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Application of deep learning in protein function prediction
SONG Yidong, YUAN Qianmu, YANG Yuedong
(School of Computer Science and Engineering, Sun Yat-Sen University, Guangzhou 510000, Guangdong, China)

Abstract: Protein function prediction is essential for bioinformatics analysis, which benefits a wide range of
biological studies such as understanding the functions of metagenomes, uncovering mechanism underlying diseases,
and finding new drug targets. With the rapid development of high-throughput sequencing technology, protein sequence
data have been increased quickly, but functions of most proteins have not yet been identified. Since traditional
biochemical experiments to determine protein functions are usually expensive, time-consuming, and less efficient,
developing more efficient and effective computational methods for protein function prediction is of great significance.
Deep learning technology has made breakthroughs in many fields, including image recognition, natural language
processing, genomic analysis and drug discovery. In this review, we address applications of deep learning in protein
function prediction, which can be divided into residue-level binding site prediction and protein-level gene ontology

(GO) prediction. Protein binding sites are regions that bind to specific ligands, which play an important role in signal
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transduction, metabolism, revealing molecular mechanisms underlying diseases, and designing new drugs. Gene

ontology is a standard function classification system for genes, which provides a set of annotations to

comprehensively describe the properties of genes and gene products. Firstly, we introduce commonly used large-

scale protein structure and function databases. Secondly, discriminative protein sequence and structure features are

described. Thirdly, we summarize the latest protein function prediction methods: in terms of the prediction of

binding sites, we introduce the latest methods based on the ligand type, including protein, peptide, nucleic acid and

small molecule as well as ion ligand, and in the aspect of GO prediction, we highlight the latest sequence-based,

structure-based, and protein interaction network-based methods developed with protein information. Finally, we

comment the advantages and disadvantages of the current protein function prediction methods, and discuss the future

development in this field.
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T oT 1) 2 2 i B A A E DIRE, 102G AR
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F 2 5 318 BB RRAIE 27 2T 2B ) ERAL SRR AIE 1R R 3 s =X,
FLAR SO e A ] L 7 51 AT A A AT T .
SR, T 456 R 2k I I AE AR 00T A e AN AT
(7 A0 v S AR T, T AT REAE A () g A T 2
PRAFHT,  ER B 5T 21 o A 3R )RR AR AT R AN 2 DL
RN . KL, BT R AR
AIREZ BIBR ). SEET R AR ITEAR, LSk
SEN AN B T G I DA A B A, L
— AT Ay R T ER I 7R . BT AL T
IERNR A Tk BT 1 77 v MIB A L
X 1 R e R WA 1) 45 A A IR I HE W 45 A AL R
SR, 4 kb v ot & SR IR, X 28 77 0 32 3
FEE PR . BT A AL AR 2] T N R B
SEMJTREUUATHRRAE, SR 5 PR Ho A Ak B ph 22 ) 2%
I DELIA ", 534k, Wmr DL 8 & A B 45 i 1 -
N IME S, I A o B e 0 07 EAT IR,
U1 GraphBind . XF TR A F¥%, W COACH "™ Al
TonCom ", JU| [F] BRF 42 B 1 56 TR AR R0 T ML 285
M. M TRETRAIM T, T4
TP e, XM OTEMHEEA R, Hié&
FH T AR S0 = 4E 45/ E .

H AR IIEE R EE GO H ) DhRe T A P, H
GO WAEE 4> T ZhAE (molecular function, MF).
BP) F 41 i 20 4
(cellular component, CC) =ANAEW)2E4K . 85
—MNMEARSE5ZA GO WA, k& a6
T AT LU AE R — AN KRR, 200, %R
W f . Bb4h, GO & — AN M B Bl (directed
acyclic graph, DAG), IR & A F#E R T GO
T, R BT A AR S I N A R . PRI
B E B DI RE TR N 1% % B8 GO B JZ IREE M IF P2 &
HAH A GO TH R TR AE e 0 20145 T BOR T
HErA 7O ST R 5 GO Thg il i) &
J&, CAFA Lt 3§ (critical assessment of functional
annotation) L R(IIZ/p 7K. FHARRUL, 4E
—NEAR, SINERELET, A58 1l 4
JUNHJE (T HEE W BA ol SLIedRE
EEFUE RIS, XASRE B 74T AL . I
A B E BT GO Ty g I 1) 77 VAR 45 B A H 145 B
KEATRLr N =K BT RFH T8 MET
VI 4 K 2 BT 51 B J7 R 81 A ABL

Wit FE  (biological process,

PE, R A, B R A R R 5 S04 A
FRAESR AT T . Horb, BT AU S E A
BRI DR, —MERKTNEREEENCH
Dhge i [FJ5 7 51 b 3% 2 i E B, W Blast2GO . itk
VAT Rt B s KA AR A NS AR R A S
BEAT T . )4, GOLabeler ™ F) A HE 7 2+ >J
(learning to rank, LTR) " 5584 T 7 41 [A] J§
P, EERSEWEMEGRE LS. EEREYH
AR RE, B &itBRBMmaE %, W
DeepGOPlus " H i) 45 A1 28 9 2% A TALE " i)
Transformer, 7] BL AT %1 51 [ 3l 3 HCH) 1 7 fix
NG R AR, H BT T 5 51 1 77 02 0000 RS 2 5%
fik. MHEETET RN T, ET48EWMTER
A T B TNORG BE . R TS B 7 iR A R AR
R WAE RO, R A B e 2
(graph neural networks, GNN) 2 2>] Jaj 3 = 25 =
HEATTHEE T, U0 DeepFRI ™. b4k, J&F W 2%
7738, FIHAEYI L () an s B -2 H BUAE B
VE R EARH M 48 R4 i & B )i o] A B A [
ThRE ) SR 27, % 8 A R GO ThReHEAT Tl . 1
a1, NetGO ' #E STRING ™ &£ i T 2 AN F1 ik
W 2%, TEM 2% NI AR R e e 2 H bR iR
o NetGO 2.0 " K TR A 7145 B i\ 2 NetGO
iR mEtERE. R CAFALLFER LS
FhAE JE R ER BTN 77 V208 A T2 TP A B 7 i
{H X B A R AE N T K 2 0 B R B AT AT 2
ANFTH L A TE 8 s LLIRA 1, X BRI 1 EATT
IS N P NS 71 VY R S S WP e A RS
DR EL Ak e, I8 TR 2 O R T B AT
() T

WSS, AR TEN E AR
REEAT AERI U B HEE . HT X EERE
ARG AR H & 5, TN 7 v ] LA RS B 4 N
TEW 45 & A0 s Ya Bl . 7EFRATT 2 BT I & AR B 7 B
o, JE R SR T O 4 G R SR I R T B E T
JAK2 il h (45 & 5k 3k . [FIBY, SPOT-Struc ™ f#
FH &5 16 L o A B 1 Joi 25 G 5 A I ot B A
HEAT A, JER DR B TR S E . #ETRT
R E ) g O AR AT BL D VF 22 B0 R R R AR L
P BB a4 e, Bl g2 mRNA #1281 THOC?2
AR B IR et R, g A AL S T AT A
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TR 2 ity 2 A B B D K A T
PR S e SR B RTIR, BIE A AR
5 T B8 I U5 iR AR A i B S U A AR
A, XS T IX T T R .

FEARSCH, FRATTRE A 3 7K T 1) 45 5 7 s Tl
DA KT K GO T i 7y T Xt A 4 Joit 2y e Tt
BEAT VAR . E 5, BATR A 4z AU
8t AR AR AR, RS S AL R TS
T, AT B AR AR SR 2 3l 4R T 8 -
AR EAR-ZIK. EAFR-ZBRME A -/
Oy TR T ECAR I 45 A AL s TN O, B E
TR T AR B s R AN R T i T X [
i, BATIRYE GO T BT {5 )45 2. 70 Al A 4 1 2%
TR TSR T M 2 1) GO T Uy i, Xt
KL AT R X B . WS, RS E
HI T A AT BB 5 R B, A BB e k5 % AUk
it — 2K

1 HHBYEE A

e, AT B 5 Dy Re T A ) A
Bl e, W& 1 PR

FEHE E B 45 ¥ J5 T, PDB %4 PR 2 H Al i
LAY KRS FEWBIEE, BFEAR. &%
M. 2RSS WEE. £EQMTY 7 m,
UniProt i #5 A, &t 7 ERE 4 AFF el H & E
B, et E BT A E R R . BioLiP
K P 2 B BRI I AR 0 TG A AE ELAE A 2
. GO HuHis P AL 3 1 AN [R) A= W 4k 1) 5 R T e
) iF R R o AR 4K VE BE (gene ontology
annotation, GOA) H#E & I 7E GO U ¥s 1) 2k it
X} UniProt 204 B ATV R, T2 #iM T GO
T A 7

1.1 PDB#iERE

E ARG EHEE (protein data bank, PDB)
#& % [H Brookhaven [H % SE 56 % T 1971 4E 6 @ 1/,
H 25 7 A 15 B % B 5T & F 41 21 (Research
Collaboratory for Structural Bioinformatics, RCSB)
Yedr o P HUHE P S R R S T I b ) BB
FHARER, #E 2022411 H, PDBHHEED
WeE 1920 /3 2% S50 DN AT 1 45 4 $ 4l . PDB $ 4l
JE S H Al EERWER AR T (EE R IR
ZHEREE) SRR, i =4eghify
I X G B FATE . LR R AT SR SR
FBf € . PDB fififr 1N B HEEM K7 T 15 T
MR BEHER. —HM_RERERE, BERET
min R Z5 46 R DA & NMR S50 504 45

