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Abstract: Protein-protein interactions play a crucial role in biological processes such as cell signal transduction, gene
expression and metabolic regulation, and thus their identification is essential for understanding these complex

biological processes. Predicting protein-protein interactions is a hot topic of great significance, which can provide
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assistances in areas such as drug discovery and protein function research and design as well. In recent years, with the
development of artificial intelligence, machine learning technologies have been applied gradually to the prediction of
protein-protein interactions, which has shown good potentials. However, when processing a large amount of protein
information, traditional machine learning methods are difficult to mine the intrinsic patterns and potential features, and
deep learning techniques are needed. Compared with the three-dimensional structure of proteins, sequence information
is easier to obtain, and the development of high-throughput sequencing technology provides abundant protein sequence
information, which greatly facilitates the development of sequence-based deep learning technologies. Sequence-based
deep learning models predict protein-protein interactions by learning intrinsic patterns and features from protein
sequence information, which greatly improves prediction efficiency and accuracy. In this review, we focus on progress
of deep learning in predicting sequence-based protein interactions, categorize, which is summarized according to the
algorithmic framework and timeline, briefly describing the construction methods of datasets and the evaluation metrics
of the models, discussing in detail the sequence encoding methods and common algorithmic architectures, and
demonstrating the computational models based on various types of algorithms and their features and advantages.
Finally, we analyze current challenges in predicting protein-protein interactions using deep learning methods, and
discuss possible solutions. With the development of deep learning technology, the efficiency of predicting protein-
protein interactions has increased dramatically. As a result, there is a need to develop models with stronger

generalization and more robust prediction capabilities to aid the prediction of protein-protein interactions in the future.
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Fig. 1 General workflow for predicting protein-protein interactions by sequence-based deep learning
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Table 1 Public databases and basic information

Kl Pe 44 PR fai s B BITTH 5% 30k
Database name Description URL Last update Reference
BioGRID PLEE H U G B AR SO https://thebiogrid.org 2023 [25]
DIP T b SR SR IE A STk A ¥ PP EAE (S 2 https://dip.doe-mbi.ucla.edu/dip 2020 [27]
HIPPIE N T HA R 60 000 2% PPT HAE £ #E https://cbdm.uni-mainz.de/hippie 2023 [30]
HPRD N PPLAUE FiE , B3 41 327 XF HAE(S & https://hprd.org 2010 [26]
HVIDB HVIDB T £/ 48 T 48 643 M&T S IIE I N 5 http://zzdlab.com/hvidb/ 2020 [31]
J7i 2 PPI
Intact M 22 954 43 SCHRHHRIN 1 194 594 4 HAEEEAS B https://www.ebi.ac.uk/intact/home 2022 [32]
Negatome JE LR SO TR AR R A Y = 4E 458979 hitp:/mips.helmholtz-muenchen.de/proj/ppi/ 2014 [29]
S EAH BAE S B negatome
STRING R AT B AEEARE ¥ F 14 094 FIAEMI 67 592 4644~ https://cn.string-db.org 2023 [33]
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GGt N BB B LB, RS, K
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Pt DAEIR 22 S J5 ik, 5 B IX S B ) 2 A
BRAT 5 Fe O E S BE R R, JFilt— P RR N
W 5 PR o B e, S L S D) R P S
RIRCT o i R 2 i T AT LA BT 5% 7 PPT A
BARIES, s SR A 5 4 it B 48 5=
RSB LR BARE R, AT B 4 22 3] 3 BAR
LR, SRR TERE . AR AHIE

BT A i TE AR A e B 8 R S g RS T
%, FESRET TR T B HESMET
BEAE B ga s Ty vk . — S8 WL B (R gAY 7
HEWER 2 FiR .
1.2.1 AT A3 R0 %7y ik

F T 5 8 A 0 9 i T vl ik ok B A1
B 5% SR R SR 1) IR SR KR — A
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Table 2 Protein encoding methods in sequence-based PPI prediction models

