # R &5k 15 B IR B T 4 Bh7E .

% 6 PPIS-MFH " i JHAS [ 5 A HEAIE B9 Pk G X bl 245 2
Table 6 Comparative performance results of applying different

input features in PPIS-MFH

F AUC
6 B AE Ace Precision  Recall Mmcc
measure PR
PDS 658 0.317 0.625 0.420 0.238 0.362

0.
PD 0.582 0.271 0.661 0. 385 0.178 0.326
PS 0.668 0.311 0.556 0.399 0.210 0.349
SD 0.589 0.276 0. 664 0.390 0.177 0.330

238 5 W B VAT I 28 e Uk I A 3007 15 B R Ak .

# 7 JRR T PPISMFH Wl VIT M 45 i 5 (19458 24 4
REXT LGSR, o “Y” RN N R R KW, W UE
B FEBA N VIT B4 016 B0 R, 4 3 v AR &% A BT T B
ACC,Precision, Recall, F-measure, MCC Il AUC PR 43 5] bk
0.676,0. 325,0. 587,0. 418,0. 237 F1 0. 361 F F& % 0. 607,
0.272,0.585,0.371,0. 159 1 0. 287,
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# 7 PPISMFH i i VIT 4K i J 0958 50 P R X b 45 2R
Table 7 Comparison results of model performance before and

after applying ViT network in PPIS-MFH

R F- AUC
N ViT Acc Precision Recall McCC
measure PR
Y 0.658 0.317 0.625 0. 420 0.238 0.362
N 0.607 0.272 0.585 0.371 0.159 0.287

4 A SR A Patch Embedding 28 ¥ W 6 2 19 K [ 48
JE[128,256,512 %R ARFIESEAT 2007 thak 8 AT LA M, 24
2 vk W b )2 R R 4EE O 256 B, ACC, Precision, F-measure,
MCC 5 AUC PR X 5 MTFM 845 (10 22 b

# 8 PPIS-MFH L VT [ £ v A [] 2k o 2k Ve 55 22 4 1 e
PONART S
Table 8 Performance comparison results of different dimensional

linear mapping layers in the applied ViT network in

PPIS-MFH
% Acc Precision  Recall F MCC AUC
measure PR
128 0.621 0.292 0. 645 0.403 0.209 0.345
256 0.658 0.317 0.625 0.420 0.238 0.362
512 0.603 0.288 0. 685 0. 406 0.214 0.344

3) 3 3 XA e SR A [R) 4 G T =2 LA ik 22 4 ik 58 S 2%
& TR 3 A

W 9 P, ok e S 7E B Fl 20 & (1 B R B AL T
FErovERE R S, AT R R B, H 4l i ] Multi-Head Attention
TextCNN #He B, 45220 7 B0 10 2 51 (4 B 1R LA TR 1 1Y 43 288 4
MEEREMT B EME. MIHLZ T, TextRNN-Attention H
2 {uft ] g A5 80 B R U E AR AR . 1B 3 BN Lk — 2P ERHIE T
T T AR B 1) LR L B R T B AT] R R R A R B 4
AT (9 42 o DT 552 B 7 TR M g ) o R A A

F9 RRAEAC I 26 i B AS R R B 14 1 e X L 2
Table 9 Performance comparison results of applying different

modules in feature crossing networks

F- AUC
BB 1k B Acc Precision Recall McCcC
measure PR
Multi-Head
AttentionTextCNN 0. 687 0.324 0.533 0.403 0.219 0.344
LTS
TextRNN-
. " 0.596 0. 285 0.689 0.403 0.209 0.337
Attention 1 #
Both 0.658 0.317 0.625 0.420 0.238 0.362
[ Mulii-Head Attention TextCNN [ TextRNN-Attention @ Both|
07
06
05
o 04
g
[%2] 03
02
01
o L

Acc Precision  Recall F-measure MCC AUC PR
Metric

3 AFAESE S 5 AN [R) 28 1l 4 1 1 g 3R R
Fig. 3 Performance of different components of feature crossing

networks

D FEVEAL 4 R R AE X PPIS-MFH #2814 B 1) 5% Wi B+, 4%
SCEBR T A AR I ULER T ax — AF Ak X AR L 1 BE Y S
MG 10 AR X b v] DL AS 2538 . & R F B 4 fiE %