1.2 BioLiP #iEEE

BioLiP #& — A A 30 1 F 30 A8 B A W) 40 5%
TG A4 - B 0 AH ELAE R BROHE . bET, K28
Bic 4 45 45 A7 S TN 7 548 FH PDB HR 9 88 1 5 45 14
VE MM . SRT, JF3F PDB Hr A7 42 (1 T A e 4 5
B AN, BN/ 785 FAE AT &
LT 45 R I I 7)o O 7 A8 3k 25 - S AR 1 T Ak -
BTN TC AR R 0L 8 R B 1 o T R VE R
BioLiP Jf & T —Fh 4> 2 2 17 K VEAli PDB 25 84 H 47
TE B BCAR () AL P 2 AR S 1, B DU 25 (1 A P RS iE
IV DL R AT AR A N T AE . A7 Bk, S T A 4
58 (552 M B A AR ) AH S 1 I RO L AR AN TE
N LHMAH % HL A — A~ PDB SO b i 31k 5L
NTF 1SR, SECRHE FAE B 52 44 25 4 1 a5 iR A=
AT oA Hes A ik A E S, W Rk TE
N T I 51 2 o s £ 34 75 76 PDB AH G SCiHk
(1) PubMed 4 22 Hh B 42 S, T SR B2 B U2 AR

K1 EMEEEN G

Table 1 Commonly used databases

Ey S 2 TR
PDB %4 /%= E=lieat ) https://www.rcsb.org/
BioLiP ¥ = k- B A LA FH o https://zhanggroup.org/BioLiP/
UniProt 4 ST € https://www.uniprot.org/
GO %4l ¢ MppLL sy, > T I ARl i http://geneontology.org/
GOA % #fs e HE R AR AR T R AR https://www.ebi.ac.uk/GOA/
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FOR [T . BioLiP B e — M — F B — ik, Hh
MRS B & DURERE: MOk S S5k, I
WG R AR B &R R 2 ER
G T DR A (AR T B R 2 B A BaRE P
k.

1.3 UniProt#iEE

UniProt 84 e & 81 ot 7 71 AR ) 25
PR, e RRAEYE BT AT (EMBL-EBD. i
TAEYE BV (SIB) . EAFE SRR
(PIR) MIE{ETH . UniProt 848 (L& =64,
43 ) & UniProt Knowledgebase (UniProtKB) . UniProt
Reference Clusters (UniRef) #1 UniProt Archive
(UniParc) . UniProtKB & Wi 4 &5 F1 i D) RE 15 2 11
HLIXA, BREMRH. —SMFEEHEERE.
UniRef 2Lk H UniProt (#5594 Flik & 1)
UniParc ik KK EREF A5, DMEAEZ DN HET
ARAG XS P 41 7 8] (1) 56 B4 78 7, () I DAL T o 5 gt
JUARFF 1 o UniPare & — >4 1 H 3E 0 & 1 # 4
Pe, At A ERE > AT I E A R,
& E A BEAFAE T AN R AU b, ] BE AT
FET R —H A FE ) 2 A EIA T . UniPare i id AL
A7 B A ME— FP 31 — O 9 FL R AR 2 HoME— 1Y
FRARFF (UPD Kk X FlOT A, AT AT BLAAAS [
100U 504 e Rl A [R] 9 8 5T . UniPare 8L 2
wEBFY, A KEE KA ARG B S0
FHH405 P A2 51 FH IR 548 e R R R

1.4 GOXEEE

GO ¥ FEHE L 1 ok B 1R 2 AN R AE )44 1) FE A
DIREMTH SRR, 808 2 T 2000 4F i GO 41 24
(Gene Ontology Consortium) #37, f7EHE—14
SGERAL B bR AR ) Y, LR IR K L )
W bR AR IC AR R, BRS04 4 (cellular
component) « 7 T I fig (molecular function) . 4
230 F2 (biological process) —/NMEl4).

1.5 GOA#ERE

GOA 4l i & EAE H GO Hudls = b AL ]I

A UniProt 8(#5 )% (Swiss-Prot. TrEMBL #1PIR-PSD)
P pit B B TR . AN GO TR I A
TR, GOA ¥ UniProt i3 B4y A BTt
Bk 3R AR 3 UniProt A 38 7 1) 501 5 3 Ath 50 4%
JE 1 v B AR R . 18 O B A LA AR AL AR ) 4 1 GO
HER, GOA¥ LI AR TR E Wi IT 84, U
TR B AT SR 2 BB AR E B R S5 . GOA
CL 40l R R 22 i T VP Al SCAR #2985l B B A
VB SE58 7 A2 1 GO TR, [F] Bs H9 F T 38 i R e
RS A ) R R 2k s R )R

2 HWFHEST A

AT HENBEATT I (one-hot)
Gattd, 3T 20 A7 FPIR A A7 g 48 5 & B TUF B aEAT
Gk ZJE A BAL B R R T 4 A BE AR SR B
JeHiRE; LK SPIDER3 VY i AF, ZHAFEEA
o I D R =l SN B i P oi e’ 722 SN -G =
() F00 25 A6 A5 I s B A I A S R TR ) B A 2 1
JoT RN B B (A8 B B AURRAE . R S AR Y R AR
ESM Al ProtTrans, X S5 Y18 i 78 K A4S £ 4
BEAT IR IF 2 I G e e . RN IR 4 T
WS RERE, B DSSPAIEAEERKE, %
KEHEH TR TEMM ES, B85 FE NRE
= K

= /0 o

2.1 ¥ (one-hot) %5

HMTEARFICE20MEARERK, BTE
AIUCRF AR, HLIUE 2 18] JE R/ B RS, TR BB mT ROt
RHEIR Fr 5 BEAT one-hot % i, RIXT A 1] v i) 4 A
FIEBRAL 20 7 FPIRSF A8 R, K20 60K A
AT RA - ARAMW, BHIL N, HRF
FEICN 0o BJm FATA LA R RN L x 20 4R
B, b LNFPAIKRE .

22 NERFRUITHER (position-specific
scoring matrix, PSSM)

I AL R S A S IR ) R H & (motif)
W EERASGIREEVIMR, MEASEIER.
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AT LLE T PSI-BLAST P72 i3k 4T 2 /7 51 EL Xt
3B F TR 7 5 I A5 2, 76 UniRef90 B %45
B AT IERAE R, AN A AR B PSSM FF
1E, R R N L x 20 SR IE, A R RE
T — AT RN T 5 s e A B 2 R IR R R R A B AR
M ERSR 8, FEL4T. T 20 R BL IR,
DAt PSSM 4E B M AL 4057 20 41 . Hh M, ROoRE
1T 7 HILE B0 Ak 2 v 2R G A7 B I 2 R R R AR 5
A RSON R GERR R B A, S AR ST A B
o RPN o, TR AR 57 B A7 B 2 AR
BALHIAFY -

2.3 RBREXERE

HHblits " & —Fl . F 1 8 A 57 5148 2 R L
PR T A4S . AH LT PSI-BLAST, HHblits ¢
i B PR LB v A R LR RO P b A A AL R A
()2 5T . HHblits $4 75 1 85 3 77 710 8 i e b i
AT YA R, BB @ R R R R Y
(hidden Markov model, HMM) #4741l . HMM
ST — FRAE T H1 b ik 72 A e vt HH 3 58 BT R P
AL, BefS A R 32 = 7 F1 A AL 1 2R A HE
KM REE . 8L 7E Uniclust30 ' #¥5 #E LizfT
HHblits LA Bl B 5 R B R AR 1) 7 51038, i RFAE
BRI AL x 30 [RHEFE

2.4 SPIDER3

i3S SPIDER3 " B A mJ AR 8 11 5T 1) L £
#9152, SPIDER3 ¥ N L35 & A it 7 41 BL L 3d
id PSI-BLAST F1 HHblits 3k 5 (1] PSSM #1 HMM %
fiE, A+ OASA (solvent accessible surface
area), TRMEER WA O DLEE A 2)A 7D 194
Yoy R, fARE R s @ A
(torsional angles), & [ )5 3= % 1Y — T ff1 18 ¥ G 45
54, B0, oy we oM. BT E A FCTHE,
o B2 180°, T —MAMEH o —1fM, HAR
A IR o I IR 2 AN R a2 AE PR 8 Ay
fiE; GCN, 1RHIRIAE=ETHA, DRI FL,
ZE MK BN ERIA N ELE T 2 0 HiAh s 5
g, R TEAXBHNAERMEEE: @FK
5% (half-sphere exposure, HSE), X /& CN4F1E

fI— Dy &, R CN BRI 70 i T B
AR AHR 7y, X3 #, HSE LS A it — 4
546 T C,-C, 7 1] 1] B A C,-C 77 8] [a] B2 R E P
ARERI T ©=A R (a8 e, BT
BTG D TR AR

2.5 ZEBRMBHEMNR

7 YER) B IR R B A R BURFAE (A B Y, A
TEEZHL HoKPE. B R SFha. 1R
LA, thi B TR AR AR 2T

2.6 ESKERSIEESM

ESM (evolutionary scale modeling) "’ /&
Facebook $i& i, F&T 251048 B 5T 1 25 K45
= [1) Transformer 155 5 B 8Y, A0 H %08 5 B4
SRR . RN LR BeAIR, TG M B AE S P
7 R BB AR AN Y e S 245 &, 1ERAEE 2]
MGt A AT 7B R . ESM BIRA S A G
B I Z R 2.5 A E B T A E
W T — M 860 LN ERIMIRE R UES
B, [REMEREERPES TAXREYBER
HEEFELE, ZELEAE RV P EAGEE M,
1] DA S B 99 A R0 8 P T 2 A ) W B TR,
oSO P T e R A T ) BB R AL

2.7 BSEBRYSIEProtTrans

ProtTrans ") J& — AN A G 5 A8 (protein
language model, pLM), 7Ef & 3930 1A% 2R
f] UniRef " F1 Big Fantastic Database £ &4 L3173l
g5, ¥ HRE T A (natural language processing,
NLP) H i 5 A S AT E 0, HEE T
IR ERE T SR, KA E AR
NEFREM PR AT B, KHIXLEE S AT
H B r 7 AT IR, A b 2 ) Bl 2 %0
F7 50 A B ) A B R . VISR e S, w7 e
EE BRI THRERE. RE, @Rk A
SEKRITHIETHEMZI RN, FBRKHAE
o N T B ISR A B R RS E 5
WAF55 -
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2.8 ZEMYFMEDSSP

i F DSSP ™ B w] LAY 25 [ (¥) PDB 45 14 it
ITRHESR I, THE =AM AR IE: (D8 4k
f) one-hot — L 4514 5325 @K & L2 % £ PHI M
PSI, B IE 5% A8 F1 AR 5% 48 . @& 7l AT Je 1t 3% THI
B, Bl AR T N B R 2R B B K ASA A — 1K
R X R AT e M (relative solvent accessibility ,
RSA).