By} b 752 JE Ih) K 22 R
Type Encoding method Form Vector length Reference
S Nl R4 AR dipeptide composition —4mE 400 [36]
Z R4 A amino acid composition —4mE 20 [37]
AR IR B pseudo-amino acid composition ~ —4E[ & 20+L,L NE K G {E [38]
F.4 =t conjoint triad —YEm g 343 [16]
ESHEVIPS H ¥ /7 2 auto covariance —YEn R Lx<BRAPE RN Lo oK R [39]
A& XYy J5 % cross covariance —YEAE LxNx(N-1), L &R G AE , N OB T A3 [40]
%8 X J7 %5 auto-cross covariance —YEI R LxNxN, LR JaAE N o ERAGHE 5TAS4L [41]
Moran [ # % Moran autocorrelation —4EE LxBRARPE RN LN i K A [42]
Geary [ #5% Geary autocorrelation —dEn R Lx<ERAPE AN Lo RO R A [43]
PFRAL 2 B B AR e physicochemical distance —YEE 531x8, BN IOK R E = [44]
transformation
ETHHES  CERREAD R PSSM TYEREE  20xN, N HT I E [45]
ACC-PSSM —YEFE 400xL, L A ERCOKH R E [46]
Top-n-grams —YEFE LN, L P HIKRE, NN EIME [47]
BLOSUMS62 TYERERE 20xN, N AP K [48]

Dy for B R 7 5 45 72 H B Pseudo-PSSM

—4ErE 40 [49]
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A, HIRLRON “17, HARON 07, TR K
NNBIFH, &GRS 2 N<20 BIFERE (LI 2) .
RN T AR Re NG E HE IR 7 A e 4 R A R, (H AL
Pk T e, H AT 5 000 B g i A7 A8 4 FE ol
ok A, B FEOFREACEICT . £ 8 G
MR B ok B E A T SN 20 A b
TR 1) H LA 19 B 2 FE R 4 % (amino acid
composition, AAC), F&AX TR —FKEART
#HAT LIS B — A 20 45 & . BEA = n 4l SR
“ARERE R A=, i E = n
AR RAE 7 HIE S, IR 7735 0T LA OC  AH 410 2 ik
TRz (B A ELRE . v EFR K (pseudo-amino
acid composition, Pse-AAC) TE AAC )it I &5
G T H IR BN SERMEMMEE R E, %
BT RAIRFER, EmEEmnEa S EEE
15 B

1. Given the order of 20 standard amino acids:
ARNDCEQGHLLKMEPSTWY,V

2. For the peptide sequence “ARNDC™, its one-hot encoding is:

“A™ [1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0]
“R™: [0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0]
“N™ [0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0]
“D™: [0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0]
*C™: 10,0.0,0,1,0.0,0,0,0,0,0.0,0,0,0,0,0.0,0]

3. The final result is a 5x20 vector matrix:

10000000000000000000
0100000000000000O00DODO
0010000000000000OO0O0ODO

00010000000000000000
0000100000000O0O00OO0OOODOO

B2 M one-hot K Z kIR 5 51 i 4K Ay 1) A
Fig.2 Converting amino acid sequences into vector matrices

using the one-hot strategy
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J fF CAID (Critical Assessment of protein Intrinsic
Disorder prediction) " 3% 28 H {43 55 — 4 1) SPOT-
Disorder2 " %5, CAID 3% %€ /& V- fify fE #F & (1)
I A0 m) TR0 7 v K R I A &, WHHES) &
H 5 TG 6 m) 5 vk B R B R .
SPOT-Disorder2 i Zhou %5 A & t, 181t 45 & K
JE B FER) FE &R JF 46 (Squeeze-and-Excitation
residual inception) f# £& W 2% 0 5 K 1 id 12
(long short-term memory, LSTM) ' i 2 [ 4% ,
LaM A E B s e, R 1 R
FiEE o 0 T % N7 8 B & — Bk A, SPOT-
disorder2 #2325 Hi— > 0 1] 1 (¥ 8 AR 2 12 5k F5= 10 i)
o7 IR ER, X S T DA g i R KRR 7] B0k
A PPIAR R il 5o SEALLIK) i B 201 TUPred2, 23t
— %K N LR B 5T A R AT 3RS — S Lx3 B4R
B, ALE T IX 5% HR 0TI 2 R R 4H AN TUPred?2 Tl
DA A, B AT 1) TG T (R AR 26
122 AT amxizeemmsyik