PPIS-MFH Hi R (g ML AR AR B T OGS . 7510 4R T 51 4
fE A% F » ACC, Precision, F-measure, MCC 5 AUC PR 43
B 0. 676,0. 325,0. 418, 0. 237 Hl 0. 361 F & %] 0. 472,
0.239,0.364,0.136 10,287, XEEPEfEM FHREWET &5
FRAETE 3 T o3 25 M e T I g A Ak
# 10 PPIS-MFH i FH 4 Jmy R A 17 J5 4 BE X L 25 5
Table 10 Performance comparison results before and after

applying global features in PPIS-MFH

- AUC
FEAE Acc Precision  Recall MCC
measure PR
Fi ¥ H AE 0.472  0.239  0.765  0.364  0.136 0.287
R AL+
éﬁ,%1/ 0.658 0.317 0.625 0.420 0.238 0.362
i ¥ H5 AE
4.3.4 TAALSH

9 7 BRI W b R B0 PPIS-MFEH #5581 7E PPT {37 s 751 I
7 T B9 PERE , A SCAE Dset_186_72_PDB164 4 4 it I 18 4
LT 5 ANE A FEAR AT R k. W 4— & 8 T
7% 0] LTS M W25 3] PPIS-MFH IR 51 T R 2500 M |5
VB FA A A5 DA B A T A R A &, TR Bt A S 78 AR [R] A4 0 3
£ ¥ PPIS-MFH #5555 DeepPPISP! J7 4k #E17 T PR BE LL
XF . B A dR T8 S L T sk e AR RS G
G5BT LBt PPIS-MFH 78 PPI o7 £ #0007 17 07 2R 3,

-

(a) True(90 sites)

sites M non-i ing_sites |

oA o

(b) PPIS-MFH

(¢) DeepPPISP

(60 Correct sites) (50 Correct sites)

K4 PDB %5 N 1F60_Chain B Y 2 (5 5261 o] 4 1k
(GRS AN
Fig. 4 Visualization of protein instance with PDB number

1F60_Chain B

[Winteracting sites Bl non-interacting sites

(a) True(104 sites) (b)PPIS-MFH (¢)DeepPPISP

(78 Correct sites) (54 Correct sites)

15 PDB %5y 2P7V_Chain A 198 [ J5 5 61 7] 44k
(TR KD
Fig.5 Visualization of protein example with PDB number

2P7V_Chain A

[mi ing sites [ noni ing_sites

§

(a) True(151 sites) (b) PPIS-MFH (¢)DeepPPISP

(129 Correct sites) (107 Correct sites)

6 PDB%i*% & 3C5T_Chain A A% 15 32 4 ] ¥4k
(G TSEALD
Fig. 6 Visualization of protein example with PDB number

3C5T_Chain A
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(a) True(335 sites)

(a) True(215 sites)

M interacting sites [l non-interacting sites |

(b)PPIS-MFH (¢)DeepPPISP

(263 Correct sites) (180 Correct sites)

B 7 PDB%i%5 N 3GNI_Chain A #2115 3201 7T ¥4k
(BT # D
Fig. 7 Visualization of protein example with PDB number

3GNI_Chain A

M interacting sites [l non-interacting sites |

ey

(¢)DeepPPISP

(b)PPIS-MFH

(165 Correct sites) (136 Correct sites)

8 PDB %%k 3VU9_Chain A #9814 5 52451 7T ¥4k
(TR R ED
Fig. 8 Visualization of protein example with PDB number

3VU9_Chain A

BRIE ACRMT SRS B PPISMFH, & 1

il B AR 5 R AR AT R P2 T PP A )i i TN M fE . Bk
Fe YL A SCRET VIT P2 i A7 S B 45 A0 S e BT 3CfF 8. it
AN RSO FIAT — A RHE S M 46, ] TR 92 Z R 450 L
R S A R B LA SRS H 1 TR S R TEARE . TEATT
B PP o7 s T80 K048 45 b 3 47 36 E I A SCRERL R B T AR
BT HALTT R

TR SCH i 82 TAR w5 15 Sk 58 I ol A 2% 25 7 BE AL 1R

BTG R IG R S BRRAE  BRR B AT S5 G
B It — B R R S5 0 LR T B8 A i 38 47 3008, O 4h T
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