2.9 #EFEERERE (distance map)

M4 &5 F1 53 ¥ PDB SC A, AT DAAS B AR AN 2 2
BRI C T2k bs, SR THE A A BB X 2 18] C,
JRFAA BRI R IGEE 25, BRI 3 8]—/NL x L& H
PR, —FhE WA A B T v e — N R
B, PEESEIF KT M BE A 39 0, /N T I0
R, NI E— MR, HTRR
HHRRAEER A A S A A0 R AT T
FonmE B, R B A B B2 [ 2% (graph
convolutional network, GCN) %5172,
Iy — Ak B 5 E R S R B S AT
B, M Iz FH 2 B 48 I 26 25 BG5S B A gk 47
2

12 BT HERES, BT GO Tl £ B
B K, 1 PSSM. HMM. SPIDER3 #4E 75 %2 (1)
THE KK, B SERE— A & 317 GO
T o [N GO Bl 2 ¥ A7 4544, DSSP HFAL Xt IX
KM AE A . GO P i & B3 ] one-hot 47
ik, B AE N soR b R S A (ESM Bk
ProtTrans) #EHUFE & KIRHEE BAE NN X T4
AL T A R, BT T A R & R RRIE R
F T 2 Bhomui 77 3%, 1% 2 0] EAE AR S
B

3 EHTANT S
31 SANRERE

FEIX L 4% JEAN () 10 FC % 288 78 30k 35 30 00 405 5 fr
RPN TT BT, AR TR 2.

3.1.1 A& G R e s T 7k

DELPHI "™ & — #5177 41 [¥) PPLA. 55 T AE
e, ER T ERAE MY (CNND FIE R i 28 0 2%
(RNN) #4745 E 07 i1 . DELPHIAS A R4
GO, FoIxF S B &R =Bk (3 mer).
RAZRBEGEE . 45 ML F . ProFET Y 7 5
REAE, [R5 v B AR T IS ARG A n] 48 A 1 ik
% #% o DELPHI {5 H A [A] A A Y 25 45 3K AN 6] (1) 45
B, B B W = HA, o EBRE M
ZERETL TEI N2 N 2% B E DL S SR R . CNN
FTRNN 202 1% 0 J2 43 50l 25 AR AN X 1a] [T 45006 2
Bt (GRU) 2, 18G5 A 32 2241 57 %0 1/ 5 A
oy B AT RS . BR T PR — T CNN A
RNN 42 pli A 1 22 4b, DELPHI X — 5 % 57 gk /2
P T SR A EE, KX = AR AR K
B PPIAL T, BAEZEZ L. M TET
FEAN T8, BT a5 0 A A T R 4
FE R, XI5 R B B B R FE .

GraphPPIS ™ & —Fp I F 25 0 771k, IR
FEE P X 8% AT 2 1 R 45 6 A R T o A A
EE BT B, K PPLAL S 00 R A 1 54>
F) R, [F B gE A RS B G A AE B A T AR
REAE,  TF B RO 2 R 2 1) P B 25 Ay S 40 4 o
SRIG A FH W0 46 5% 22 R 25 e S s IR TR P TR G AR
MEZL, I FH R4 3Rk B = B & R R AT = 1S R .
GraphPPIS il H (17 fE &7 PSSM. HMM #1 DSSP,
It H B A AT #m AR AD A ATAE A web Al %5 2
GraphPPIS 3 i 4] U Bk 22 1% 452 DA S 18 S5 B 5 1) 7 =
15 GCN Fi ik 1 HE S 1w J2 B0 H B A B2 9 2% DA
FOS P BLE, I ae e 18 4 b 4 92 20 8 B s B
TR RS . il A RN 4% O 4 IE B 2 R
BRI AEEERERH A, XEZH
IR G AT 5 b n] DLEUAHAR F i) PR e 28R, (RLER
il 7 IR En I FE AR SR EE S, HAR 5 A1
WL % . GraphPPIS 18 i ¥] U 5% 7= 3% $2 UL J 15 2%
B R 7 3l GCN ¥ J@ NI JZ GCN, 5 %18 GCN
L, R)Z GCNA WML 53— RAE—EHE
L RR S ORUE 2 HOHE S R R 2 S AR R B B 1 )
WIGE A5 RTH B, AT RE 8% 980 2% o6 2 2K DA B 3t~
WG 5 R NBCESE RN T 1E &5 B
B, EARIE T IR JZ GON TE U HE B D $ Ik 2 1 i i
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K2 GO ALE TN ECE T RS

Table 2 Summary of the latest binding site prediction methods

AN
Jiid: HORRIR HHE % ;%®
HE-HE  SPPIDER™ PDB 2007 PR VR, B T MSA 1HEL 15 5, DSSP 51445 &, AN W 2 S
dSA (TR AN FLIE RSA I Z D)
SCRIBER™  BioLip 2019 AERHIA TR T B Ve, JE AR GRS 1 L ARG S HE R 5 & it el e ENE| S
WIEAL S I, T T, g BRI
DELPHI PDB, 2020 M BOW , ProtVec 1D, PSSM, HE 46 £ 57 1 , AH % ¥ 71 CNN+GRU S,C
BioLip A B AR R ER 45 A R, SRR, P R, M EE
A2, PKx, f B AE B
DeepPPISPH"! PDB 2020 PSSM, -2} 4544, one-hot 2 [1 /75 CNN S,C
MaSIF* — 2020 LA 5 AL 22 R AE , 415335 i %8 . Poisson-Boltzmann JUMIRE 24 3] C
L U A B2 A DL T K P
GraphPPIS PDB 2021 PSSM,HMM , DSSP GCN S, C
®E-ZBk  SPRINT™ PDB 2016 one-hot £ /341, PSSM, #HX & 7 W] e 1, — 4544, SVM S
EAL R
PepBind™” BioLiP 2018 PSSM, HMM, 2% &5 44, P &6 T 17 1 SVM-+HE TR 1 S
WARES
Visual®®" BioLiP 2020 PSSM, J-BRE 5 , &5k, R0 v) Je kG £ e CNN c
P
BiteNet, BioLip 2021 RRALH) 1A RT3 B 3D CNN S, C
PepNN PDB 2022 BRAE IR ES, C HRES T 1], J S A b 2R [ HE 6 e , ke TLVERE L C
HIAEAT L B, one-hot B [ /541 , FLEE 15 42 A1 1B 5 RS RUARAE +GNN
FEH-Z®R  DNAPred™ PDB 2019 PSSM, Tl A4 — e & M ANVE TR ) Je Pk, 5 & SRS B & SVM S
NucBind"? PDB 2019 PSSM, HMM, TR — 4 &5 1, Tl £ 1) SVM+COACH-D* 8
NCBRPred®™! — 2021 PSSM, HMM , Tl 1) = 4 46 K R ) o] e GRU S,C
GraphBind BioLiP 2021 BRFE (1 R T F5 4L , DSSP, PSSM, HMM GNN S, C
GraphSite BioLiP 2022 AlphaFold2 single ##fF , PSSM, HMM, DSSP Graph Transformer S, C
HE-/N TargetS©® PDB 2013 PSSM, To Y] Z R 254 , AFDG Sk RR &5 - i 1m) 28 AdaBoost S
TEET TonCom!"”! BioLiP 2016 PSSM, T ) — 2% 25 A R R AT S Pk AR S P, AR AdaBoost+SVM+ S, C
fic 4 BT A T 45 A COFACTORP "+
S-SITE!"*-+
TM-SITE!"
MIB!'! PDB 2016 45 R AR R Fragment S
Transformation
DELIA BioLip 2020 PSSM,HMM, 24 &5 44, il i dk , S-SITEFFAE , 55 T 4544 CNN S
O e
LMetalSite BioLiP 2022 T F AR Transformer+ S, C
EZR
LG AE MTDsite BioLip 2021 PSSM,HMM, SPIDER3,, ¥ 7 il S MR AR, #L4% £ , 45 BiLSTM+ C
FAIL A4 FRLR AR R R B R R
DeepDISOBind  DisProt 2022 one-hot & A /7 41 , A LR A, — R854, WL CNN+£T%%3]  8.C

Pk

OPKx F M B B SO H
O C 4 23 W TR 55 4% IR AT 7T A

VISR BENE ORFFPEREAS T F . 2L 2 — M
TR P 2 AU 2% AT R A 45 A S N B T
P, AT DUR 7 5 ™ e 31 At 2h B A7 5 T F) £F

%

3.1.2 &G -5 AREE AL BTN 7 3
EER A M- 2 K& & 770, 5O T E A
BiteNet, “”’. PepNN ", BiteNet, #l PepNN 7 Jj] /2

BT 3D A5 B 20 X 29 R 4o 40 X 0% g A ) A AR
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P BT I EE B R H UBE R . BiteNet, f1 PepNN
BRI G TR, H BiteNet, 2T = 4E 4
1) B bR e AT BB - 2 BK g5 A A R B,
PepNN N & Hi T — Fl A0 HLyE & JIBEEL (reciprocal
attention), 5 1 AN 8] 45 B a)