T 17 B R4 ) G B 7 8 B AE DRV A1 &
R r M AR, HE2 AHEMAR LR
(B Y AH B2, {H PPL AT RE &k AR AE AN 22 1) 2 R
FB BT DU AH QI B R 2 TR] (R A P 22 0 H 2L
BT X — A, Guo% ™ i FHRH T AT ZE (auto
covariance, AC) HRIFH T ¥ &AM B 2 FE
PIAHDCME, B S AR A 2 2 IR 110 L o B A 12k o ALK
WA TSR AEE RS, REEE KA
v =R CEE O DA =Y o EI NS VP X ()
RRAE [F) 2 2R AT N — 0 BT . 47 B8 Ak 2% R S AR 4
(physicochemical distance transformation, PDT) '

WHE T 531 M E ALk SR R A R B e oy BE R
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N, PRI RS IE PR S 2 R R A A OGP SR R
NRABER T A . XBITEL L X T %E
CO ™ Bl KB & X I %=
(auto-cross covariance, ACC) "' %5, Hrp g 3w
A AL PE T AT PLIE T AAindex " $REL. XL
T B R R 1 A O 1 R A 4 A
AR B B R 8] (R AH ELsE e, DL B4R R P
IR AR, BT B R 43 14 g B
LA
1.2.3 A T4z B0 S iy ik

BT E B g 7% B eIl & A )k
A5 Bt — 20 R 7 5 R B I E R R . AL B
SR 5E FE (position specific scoring matrices,
PSSM) Mg Forbig i LR 7, R B Y A
id PSI-BLAST " 1 88 H B8 R h R R Hxf,
LA N}20 BIAERE, Hod N E BT
KR, DR E B2 R 0 A (8 s
H TSI E S . BRPSSM 4L, Tt (s R
(4w J7 V518 155 BLOSUM62 ', ACC-PSSM Y,
Pseudo-PSSM "7 &5, X &k J7 1k AE DL £ (A 5
VERZ W FE R 3 T E AR .

(cross covariance,

2 GRIES JAER T R A1 i & s EL AR
SR INAE

2017 4F, Sun %5 " 9 UK IR FE 2 I BUAR BUTh
MR T8 A AR B S, AR T HE
2 H3mig s (stacked autoencoder, SAE) X4
T AME B & A R B ARSAT W, 7 2 A
T £ b PR TR HE B R IK B T 87.99%~99.21%.,
o RN T IR BE S ) T AR R AR BRI T .
WA, PREE S ) AR TR AIME B & E R
HAEW R KRR CEER .. NEXRENE, X
e yEmI R oy A T IR A2 N 4% (deep neural
DNND " [y 07 i kT 5 AR w48 W 4%
CNND " ) 75 ¥
BT 2R #2244 (recurrent neural network,
RNND " (f759%. JEF3E & FIHLHI AN Transformer
(15 7% PA S TR A R B WS 1 7 v o AR TTHE o3
A 8 1K G SRV B e FAE B T A I R E B B
PERIN A AR PE R, R34 T S MAE K
THREBIAY,  FEd IR R HE 48 I R RN Al 1 43 28
AR o

network,

(convolutional neural network,

K3 IESEMRATH AR

Table 3 Computational models developed within the past 5 years

Pt KA 8] TR FR SAHESE TR 225 3R
Type Published time Model name Algorithm framework Prediction type Reference
£:F DNN 2018 — DNN PPI [73]
2019 EnsDNN DNN PPI [74]
2019 — DNN PPI [75]
2019 — DNN PPI [76]
2019 DeepFEPPI DNN PPI [77]
2019 DNN-PPI DNN PPI [78]
2020 — DNN PPI [79]
2020 — DNN PPI [80]
2022 DNN-XGB DNN,XGB PPI [81]
2022 DWPPI DNN PPI [82]
2022 — DNN PPI [83]
2022 CT-DNN DNN PPI [84]
2022 — DNN PPI [85]
T CNN 2018 DPPI CNN PPI [86]
2019 — CNN-RF PPI [87]
2019 — CNN PPI [88]
2020 Visual CNN PPIsite [89]
2020 DeepPPISP TextCNN PPIsite [90]
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Epit] R i) TR 2 FR SAHESE TR Z25 3R
Type Published time Model name Algorithm framework Prediction type Reference