BiteNet, f&—Fii &+ Z5 4 (IR Z 2 A AL, il
oK 5 8 BT A5 A A H BRI ) = 4E BB COR R )
HAR-Z IR G AL BiteNet, ] FURHIEA AR
A 11 M %5 9 BB A AT T B RS AT web
k%545 . 5T M\ PDB & i F s FE Pk 2R B B
HR-ZMKEEVRAETRES, BERIIZ%G T —1
3D B RN X 45 1347 2 1 o - TG A 45 B o7 R FI0II AR
B, IR, X A E & R R K B A -
N FEEVEMBA N E A R-ZKE ST
B . BiteNet, f Fl 1 —Fft 5 T~ 5K &8 19 2% ) 2 11 JR
ditFRon, HBHMAZ 3D ERMEML, FIH
3D A AR 48 X 28 0 3 1 0T 45 M AT R R AR OR
B 85 (AT 3D on o, A E A i-2 ik
L5 LR AR bR S HL A5 70 o BiteNet, {8 145K
HIGR AR, BIFESE A -2 IKEE 4 ERoR (e &
H -/ T 2 AW B 250 JR 46 BiteNet, B,
T o X P I LR R R PR R AR A B . 1% ]
DL K HUBE 1 & A A s b AT PR i, A/ 24
B 1 s I 1a] g AT Ay A B B B 45

PepNN st — Fft ik - 55 44 A1 7 41 (1) 25 1 2 - 22 Ik
Sha AL RTIN T VE . B AR B BT - 2 IR ) £ A R
() — A 32 N M 2 2 K SR 1 S FEAE 45 G i R AR
IR RAGA, FIERX LR 2, PepNNIgH | —
PR B = 3B (reciprocal attention) , 7E 3 5%
X AR PR (] ] 2 B 22 R R AR 1 o Ak R ) i R
VPPN Z A S B3 . PepNN K iz AL H
HEMAEMEZER, FEAENSGNEHT® S
KIRANE E -2 IKE &5 BRI S . 7EIX I
Wi, EEBEE TESEE. THNEAR-E
H i 2 A YR A T AR S B 1440, 43 5l
FEOR T BT S5 A B T 7 81 1 FEAT 152 AL PepNN-
Struct A1 PepNN-Seq. T & F i -2 Ik & A P 5k
BN EL, PepNN-Struct Il PepNN-Seq fili il 1 5
TR WA TS IR I, ok
SR RN I P A PR ) . AR, PepNN (1) B B AT DA

VE 9 A0 BLVE B I LA B R B, i g ]
DL R F T 8 A B 08 0 22 1] ) 8 o6 &
DA AT DA B A A=W oy AR EAE L, LS
WA -5 AR A i -DNA A BAEH . 7RI
SeAE LR, A B4 S R AT DU I A A
HER AT, NS M B R ]
DA Sk 2k Ea S 2B RER, R RE
W B R B
3.1.3 &G R-HBRL AL BTN I ik

GraphBind 7' & — P 5= T 25 04 1) 2 1 -4 R
GEA AT TN A%, FE T B i A W 2%, BT
ZE IR ML (HGNN) 22> AR 40 BT S
WNFW, FHHF RN S &R AR,
GraphBind i1 A\ [ 45 1iF 60 45 5% 3 19 J5 5 55 AiE
DSSP. PSSM FIHMM, M T 45& 0 AR =%
SEHL EARAE RIS FE R PRSP, GraphBind B
S AR YR H bR R 1) 45 0 bR S B I A ) AR I A
K. K5, (M EREmE M5 5] 450 5 H AL
FEAE 1) R A B 2 AR B 2 iR N TR 45 6 (R AR &
YRR H bRk, e T H AR IR R R
Bt — N WIAA T RURRAE ) & B AL AR <7 E
TREEAE R oA A Y AR AR R AL B RN A
B, oA A B N R e R R SO R g
TR AU R IT R . 2 JE g —4
o 2 B & 25 ok 2 S] AR R JR i s, R T
SEOFRIETIN, HA i T E R, A
AR PR R ] B S AR R ke 2 ) H AR ik R I v 4 L AT
FAEYEALRFE . LA, GraphBind i F) F [T 1
T HEF T £ 4 GNN-blocks, 7840FIH T A
A block (15 B, BES B EEVE R M A, Sk
Ui, GraphBind [ fIt B 14 3= 22 3% BLTE W5 A 77 T -
OF T 450 B0 BEIR R IE A KR H bRk &
BN EE () JLART AN A ) BRA S S0 @ FE T 45
B HRHETT T, HGNN =& — P i 24 1) 2% > v g 10
(5%, RN, GraphBind tHH — &R MRME, %4
A5 P F500 ) &5 44 % 9 GraphBind F % N I £ B& K
GraphBind I PERE, XKW &S JLATEHRAE
o<, I LA &R HGNN JE % # % . GraphBind 7%
TR B — MR A 8 e B T, (AR 4
5B H R B .

GraphSite " & — M BT HI 1 7k, @ AE
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F AlphaFold2 TiIll () 45 ¥4 % DNA 45 & 5% 2 3547 4
iy W Ml . GraphSite 45 & T B Transformer #l
AlphaFold2 Tl () 8 B B 4544, I N H] T DNA 45
A HRFEM TR . GraphSite ¥ 45 A A7 £ T I 1] 8554
BT S5 6 AE 5%, T8 A Transformer 28 {4 4%
BRZBEARMAGMERE, R A e &
P 57 45 R A PR 6 e 3%, GraphSite A1 4% T 508 (1) 5%
FRAIMET SR TILEA TR SGE. B
k15, GraphSite 7£ 11 5 Transformer #1715 /)
SN, A T 27 8 A (multi-sequence
alignment, MSA) 15 B IG5 H15 Bk 14 H 5k 2 4
ik, FFad o vh A o 2 ik R R Ok 7 5 1 IR) bR
SRR R R . X A5 — AN FI A AlphaFold2 i
TN ) &85 ) R P 2 46 25 338 AT 2 11 I -DNA 456 467 R Tl
T TAE . Sk, GraphSite H0 kM 3 Z Ak
PLAEPAJ7TH . (DAlphaFold2 AT LATRM H 5 s i ==
M At @TES A FREE T 5 i, 454
TR ) PR B e 2% R 2 IR A R . R,
GraphSite 15 8 J) SR 47 (£ — 26/ IR 1%, GraphSite [1)
P B8R KRR B 57 B AlphaFold2 50 5 & (1§ .
TXA] DLE T A AE BT 07 ST AR R Sk A
e A5 T K 2 R TN B B R PR R R . 1E
GraphSite " [fJSCE 1, GraphSite F1 At Ak 2 7 1E7E
DMt 2E Test_129 b#E4T T Eb4. Horbr, GraphSite.
GraphBind fl NucBind #5 % ¥l HH 8 4F 0 L e, H
AUC 437715 0934, 0.928 F10.858. GraphSite i B
T AlphaFold2 il #l| 1) & & it 45 #) , f& 4
Transformer %} DNA 45 & 5k E 47 B0, METH
A7V TR KB eidt . GraphBind 1 3% F )2 1K
B M4 (HGNN) X 5 IR 4 & 15k A AT iR
Ao ZIVERARHAAE T I T4/ LT ERR
B8 7 HEMREE S, [FIB HGNN /2 —Fh & &4
28 ) e B, TR 45 G A R TLI H EN
A% NucBind /2T Fria A #) PSSM. HMM. Tl
DB — G250 . TIN5 He) S e AE X &5 & A s AT
TARLF T o
314 EZal-daTREFTRAKS L ERA
DELIA "7 J2& — i i 2 9% B 2 >0 1 B o -
B A 25 A Bk FE IO T 05 v o T IR N IR
PSSM. HMM. T Z4iH). AV, S-SITERHE

BT MM PR B HERE, RN Z 7R 7 — A
Al A% B web IR 45 8% . DELIA % it T — MRS
RIEME ML, KHT I — 45 E 5 3 T 45
P — AR s B R pE B AR B EAT RS . RN N 1 5
Ml &5 6 B R AR 25 6 TR 3k 2 TR) ™ B ) HUHE S P 1l
&%, DELIA it T /hMbE I RAE . BEHL R A
FIHE B B R0 SR R SG SR RY I HLAE U R
i LA BRI RIBCER . N T I R H TR K
B -TC AR 45 4 e TR ¥ TN 2%,  DELIA 2t
T R A A R I 4% R L ) K A I 2 A2 X 4%
(BiLSTM) [11VE & V% B A4 22 I 24 Sk A 3 55 o 2 1
B, AT 4T HVRFIE A B R0 o B B
ForBE B MR R B AR S MR BRI, RISH)Z
EARSH PG —XREZRMESEER. ATM
FRBSHE R 2 BE 2 15 5, DELIA i ] CNN
B B B R SR R S R, IF HLB TR B 4ok
FARTAEAM RO EZERR. RN, S5&%
ERIRAHLL, T 4EPE AR PR N R, X e i AP
T AR, R S A 2 )

LMetalSite " J& — F J& 7 ¥ &1 kb xF i 1t U
BioLiP Hig# WHIVUFF &8 &7 (Zn?*, Ca’*, Mg®*
FIMn?") Z5&47 5 1515 . LMetalSite F1| F 7l 25
()T 5 AR B R AR RS BB T AR, FRAE
F Transformer i SR A FEMK MK R o [F I R FH 2 4F
255 2 R UR AN R B R AR B v, R AN R 6 )
BT R N AEARIE, FRTE 2 A HE R 4R L
EUAS5 0 2 . LMetalSite F) F B¢ 3T 5 A 1 51 25
T8 5 M8 ProtTrans ) UBE G ERS 54 E R, 7
TS (A AR R BT E PSRN . HIE R H 2 4F
552, T RN SRECHE A R 0 B A b AR
AN [) 46 JeB B - 22 T) P P E AR Sk 3t — 20 1 vy Tl
g . EAfKK¥L, LMetalSite ff F§ Transformer %
H oS f Sy e =2 P 24 Sk A 3R B R T A R KRR
WO S L S5 & HL, SRS 8 H DY AN BT T A
A 2T H R 5 1 2 B A48 (MLP) R2: ) HF 8
SIRE TSGR, Mk, LMetalSite {YA#
HEB TS SIAS 7RG v Re GEB T B
(5E T 45/ J738), IX A B2 (6] I A ok 24 i 3 1 45
FIFIEE T P4 J7 150 SR PR 1%« [F] B LMetalSite BT K
FA I 2 AT 2% 2% 2] H R B i i3t — 20 4 v T i &
T G Ath 77 32 ) 22088 1 ARALES 7 2 Tl I AE R &R o
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4N, LMetalSite 47528 7 78 7] DAk (1) 2% (8], Gn ot
% 2] (meta-learning, & 172 7E 2 5 ) B Be oot
) BRI R T A AT 5 i) b A B B A
A, LMetalSite A] LA%S & 05 S 3T B IR R E -
3.1.5 $AE5- A0 FREEA G BuA

MTDsite “* J& — FH7 19 45 & O 55 T 2%, R
F ZAT 55 VR P 5 ST w5 T 1 51 K [ i o0 2
BE2NEES TR EAL S . MTDsite $it A
FEAE 4145 PSSM. HMM. SPIDER3. ¥ 71 0] J P
R HEf. SR ENIIREES IRk E
&, FIRZ 7R AT o] MRS . Eid A
JEDNA. RNA. Z kMBS & EEAM 4N )I1Z05,
MTDsite 7575 H I3 R4 B 3R1S T HEff A4
TR T HIEHRAT &, XWEE - MEHZ
AT 45 HE B[R B T30 22 A 29 7 45 & 0 s 7 . AR
MTDsite 1, AFRIFAES 2 MFLZ—NNL, HAH
fERE2E 2], IR A T B i S me 7y, ok
KA L IZ M4 (LSTMD 1E NI = R4 sk i 8 2
TR R KRR R B E R . [FIRE, B DY
[ (1) A2 8 MTDsite 23 53 1 25k 1 PYAS /N R RR 2 1

DeepDISOBind " J& —Ff Gl 7 (1118 & 2 4T 55 4¢
¥, AT LANER (55 51 HER TR 5 DNAL. RNA
ME ARG S MHNETLTFRXE (IDRs) . %J7E
I %1\ one-hot B 1 H1l o AH KT G0 5 R o3 AN 1
TGN PR TG P S R AT 4 A AL s TR
I H AR 4E T TR #m U AR RS A web iR 55 3R .
DeepDISOBind {k#i T — /M5 B F & M7 55, %
J7 3 B B — AN B 3T 1) 2 AT 45 VR T AR 4 ) 45 Ak B
I BLTE S5 22 238 Wi R S Ak, DT A e A5 X ) 45
Ao Ho MmN 2 SRR X B A AR S
HEWZE, %)= PR X 4 DNA F1RNA A
HAEHME . SHIEMRAIERH, 5B —(T5 R
b, XA AT B = ORI R BT 4 h it 1
il EREFENTN R RS, 2E5¥ ) BAEET
A8 F L RO SR TR AE 5% 5 SIAE 55 707 It — 4R
I RE, 27T DA B H A AT .

3.2 GOl
FATTHR 5 5 A5 2 10 AN TR0 8 11 5 GO Tl 14
TEHAT VB d, JFEED 70 5N

P4 bk

P&, FRSEHCA A& 1k

Jriks R 3G RPN 5 AT

) e
R3EH GO T Tk gy
Table 3 Summary of the latest GO prediction methods
D3k e FEAE B RETTRY
JEF¥%]  GOLabeler 2018 GO i, /¥ 4 % Lh A5 &, , 2 3L R = kAR (3 mer) , LTR S, C
HAZKIREE, 45T, ProFET 5 5115 iE
DeepGOPlus 2020 T3 HIAIEL P D RE(E & CNN S, C
TALE™ 2021  one-hot & 1541, GO JZ IR 45 HHLIE 7 #1 L ALh Transformer+CNN C
GAT-GO 2022 one-hotZ& [1/7°41 , PSSM, HMM, ESM-1b i A\ {55 &, GAT
DeeProtGO"? 2022 SeqVec /3 FI ik A J7° 5 HH AL # Fft 43 2 L InterPro R AN ) A A 42 ) 4% C
SR A RS B GO RS &
FFLE COFACTOR™! 2017 EAFH 45815 BRI PP 4% B LG R +45 44 Lo+ S
BT WA E T Re R A
DeepFRI 2021 ERUREMRE G S AR RRIE GCN S,C
TR DeepGO™ 2018  EHF,PPIRM LK CNN+JZ IR 4 T B v 22 I 24% S, C
NetGO 2019 GO, 5 51 % Az &, & IE R = L4 (3 men) , LTR S
EAZWAS B G IR A L5, ProFETSY 51l 454,
B TR AR 4%
NetGO2.0 2021 GO, & T 7 4145 &, 8 O FAH BAF F W4, LTR S
F7 A R SR, SCRRE B
S2F 2021 [EVEME B, HMMER $HE , InterPro F71E , #4045 &, label diffusion S.C
PPI 4 2%
DeepGraphGO 2021 InterPro 454 , PPI fY 4% GCN C

©S 1 C 45 3l 28 7% 9 T 25 2 ANEAR RS AT 11
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3.2.1 AT Hraeorix

GOLabeler ™ & — Fft I - 00l A 01 2 (1 i Ty
REMIF T, EER T SAHM KA, MR
PURFIE R AT IR, B4E GO UM 2 . 7 41 L X
QR =B (3 mer) FAEVIVEFFESE, [FB
IR R T A R B AR IF B R web iS5
#%. GOLabeler fE£: T Hf 7% 2] (LTR) [WAEZE
BEAT ISR, HAHER 5 2] AL 5 T i — FhE
X, T 2% FKINE R GOLabeler [ 1A
AR RAEHT % SI HERE T 8BS A KR B 5 T
FEAIRIE R . LTR AR, X T HE 44 BURH IE R
Aoz B HELZ N, mawsHeRd, efle
ZRNTX A FERAEE . LTR &l &N T M i HE
J> 5 4 OR8] %) R 26 P — 250 T K 1
WOy b A O, IS4 HE T 1 R AR AR R T
ToUI 45 7€ A9 B AH OC R TR R) . IXOE S 2 BR A
BH, BT AR, T ARG . LTR 7] LA
T I 0 A 25 HEAT HE 9 30 R A 4 SE R 0 bR 25 K i
POx KM, Kk, PLGOTUAFREE, DLEEN
i, A LAKE LTR N H T AH B (1) 8 3h Dy 6e i il
(automated function prediction, AFP) . % 4h,
LTR ) 55— AME 7 = IR 272 GOLabeler 1] LLA
RO R 2 AT FAIMAE R, XEFEEZEHA
[F R oy R8s (B Ay, b T AT i
ERHERA TFY.. Sk, ETFEANEA
Jii KA AFP (SAFP) J& — /N E B r) i, 292
BA =7k O4mm ik, @84 E
HEA V2% OFANEEGO % HEER
K. XS B &, GOLabeler #E4T T &% £
Bk, JRMEOL T BT . OFF A GO [ DAG 45
T A R GO ;. @il HE &), AT
BRI Z A9 @M LTR, VA EEsE
FEAEFM GO Wit .

DeepGOPlus ™ & — F 7 1) F 08 M 471 F30 )
HEBIIRERI TTE, FERFE G AR 4 X 45 15 7Y 15
TRAFRRIER TN AR 2 &, 2 A FR SRS b
IEE) TARIF B . DeepGOPlus 1 F (I4FAIEA 25 T
AR Thae 5 B, I x0Tk 2 A web Ik
#% . DeepGOPlus 7 2017 4F 4 H} ] DeepGO ™ & fil
AT T, SR T AR AR B RRE
RN 25 51 = 7 1R PR 1) o DeepGOPlus 155 244

i O\ B R M ) 2000 M LR (P 55 1 UniProt
H199% LA ERIFESD, [ I K 8 455 28 (10 28 Fg 47 2
dE, A F R % o B T K (1 7 0 R0 43 4 T /N ) AR
KIEATThEe W . 7EAEAYJ7 T, DeepGOPIlus 4 #f
28 W 25 T 5 56 T 7 A 1 T v S A, DA
MR E M AN EERGE. Sk,
DeepGOPlus /& — i M\ 2 11 )52 7 41 v 30l 2 1 )5 1)
Re P mER Y T E . FFolHh, DeepGOPlus X}
IR T A K B A RS, KT LT E A
JR Ty e I DR A RORE R R, X R T I AR ) A
Rt N . DeepGOPlus AN X & H 5 BT & 1 43
FAGAT AT B 15, DRI abe AT DA 47 7 56 IR 4 2 1) T i
5. BE4h, DeepGOPlus i i &g bR,  RI {78 B A
CPU FHEEFE LB MERI T AN E A, XE
FLRB Ak — 0 B T %% R TR 2H 2% UK & R RN 1) Rg
HEHBMEEH .