2020 EnAmDNN CNN PPI [91]

2020 — CNN PPIsite [92]

2021 TransPPI CNN PPI [93]

2021 — CNN PPI [94]

2021 D-script CNN PPI [95]

2021 CAMP CNN PepPI [57]

2021 DeepViral CNN PPI [96]

2022 DeepTrio CNN PPI [97]

2023 EResCNN ResCNN+RF PPI [98]

2023 ProtInteract CNN PPI [99]

T RNN Rk 2019 — RNN PPI [100]
2019 DLPred LSTM PPIsite [101]

2019 — LSTM PPI [102]

2020 — LSTM PPI [103]

2021 — GRNN PPI [104]

2021 LSTM-PHV LSTM PPI [105]

2023 — RNN PPI [106]

T LA 2021 HANPPIS Stratified attention PPIsite [107]

Transformer

2022 Cross-attention PHV Cross-attention PPI [108]

2022 ADH-PPI Self-attention PPI [109]

2022 SDNN Self-attention PPI [110]

2023 EnsemPPIS Transformer PPIsite [111]

HETIR G M 4% 2018 DNN-PPI CNN+LSTM PPI [112]
2019 PIPR RNN+CNN PPI [113]

2019 IPPI DNN+LSTM PPI [114]

2021 DELPHI RNN+CNN PPIsite [115]

2021 OR-RCNN RNN+CNN PPI [116]

2023 MM-StackEns SNN+GNN PPI [117]

e =" FORJESCRIE K PPIsite— 8 (VB AH BAE A7 25 XGB—#R B E 2 71 (eXtreme gradient boosting); GRNN—/" S [a] I ##f

22 %% (general regression neural network); Self-attention— [ 13 5 JJHL#; Cross-attention—22 X3 & JJ L ;  Stratified attention— 43 JZ{E &

FJIHUH]; SNN—ZEAE 4% (siamese neural network)

21 ETFREMENENGIE
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MLP) [ Hif 45 0 48 N 4%
BRFEMANZ. Z0EBZEMHHEZE [K3@].
DNN i i 2 A Fe 8= 0 fan N 2 808 12547 2 =
S, R JEd i it AT SR, Wl i softmax 4
BOE R BOEAT oy 2. EERAREAEH A,
DNN 1] DL i % 2 ) 2% 4 B 2 2R R 5 F1 A 8 R

(multilayer perceptron,

RIZFHE, A EAmEERNE B, i
i R b TR R 5 2 R A B A

2017 - Du % " BT DNNME T — M4 N
DeepPPl i EALAL, AT B 5T 41 $E ELA
5 AR A A I T RR R A, i A AT
FR) IR JEE Ao 22 IR 4 4 3] Ak — o R A PR ) 545 7 91
5 % PPLEEAT TN, 75 A4R EEUAS T 92.5% 1)
HERf % . 2019 4F Yao %5 7 $& Hi DeepFEPPI # #Y ,
i3S Res2vee JT AR /N A FUT A, [RIFEAEHPIA
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(a)

Output layer

Hidden layers

Input layer

(b)

Output

Hidden

Unrolled RNN

(©

Convolution layer

Input layer
Subsampling layer

Subsampling layer

Output layer

Fully connected layer

B3 DNN. RNN. CNN ({54 2% 25 ¥

(a) DNNEEHAZ, ZANEEZ, M)z (b) RNNGHE A I Input. — M5 IT Hidden 11— Hi 87T Output. K RNN %
IR IT, 455 I T ARACERIN A, BRE H BOR B LATH, AN, SRR RIS U634 O M H . ;. (o) CNNEFERMAZR, ZMER