GAT-GO " & — 5 T B VE M 4% (graph
attention network, GAT) M) J7i%, 7 DL i F)
THI ) 25 7645 B AN R 3 BT A1 B R ONAE B R R TR
PR AR IIRE R TN EE 17 . GAT-GO f# F (1 4F1E
4 one-hot £ [ /7% . PSSM. HMM £l ESM-1b ik
A5 B . GAT-GO i Fi] RaptorX "™ F3l () & 1 Ji (1)
aE R {5 ., It H Facebook [ ESM-1b ™ A= g H
NG B BRI O S5 I E A i 51—
FEBARHITE LT, GAT-GO AL TAE L3 T 7
JEVE R BVE, W BLAST U7 FLURG (1R FE 2 1 JF
2 BT I T P Y ER R T GCN AEE R
NS BAE B D RE T 7 A A, (R 5AY
T FARINEME, BN SHEE R . GAT-GO
5 GCN J7 % DeepFRI ™ [ AN Al Z A 7E T« GAT-
GOl 7 GAT ™ R E £ 4 1) GCN,  GAT 1] LLid
It E R AU REAT RS I SRR AE R Ak 1 5
A . BbAh, GAT-GOff Fl 1 #14hith ik B sz
PUTE S R oRAE, IR AR AR ). EiT
SEG TP AVRHE . B E R NAS S AN Ak 5k R 2% fih T
GAT-GO 1] DL M Jm B A1 4 R 45 S5 R F00 25 14 5 Th g
M, TP A7 AN GE R B ) 45+ (5 5
IR AN 38 T b BE 554 A 1 255 510 AS R AL A6 I e
Ho [FRF, GAT-GO ¥ Al F E & K1 % 5 D5 2 %L
I8 T2 R A P T B 5 ) o T 1) 22 PP B X, A
T 94T 18 2RI B 2 P 7 B R
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3.2.2 AT LMy Ix

DeepFRI ™Y j& —F 5t T EIBFML (GCN) 1)
5T D RE TR AR I AR o b D RE DX T v
PR TR BE T BE 5% 25 7 il (deep functional residue
identification, DeepFRI) . DeepFRI i A [ 4 1iE £
0 T 4 Ak RN O AR AE, O HL R Tt
1 F Y web IR 45 2%« DeepFRIE i A1 F M 2R (A i i
&N 5 45 4 5 B B AR R TR B
B hae, BARERZEMRE ), I H K
T R ARSI B T A A HEER B TN . DeepFRI A
B AW BEREREN, BEORSGMWAkKA
WA ZR . HAE % 0 R HE & BRI 7 81 R R
ERHIN, FERIR N 3D 251 2 FE IR AH AR
Bl o R U A O AR A A2 DAE I 3T B B
SRS, i F AN FE ) Re W A RAE
oy tex . EmEA BRI IR E R, P
P AR 3 4% s ek # . [Rltk, DeepFRI ) — /N E
BLAR 2 A % 3 i 52 BRI 51 A4 R 4 R R AE
HEAT R YR EE X Y D RE TR . 82, DeepFRI
R T — M E AR B RE (F
F J5i 235 ) T A0 2 13 5T Dl A T D B &R R 1 U
%o DeepFRUKH IR % 2] 5ok ik 2 11 w] H 7 41 A
SER AR IR R OR, A AT R L AN BT K 1 B
L B HE R PR, D FRATT R B 1 s AR
ZFEESE A 7T WL
3.2.3 A TMLu ik

NetGO P¥ & —AN el i % 4 iy & 2 1 -2
15 W 2% 15 8ok gk — 20 42 v KR R (A1 i B 3 )
RETIM (AFP) MERER Web IR55 2% . Z LM
FRIEELFE GO WM. JPAIx LB B IR =Bk
(B mer). HAXGFER. 5 EEF . ProFET
FPAVRRAE . B E U BAE 4% . NetGO 5 A
SRR 0 B T I 4% (1) {5 2 8 & 31 GOLabeler AE 42
Hpe B T $R K R AEE AFP (e, B
HA LT 37 H: ONetGO IR EENL A 21 58 K1
Hep 5 SIHESE, FARACES T & BT 51 A0 2%
fE5R: @NetGOFIH T STRING 4 g fir /5 47 Fi
CRT20000 HfgmEMe(E e, mAMNAE — L
SE B @RISR AN 8 8 AN L 7E STRING
H1, NetGO 1588 v] DL X 28 45 J2 38 1 [A) 5 % 7
KFEREEE . NetGO ¥ W 2% {5 B 5 H AR AL (1

B E, ST HFREa R, H
BT H AR B — A AESE T, 7R R AR
W28 1) 25 & S e R AR T R i e RE . A
NetGO M 25 ik 55 # 1a A7 3 BEAR, B a4k 5t
EA KB A IR WO, A — K s PE AR Web
M55 2%, H4h, 782021 SEZ B ASR H T Fr iR A
NetGO 2.0 ™, H:AE NetGO HIFERE F, ¥ i % 4
(=] VA 45 30 (1) SCHERAS 2 R0 AG 2R 0 28 ) 2% 32 B 1) 7 41
GEREMANELE . LIEREY], NetGO 2.0 FEAED)
IR (BP) M4Ifisr (CC) FAME R
BT NetGO. #—H 73 Hr, NetGO 2.0 f Lk 4
ek M. OFIME B H A BT AFP, NetGO
2.0 — 454 7 SwissProt Y o iE i 3B 4 0] 1 F
BB B BN B 5T B SCHRE B RNN 135 7E 7
HIME R, X EAE B BT HR AL ST AFP 1 1
Ae: @PhEe W2 ] DL — 20 3 U RR 8 AE 7 41 v Y
m G R @HE T 2% SIHEZE AT DUR 47 b 4 R 1
ZHEAMJTiE. £ NetGO 2.0 * & 11, NetGO 2.0
A A A2 7 EAE MR EE  (testing data) _FiEAT T
EL#:, NetGO 2.0. NetGO Fl GOLabeler 415 3] T
AP IERE . Hd, NetGO 2.0 ff) MFO (AUPR) .
BPO (AUPR) #1 CCO (AUPR) 4} 5l & 0.655.
0.269 £10.593; NetGO 77 71 9 0.653. 0.239 #10.583;
GOLabeler ] 73 51l & 0.647.0.193 #10.193. NetGO 2.0
JEAE NetGo AL E, MA T SCHRE BG4
MR I P AIE S, ik — B 7R
PERE. GOLabeler M| & 7EHE /7 52 S IHESE N &S A
FRM T P A0 R, B RFE A 45 GO
WU FPAI e . B =k (3 mer) IR
Vo B R I S, AE SR 8 BT D R T U7 TR AR 4 1)
PERE.

S2F M 2 — i i 5 10 T I %A A 1 T A
F DI RE I 7, 3 3 BEEAR 2 R G R D e A
K Hm A A W e 7% 205000 7 A=, AT
A LU AR 2L 3% 51k . S2F 5N T — M B b
BYEUEVE, WTUMBE RGN ED R E
BIEMLF I ES (overlapping) AUMN. S2F H# K
AR EIEN T R A FHME BT H A&,
T 2 G A 3 B AR ) 1) T e S SR N 4%
) FH 3K 1 X 2 >k 2 G A 3 5 0 o [ U M BT 1R
) B TR R AE SR A 1) — S WD 1 GO bR 2. i



%£4% www.synbioj.com 501

[ S E =V GO bk = A R o R S
JiiE, S2F@d — AN EOE R, R FUE(E B AR
il ) B 1 ORI DA R () A P e A A A
BAMMMATE—. [FE, S2F vt 2> 3
)R B AR W 2 AT e tb &, HAETES
GeneMANIA ™t ff Fl B J7 VA K40, (H'E L 2%
S]IX A VEAEE, T AR T W46 1 O R0 D) B A
2% S

DeepGraphGO ™ #i& Hy T — i 22 T iy 21 oy (1) 22
VIFhE R A 2% AFP 715, AR FIH T &
5T 7 #1 A B 0 X2 A R, H 2 R R
W& SR VEXT BT A DA IS — AN B — B, X A{E 45
DeepGraphGO LL I A J7 A 5 2 Il 2R FE A .
DeepGraphGO J& — Ff ¥ W B IR B 2% 21 7 ik, 1@
i P A 2 ) 2 0[] B R R B R AT ) 2 S
B, JFHEA3INEERA: OFEARERRZH
InterPro % #% % ) 4= %, InterPro 4% & 7 Pfam "',
SUPERFAMILY "', CATH-Gene3D " il CDD *”’
S1ANAF I, R T EARK. 4R
MK 745 Z MR BB ) BE {5 B o @DeepGraphGO
AEZAEBERMEMY% (GCN) JZ. GNN S
TFRMAT&MAES, Wy sk BERETU . Y
BRSSP, GON & —Fh LR ) GNN, &
A LU — A GON 23R S R os A &
IR T AR S K R . 1 7£ DeepGraphGO
HFEH 722 GCN, A B TR s 2 8 1 m by
BE, IR . @DeepGraphGO EH £ W)
2K #& . DeepGraphGO f H B A3 0 F 1 £x H it A
PR — R — LA, X R RN 2 1) Fh 26 0 1
TES UL ET BRI TAEMEE, el
FI B 2 (0 2040 SRk B 4F i MERE . R R T
Bl 8= PRy &I UK /I L WA

4 e RE

KWL EHRNAT H5EARI BN A X
f) 4% 2 (PDB. BioLiP. UniProt. GO Hl GOA
W), SRIGAE T W RRE . 2 J5 AR i A4
ALy BT BB I B TR 45 o A T g v
HARWHEHMEENATETFH . ETFEWM
BT M1 8 A R GO ThRE TR 77 i

SRR, B T S A AL A TR 5 R T R
S REET PP AI RN T A k. BT R ATy
%R T B AT R AT IO, H T4
AR FE 0V 7R A R A BEA AN AT T F1 rp i 5
MR, RS R G5 R U R ORI, BT A
() T3 VAR T T S5 M I 7 ik RE B2 B —E TR
il o BT S5 R 7V T 4y B TR I U
T WL I W 7 R & Tk . TR 7 1%
T AT R T R, SR T T AN AR LE = R
BRI A, B TR 1) 5 v e
BAK, XA 5ROk EEE TR Y,
B AN SHERE R BT 4MIMILEE
2177k IR A 5 S5 A SR I LT RAAE , S8 )5 ¥
Fomk B pp 2 W 4, B0 B 45 I8 B R 45 M 11
R SCRN R, I8 i 0 o 0 7 ST IR
BT G5 K AR A 77 2 WU [R] B 4 BT R T AR R
TR E ML X T2 TR,
TR TR R, AE X b 7 52 IR T S5
MAKEARSHNEE, REHTREATH=
P E R . B E B GO Yy RE T ) 5 V5 4% 1R
i HE BRI REn] LAy N Ak TP 41 . T 45
FIFNEE T W 48 1 7k o R 2 30k T 17 41 16 07 R
FRF AL, 27 03, B R IR 5 )
R R 0 M R AR R AT T . H AT TR A
IR AR, M TRET RIS, T
S5 K (1) T A% R AR B B 1 o 45 A 3R AT GO D e il
W, BAEEEAWERE. it 3T Mgk
I FH A= 4 X 5% v 3 2 1 2R 1 J5R AT R B A A TR 2 R
(1 S 2 27 AT TR

R E AR ) i o ek s T
IRBFI R, B SR ATYIRAFAE — L8 A] DA LS (1 4 7
S, (EXE E R )R AT TN, A RIEC AR 2
MAFERAERR, MEOMZKLEAFEEE
T2, PRy DA 2 AT 45 25 2] 4 v T o &
SR BB B FL R B, Jo e 2] ) AT AR 4 Hb
S FHAE 2 AT 55 1) b, I B8 DRUd & N 4R 25 A TR
AR FATE 5%, PRt mr BA Sl fs ) oo 2 ) gt — P 4
FHRERIERE . Ok, BT IES MMM
28 AUE B 0 45 & A s 8 A A, 40 GraphSite .
1M ESMfold ** S5 iiF B3 B A Fl AlphaFold2 ** AH iz
(R HE Al 2, TR AT DA B ESMFold FR i AE B i it



502 BRENZ

£4%E

HEYEAE N, IR B LA S ) B R A 4 4
M5 S, W GVP " Fl Graph Transformer ¥ 25, D)
BERPE T VR R o RIS, O0F T s A 5 1 ] A
AT DL S0 0 R RE B AR I AR e o X Bl A 5]
e PR B ) 5, TR A B AR
THEOLT,  LEABE A 5 5T [H) 28 Bai 2 TR) %) A ALl AN AN [
B 2 1) IR 22 Sk, AT 2% ) s 1 — MRORRAIE
H AT G 2 23 7 kg B 2 1 8 E B GO Tl 4
B9, FEAEF PPI M4 T GO B, B LUK X bh 2
SIS T PPLIN 2%, DU KA X 2% 208 & 2 [ 1) ) i
A, P E e RE . Ak, HEREE
FAR P AT LA N B — @, H ARG 259
A B . v LUR R & A 45 A AL s LA GO
TR 2 18] 9% 22, s A [ B0 A4 1 45 6 A R
TS B AE A GO B R RRAE, 3 — 2 3 5 RHER
N, PEmETERE. AR, AT DU — 5 0 I R
fEME EoRPE R TR Re, BLIG AV B . Z
R, FERREG RS, @B & A RET N
FERREL, BRARREARIIGERNETK R,
B Ll AT T

& % X W

[1] EISENBERG D, MARCOTTE E M, XENARIOS I, et al. Pro-
tein function in the post-genomic era[J]. Nature, 2000, 405
(6788): 823-826.

[2] RADIVOJAC P, CLARK W T, ORON T R, et al. A large-scale
evaluation of computational protein function prediction[J]. Na-
ture Methods, 2013, 10(3): 221-227.

[3] ISRALEWITZ B, BAUDRY J, GULLINGSRUD J, et al.
Steered molecular dynamics investigations of protein function[J].
Journal of Molecular Graphics & Modelling, 2001, 19(1): 13-25.

[4] KLEPEIS J L, LINDORFF-LARSEN K, DROR R O, et al.
Long-timescale molecular dynamics simulations of protein
structure and function[J]. Current Opinion in Structural Biolo-
gy, 2009, 19(2): 120-127.

[S] PIERRI C L, PARISI G, PORCELLI V. Computational ap-
proaches for protein function prediction: a combined strategy
from multiple sequence alignment to molecular docking-based
virtual screening[J]. Biochimica et Biophysica Acta (BBA) -
Proteins and Proteomics, 2010, 1804(9): 1695-1712.

[6] YUAN Q M, CHEN S, RAO J H, et al. AlphaFold2-aware pro-

tein-DNA binding site prediction using graph transformer[J].

(7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

Briefings in Bioinformatics, 2022, 23(2): bbab564.

XIAY, XIA C Q, PAN XY, et al. GraphBind: protein structural
context embedded rules learned by hierarchical graph neural
networks for recognizing nucleic-acid-binding residues[J]. Nu-
cleic Acids Research, 2021, 49(9): e51.

YUAN Q M, CHEN J W, ZHAO H Y, et al. Structure-aware
protein-protein interaction site prediction using deep graph con-
volutional network[J]. Bioinformatics, 2021, 38(1): 125-132.
KULMANOV M, HOEHNDORF R. DeepGOPlus: improved
protein function prediction from sequence[J]. Bioinformatics,
2020, 36(2): 422-429.

ZHANG J, KURGAN L. Review and comparative assessment
of sequence-based predictors of protein-binding residues[J].
Briefings in Bioinformatics, 2018, 19(5): 821-837.
KUZMANOV U, EMILI A. Protein-protein interaction net-
works: probing disease mechanisms using model systems[J].
Genome Medicine, 2013, 5(4): 37.

WELLS J A, MCCLENDON C L. Reaching for high-hanging
fruit in drug discovery at protein-protein interfaces[J]. Nature,
2007, 450(7172): 1001-1009.

LI'Y W, GOLDING G B, ILIE L. DELPHI: accurate deep en-
semble model for protein interaction sites prediction[J]. Bioin-
formatics, 2021, 37(7): 896-904.

ABDIN O, NIM S, WEN H, et al. PepNN: a deep attention
model for the identification of peptide binding sites[J]. Com-
munications Biology, 2022, 5: 503.

CHEN J W, XIE Z R, WU Y H. Understand protein functions
by comparing the similarity of local structural environments[J].
Biochimica et Biophysica Acta (BBA) -Proteins and Pro-
teomics, 2017, 1865(2): 142-152.

LIN'Y F, CHENG C W, SHIH C S, et al. MIB: metal ion-bind-
ing site prediction and docking server[J]. Journal of Chemical
Information and Modeling, 2016, 56(12): 2287-2291.

XIA C Q, PAN X Y, SHEN H B. Protein-ligand binding resi-
due prediction enhancement through hybrid deep heteroge-
neous learning of sequence and structure data[J]. Bioinformat-
ics, 2020, 36(10): 3018-3027.

YANG J Y, ROY A, ZHANG Y. Protein-ligand binding site rec-
ognition using complementary binding-specific substructure
comparison and sequence profile alignment[J]. Bioinformatics,
2013, 29(20): 2588-2595.

HU X Z, DONG Q W, YANG J Y, et al. Recognizing metal and
acid radical ion-binding sites by integrating ab initio modeling
with template-based transferals[J]. Bioinformatics, 2016, 32
(21): 3260-3269.



% 4% www.synbioj.com

503

[20]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

ASHBURNER M, BALL C A, BLAKE J A, et al. Gene ontolo-
gy: tool for the unification of biology[J]. Nature Genetics,
2000, 25(1): 25-29.

DAVIS J, GOADRICH M. The relationship between Precision-
Recall and ROC curves[C]//Proceedings of the 23rd interna-
tional conference on Machine learning. June 25-29, 2006, Pitts-
burgh, Pennsylvania, USA. New York: ACM, 2006: 233-240.
CONESA A, GOTZ S, GARCIA-GOMEZ J M, et al
Blast2GO: a universal tool for annotation, visualization and
analysis in functional genomics research[J]. Bioinformatics,
2005, 21(18): 3674-3676.

YOU R H, ZHANG Z H, XIONGYY, et al. GOLabeler: improv-
ing sequence-based large-scale protein function prediction by
learning to rank[J]. Bioinformatics, 2018, 34(14): 2465-2473.
LI H. A short introduction to learning to rank[J]. IEICE Trans-
actions on Information and Systems, 2011, E94-D(10): 1854-
1862.

CAO Y, SHEN Y. TALE: Transformer-based protein function
Annotation with joint sequence-Label Embedding[J]. Bioinfor-
matics, 2021, 37(18): 2825-2833.

GLIGORIJEVIC V, DOUGLAS RENFREW P, KOSCIOLEK
T, et al. Structure-based protein function prediction using
graph convolutional networks[J]. Nature Communications,
2021, 12:3168.

OLIVER S. Guilt-by-association goes global[J]. Nature, 2000,
403(6770): 601-602.

YOU R H, YAO S W, XIONG Y, et al. NetGO: improving
large-scale protein function prediction with massive network
information[J]. Nucleic Acids Research, 2019, 47(W1): W379-
W387.

SZKLARCZYK D, GABLE A L, NASTOU K C, et al. The
STRING database in 2021: customizable protein-protein net-
works, and functional characterization of user-uploaded gene/
measurement sets[J]. Nucleic Acids Research, 2021, 49(D1):
D605-D612.

YAO S W, YOU R H, WANG S J, et al. NetGO 2.0: improving
large-scale protein function prediction with massive sequence,
text, domain, family and network information[J]. Nucleic Ac-
ids Research, 2021, 49(W1): W469-W475.

WANG S Y, LIANG K, HU Q S, et al. JAK2-binding long non-
coding RNA promotes breast cancer brain metastasis[J]. The
Journal of Clinical Investigation, 2017, 127(12): 4498-4515.
TIRALONGO J, COOPER O, LITFIN T, et al. YesU from Ba-
cillus subtilis preferentially binds fucosylated glycans[J]. Sci-
entific Reports, 2018, 8: 13139.

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

KUMAR R, CORBETT M A, VAN BON B W M, et al.
THOC2 mutations implicate mRNA-export pathway in X-
linked intellectual disability[J]. The American Journal of Hu-
man Genetics, 2015, 97(2): 302-310.

SCHMIDTKE P, BARRIL X. Understanding and predicting
druggability. A high-throughput method for detection of drug
binding sites[J]. Journal of Medicinal Chemistry, 2010, 53(15):
5858-5867.

XU M Y, RAN T, CHEN H M. De novo molecule design
through the molecular generative model conditioned by 3D in-
formation of protein binding sites[J]. Journal of Chemical In-
formation and Modeling, 2021, 61(7): 3240-3254.
HEFFERNAN R, YANG Y D, PALIWAL K, et al. Capturing
non-local interactions by long short-term memory bidirectional
recurrent neural networks for improving prediction of protein
secondary structure, backbone angles, contact numbers and sol-
vent accessibility[J]. Bioinformatics, 2017, 33(18): 2842-2849.
ALTSCHUL S F, MADDEN T L, SCHAFFER A A, et al.
Gapped BLAST and PSI-BLAST: a new generation of protein
database search programs[J]. Nucleic Acids Research, 1997, 25
(17): 3389-3402.