JERHA 2 LR AR E A R

Fig. 3 Basic network structure of DNN, RNN, and CNN
(a) DNN contains an input layer, multiple hidden layers, and an output layer; (b) RNN consists of an input unit (Input), a hidden unit (Hidden), and

an output unit (Output) to unfold the RNN in time, with the subscript of the symbols representing the time, indicating that H, receives the inputs from

I, and H,_,, and then propagates the results of the computation to O, and H,, ; (c) CNNs include an input layer, multiple convolutional and pooling

layers, and fully connected and output layers

S PR Ao 2 I 8% 4 ) B B A B 1T PR S
1k, e i3 softmax BN PPLIFAT 7328, ZEII
& LS T 98.71% (M HERf % . 2021 4 Mahapatra
2 UL T 44 9 DNN-XGB i SR, i it &
SRR K. BA o REaaR s Y KR
), A FH R R A 22 I 4 4 BURFAIE B s ) P A i 1o
FESRFHIEAT PPLI 73 2, FE AR ik 3 7
99.74% [P HER % .

BT TR 5 o 20 I 245 (1 T R Y A B 5 AH L
PEFH TR J7 T LA T 35 I A . DNN A AL 58 K
{1 R I B2 X RE 0 4 L e S AR B R S i R
FRFIE . 4RTM, DNN TE 42 8 (1 5 /7 51 v 1) )= 3
FEAEA A R R, H 2 2 500% KR 52 BURE 71 1
[Fi] B A7 7 3 VSRR K ) R, S B TN B
SRR R IE T B AU 2 N 48 R T SR

2.2 BETEHRMEMENSE

LR 8 WX 28 AR IR BE 2 S AR I — N 3
W BERZE . ik E A EEE A A CLSZ I
By N RRAE ) B B4 BCRT 4328, W] RLE B4 BUR
FRAE, ARG &0 Al 2 SCIURRIE B 4E, [ 2% B
HHEBPREGRIMZARE 1, HERL I
KI3(c). HHH T DNN, CNNED T 2ERE
&, Wb 7T SH 8 E, KRBT iHEE R
J£ o LEPPLTUI ) B2 FH A, CNN W] BA sy b Al 42 2
H5F 51 H R A OC &R, b e o) B S BAR
FHIR HVRFAE, {0 380 5EOKS A Tt

2018 4F Hashemifar 28 " $2 i} T —/N4% 4 DPPI
IHESE, W AFEER . LR . WEN K
SANBEHAARYE 7 H4E B PPLEEAT T, 7E BRI
P B K dm 4 E B IA B T 96.68% HIHERG %, HAE
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e R0 S N o 2 VT AR i e = 1 A
2020 4F Li%k 7 2 4 7 EnAmDNN 7732, 383 5 &6
WA, Bth %, BE=nd. thEERAS
kgD EARTH, FHZEERMEMNE%EB)
PEMUE A BRRAE, IR 45 A B R ML R 5 B R
FURZ EIIRIZ R R, BALE S A BOT R4 i
HIAE] T 94.67% HIUHERG 2 . 2021 4F Lei %5 B #2
T CAMP J5 % F -F £ (1 2 - 2 Ik (%) AH EL A Fa]
T R RSk X A fE R A 2 Ik, R E R
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2o %7 VER B A 4 W 45 45 4 I 7 L 4>
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D, TR R 22 KR A B 4 A AL . 2022 4,
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Z AT CNNIREUE A 74 I 2 RE B 3UfE
B AT PP, 75 2 AR5 B AR 75 350 2R
2023 4 Gao %5 ¥ JF & T EResCNN J5i%, ¥ 5til
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JE R HURE EAR h B 5  E RT SRR, RS
P = ZEBZEN =2 Z IR R 5 S ERF 1L,
B¢ 5 454 XGBoost. RF. LightGBM F1H J% i H1#%
XF PP HEAT B 20 2%, TEMREH AR T & &
98.61% MHEMA A, JEIN 1R B 5 S FE L4 7%
A ST

BTG R & 45 1) F SRR /R R A A
VB FH 15000 A B4 T R 3 R G, AR TR A R PR
M 22 7 TR AT 28 THI I Bk sk, 17 05 0 et 448 ) 4%
B H AKX TR A — Mm%, HET—
SRR

2.3 ETREAHEZEMEZTTE

1 I e 2 I 2% — SR LAY N ERIR 25 JE 1 E A2
RE 77 A X 48 S5 4, 30 3o 778 P4 3 45 i 19X 4% T DLAE Ak
B Ja w8 o BoiE i R B 2 BT IS S, RES A e
PG IE R N E I P S S SV IR € )
EAEFERS, HERLGHILE3Mb . HAR
Fi ) ) R PR ) R BT M ARG &R, B
L RNN £ 5 T 7 1) 10 8 1 58 B AR J b A 8 2y
WEIE . SRTI A% St I RNN 25 5y 3046 52 i 2 sl 2
B AR I, X PR AT AL A R I A R e

R T v R e ) g, BN R T — 2K RNN
R N B R R VA G S N N E R (7 N
(gated recurrent unit, GRU) ", 1% 46745 R it 5]
AT TN R 05 BAE M 28 F 4L 3, AT 2
T SRR ER KT B I PERE . RNN A AR {4
AT DL A B 3 A1 ) R R A R AR R &R
MITE B TR B A EAER . ik, T
KIS, RADKG S H 5T RNN S H AR K
(AR IR E 6 T 41 %) 2 1 o B A P R R

2018 4F Gonzalez-Lopez Z5 "™ $2 i T —Fhi 3 T
RNN RN BRI 73, AW T 3h Fe ik T2,
BN F IR A BT 7 AT A3, e AR AR
i IR ] T 92.59% MR %, AL T RNNTE %
Ty TR SO S0 20194F, Zhang 55 MY iR H T —
24 N DLPred (71, ZITERET — ARG K
RS2 E%, FIF PSSM. BEALME R, SRk
B S5 R AR X R A BAE AL A AT B . Alakus
SRR T AN ETLSTM B 5, bl &
1 J53 B8 1c F ProtVec J7 ¥ ¥4 £ 1 i 7 51 % Ay £
¥, B A LSTM X PPLAEAT T, fReimik 3 T
92% M HER % . 2023 4 Mewara 5 " 42 H T — A4
Fe T 0 A K R B R A2 M 4% (bidirectional LSTM,
BLSTM) 757, BN E G2 HE IR 751 52 i
FEAE 04T PPLTIUI ,  f 28 /E WA | T BT B 2540 46 1
B EN T 99.54% [HITHERGZ .

JSE RNN 78 42 KB B A O¢ R 07 il 1
HEETTHR, H LSTM Al GRU %5 RNN 22 1445 25 Hh fi#
7 A% 28 RNN I BR BV 2K n) 3, RL7E AL B 5 5
A 2 % W B BT T, DLAE 34 ph 42 9 4% Oy
FARBHEZE IR AETH R P

2.4 EBEFFEHNHEF Transformer 5%

N T R Ak B A A I R ON AR AT B R
() A 2 A ELAE AR, WAL B AT 1) 1 3= L
il F1 Transformer. 73 & /LI EE A AR L& 4@ ,
YRR PEAT O, e Ll CRET THRAE R
FR ) S A, T 2 A AN A DG B A B EE (1)
gy XAP CRER” IR ONEOE N AR Y T
AT 55 >k P g (1), AT 0 1 452 28 7 Ak B K 21 i)
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Valuel ‘ Value2| | Value3 | | Valued Inpl.ltl Outpqt
| J L ) embeddin; embedding
Inputs Outputs
(shifted right)
(a) (b)

B4 JEESIHLEIAN Transformer )3 A 45 1)

OVENHEZ T = JIWLHE % O E, 35 Query. Key. 5 Key X R[] Value, HIGHEILF (Q, K) A —/ Query fl Key AU
g5 (S1~S4), XLt 5y 2 it Softmax b 43— b 15 H A Key IALE (A1~A4) . BN Key A AN 52X “ME” (Valuel ~Valued) ,
A4 B Value 55 AR B FRIA FE AL R A% 2843 51 Attention value. (b) 51 F I SC#k [72], JEIR T Transformer BEH! (R4 00280, 40 i 28 0
FRRL SR LSy . ZE ISR IS 8 e 2 Ol RN 5 AL BRI T, REZ RGOS L RIEES” HLEIAE]
AR N I G5 B TT, HAR RIS IV A — A BT RS S &m0 g 25 0 £ STAR Y 4 3 28 SR A1 B R o5 Bk
B RS BRI AR “Outputs  (shifted right) 7, i ORTEMEADIS AR b 24 57 67 B (1% UK T RTINS 2 . RS A2 2K
M “ 23357 RTINS AL EE, $5 20080 28 M AR R Softmax J2 13 B MR 20 A, AU SN Rt (AR

Fig. 4 Basic structure of the basic structure of Attention mechanism and Transformer
(a) Providing a detailed depiction of the core operations in the attention mechanism, such as Query, Key, and corresponding value for each Key. The
similarity scores (S1 to S4) between each Query and Key are first computed using the function F (Q, K), which are then normalized through the
Softmax function to derive weights for each Key (Al to A4). Every Key is associated with a “value” (Value 1 to Value 4). The final attention value is
derived by summing up the product of each value and its respective weight. (b) Adapted from reference [72], showcasing the fundamental
architecture of the transformer model that is split into encoder and decoder components. The encoder on the left initially receives inputs and pre-
processes them through “input embedding” and “positional encoding”, and then repeatedly passes them through structural units containing the “multi-
head attention” mechanism and feed-forward neural networks. The objective is to transform the input sequence into a context-rich continuous vector
representation. On the right, the decoder is responsible for producing an output sequence based on the context provided by the encoder. Its initial
input is labeled as “Output”, ensuring that the output at the current position in the decoding process only depends on prior information. The decoder
also undergoes multiple rounds of “multi-head attention” and feed-forward network processing, ultimately yielding an output probability distribution

via linear transformation and a Softmax layer, representing a probability for the potential output
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5N B R kA 8 O B AR A A B A
BELD, DERA TIHESCE.

ISR, 7 & JI WL A Transformer 1) 2%
EBAH BAE A O 7 A T R R . 20224,
Asim %5 "SR T —Fh 44 9 ADH-PPI IR JE IR &
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Table 4 Four basic prediction results and their

specific meanings

4 YL AR Hik

Prediction result English name Description
HHME true positive, TP T BE P A A TR0 A B
{2 A 4 false positive, FP i [P A A< $0 0 4y B 14
HHIE true negative, TN X FPERE A T3 A B 14
{2 3 14 false negative, FN X BHPEFE A T 4y B 2

FE T 4 P B A T 25 SRAT AR 2 MR LI
WAL 4R bR, HhEFEHNE 6N, oald: #
i % (accuracy) « f5 #E % (precision) « & M
(sensitivity) . #F5 M (specificity)« F11E (F1 score)
&M 9¢ 220 (Matthews correlation coefficient,
MCC), EANTHRAMRTHHIE MR 5. e R iR
TOBERNAE SR b PR T A RS SR s T T
)2y BH A FR) A AR H SR A BH M R BB, iR A5 R
OO BH 1 0 A AR . BURME, XORROA A R
(recall), AR SLBR g H 1 [ R A b e 1E 7 00 9
BE A () LA, AR B 7 4SS 2806 BHSE (R R 0 BE T . RE
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Table 5 Six evaluation metrics and their calculation formulas

VA bR AR
Evaluation index Calculation formula
A % (accuracy) %
F51HE K (precision) TP’[;P P
U (sensitivity) %
4 53 1 (specificity) %
F1{H(F1 score) %

BN o% 2R 5

(Matthews correlation

TP X TN — FP X FN
N (TP + FP)(TP + FN)(TN + FP)(TN + FN)

coefficient)
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