SUZEK B E, HUANG H Z, MCGARVEY P, et al. UniRef:
comprehensive and non-redundant UniProt reference clusters[J].
Bioinformatics, 2007, 23(10): 1282-1288.

REMMERT M, BIEGERT A, HAUSER A, et al. HHblits: light-
ning-fast iterative protein sequence searching by HMM-HMM
alignment[J]. Nature Methods, 2012, 9(2): 173-175.

MIRDITA M, VON DEN DRIESCH L, GALIEZ C, et al. Uni-
clust databases of clustered and deeply annotated protein se-
quences and alignments[J]. Nucleic Acids Research, 2017, 45
(D1): D170-D176.

MEILER J, MULLER M, ZEIDLER A, et al. Generation and
evaluation of dimension-reduced amino acid parameter repre-
sentations by artificial neural networks[J]. Molecular Modeling
Annual, 2001, 7(9): 360-369.

RIVES A, MEIER J, SERCU T, et al. Biological structure and
function emerge from scaling unsupervised learning to 250 mil-
lion protein sequences[J]. Proceedings of the National Acade-
my of Sciences of the United States of America, 2021, 118(15):
€2016239118.

ELNAGGAR A, HEINZINGER M, DALLAGO C, et al.
ProtTrans: towards cracking the language of life's code through
self-supervised deep learning and high performance computing
[EB/OL]. arXiv, 2020: 2007.06225[2023-02-01]. https://arxiv.
org/abs/2007.06225.



504 BRENE F4E
[44] KABSCH W, SANDER C. Dictionary of protein secondary [56] YU D J, HU J, YANG J, et al. Designing template-free predic-
structure: pattern recognition of hydrogen-bonded and geomet- tor for targeting protein-ligand binding sites with classifier en-
rical features[J]. Biopolymers, 1983, 22(12): 2577-2637. semble and spatial clustering[J]. IEEE/ACM Transactions on
[45] POROLLO A, MELLER J. Prediction-based fingerprints of Computational Biology and Bioinformatics, 2013, 10(4): 994-
protein-protein interactions[J]. Proteins: Structure, Function, 1008.
and Bioinformatics, 2007, 66(3): 630-645. [571 ROY A, YANG JY, ZHANG Y. COFACTOR: an accurate com-
[46] ZHANG J, KURGAN L. SCRIBER: accurate and partner type- parative algorithm for structure-based protein function annota-
specific prediction of protein-binding residues from proteins se- tion[J]. Nucleic Acids Research, 2012, 40(W1): W471-W477.
quences[J]. Bioinformatics, 2019, 35(14): 1343-1353. [58] OFER D, LINIAL M. ProFET: feature engineering captures
[47] ZENG M, ZHANG F H, WU F X, et al. Protein-protein interac- high-level protein functions[J]. Bioinformatics, 2015, 31(21):
tion site prediction through combining local and global fea- 3429-3436.
tures with deep neural networks[J]. Bioinformatics, 2020, 36 [59] KOZLOVSKII I, POPOV P. Protein-peptide binding site detec-
(4): 1114-1120. tion using 3D convolutional neural networks[J]. Journal of
[48] GAINZA P, SVERRISSON E, MONTIF, et al. Deciphering in- Chemical Information and Modeling, 2021, 61(8): 3814-3823.
teraction fingerprints from protein molecular surfaces using [60] CHO K, VAN MERRIENBOER B, GULCEHRE C, et al.
geometric deep learning[J]. Nature Methods, 2020, 17(2): Learning phrase representations using RNN encoder-decoder
184-192. for statistical machine translation [EB/OL]. arXiv, 2014:
[49] TAHERZADEH G, YANG Y D, ZHANG T, et al. Sequence- 1406.1078[2023-02-01]. https://arxiv.org/abs/1406.1078.
based prediction of protein-peptide binding sites using support [61] GRAVES A. Long short-term memory[M]//Studies in Compu-
vector machine[J]. Journal of Computational Chemistry, 2016, tational Intelligence: Supervised sequence labelling with recur-
37(13): 1223-1229. rent neural networks. Berlin, Heidelberg: Springer Berlin Hei-
[50] ZHAO ZJ, PENG Z L, YANG ] Y. Improving sequence-based delberg, 2012: 37-45.
prediction of protein-peptide binding residues by introducing [62] LECUN Y, BENGIO Y. Convolutional networks for images,
intrinsic disorder and a consensus method[J]. Journal of Chemi- speech, and time seriesfM/OL]//The handbook of brain theory
cal Information and Modeling, 2018, 58(7): 1459-1468. and neural networks. Cambridge, MA, USA: MIT Press, 1995
[51] WARDAH W, DEHZANGI A, TAHERZADEH G, et al. Pre- [2023-02-01]. https://citeseerx. ist. psu. edu/viewdoc/download;
dicting protein-peptide binding sites with a deep convolutional jsessionid=0B925DD52A8A879C47A4032DECICESE4? doi=
neural network[J]. Journal of Theoretical Biology, 2020, 496: 10.1.1.32.9297 &rep=rep 1 &type=pdf.
110278. [63] YUAN Q M, CHEN S, WANG Y, et al. Alignment-free metal
[52] ZHUY H, HU J, SONG X N, et al. DNAPred: accurate identi- ion-binding site prediction from protein sequence through pre-
fication of DNA-binding sites from protein sequence by ensem- trained language model and multi-task learning[J]. Briefings in
bled hyperplane-distance-based support vector machines[J]. Bioinformatics, 2022, 23(6): bbac444.
Journal of Chemical Information and Modeling, 2019, 59(6): [64] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all
3057-3071. you need. Advances in neural information processing systems[C/
[53] SU H, LIU M C, SUN S S, et al. Improving the prediction of OL]//Advances in Neural Information Processing Systems 30-
protein-nucleic acids binding residues via multiple sequence NeurIPS 2017[2023-02-01]. https://proceedings. neurips. cc/paper/
profiles and the consensus of complementary methods[J]. Bio- 2017/file/3f5ee243547dee911bd053c1c4a845aa-Paper.pdf.
informatics, 2019, 35(6): 930-936. [65] ZHENG SJ,RAOJ H, ZHANG ZY, et al. Predicting retrosyn-
[54] WU Q, PENG Z L, ZHANG Y, et al. COACH-D: improved thetic reactions using self-corrected transformer neural net-
protein-ligand binding sites prediction with refined ligand-bind- works[J]. Journal of Chemical Information and Modeling,
ing poses through molecular docking[J]. Nucleic Acids Re- 2020, 60(1): 47-55.
search, 2018, 46(W1): W438-W442. [66] FINN C, ABBEEL P, LEVINE S. Model-agnostic meta-learn-
[55] ZHANG J, CHEN Q C, LIU B. NCBRPred: predicting nucleic ing for fast adaptation of deep networks[C]//Proceedings of the

acid binding residues in proteins based on multilabel learning([J].

Briefings in Bioinformatics, 2021, 22(5): bbaa397.

34th International Conference on Machine Learning-Volume

70. August 6-11, 2017, Sydney, NSW, Australia. New York:



% 4% www.synbioj.com

505

[67]

[68]

[69]

[70]

[71]

[72]

(73]

[74]

[75]

[76]

[77]

(78]

[79]

[80]

ACM, 2017: 1126-1135.

WANG J H, ZHENG S J, CHEN J W, et al. Meta learning for
low-resource molecular optimization[J]. Journal of Chemical
Information and Modeling, 2021, 61(4): 1627-1636.

SUN Z, ZHENG S J, ZHAO H Y, et al. To improve prediction
of binding residues with DNA, RNA, carbohydrate, and pep-
tide via multi-task deep neural networks[J]. IEEE/ACM Trans-
actions on Computational Biology and Bioinformatics, 2022,
19(6): 3735-3743.

ZHANG F H, ZHAO B, SHI W B, et al. DeepDISOBind: accu-
rate prediction of RNA-, DNA- and protein-binding intrinsical-
ly disordered residues with deep multi-task learning[J]. Brief-
ings in Bioinformatics, 2022, 23(1): bbab521.

ZHANG Y, YANG Q. An overview of multi-task learning[J].
National Science Review, 2018, 5(1): 30-43.

CARUANA R. Multitask learning[J]. Machine Learning, 1997,
28(1): 41-75.

MERINO G A, SAIDI R, MILONE D H, et al. Hierarchical
deep learning for predicting GO annotations by integrating pro-
tein knowledge[J]. Bioinformatics, 2022, 38(19): 4488-4496.
ZHANG C X, FREDDOLINO P L, ZHANG Y. COFACTOR:
improved protein function prediction by combining structure,
sequence and protein-protein interaction information[J]. Nucle-
ic Acids Research, 2017, 45(W1): W291-W299.

KULMANOV M, KHAN M A, HOEHNDORF R. DeepGO:
predicting protein functions from sequence and interactions us-
ing a deep ontology-aware classifier[J]. Bioinformatics, 2018,
34(4): 660-668.

LAI B Q, XU J B. Accurate protein function prediction via
graph attention networks with predicted structure information[J].
Briefings in Bioinformatics, 2022, 23(1): bbab502.

XU J B, MCPARTLON M, LI J. Improved protein structure
prediction by deep learning irrespective of co-evolution infor-
mation[J]. Nature Machine Intelligence, 2021, 3(7): 601-609.
ALTSCHUL S F, GISH W, MILLER W, et al . Basic local
alignment search tool[J]. Journal of Molecular Biology, 1990,
215(3): 403-410.

VILLEGAS-MORCILLO A, MAKRODIMITRIS S, VAN
HAM R C H J, et al. Unsupervised protein embeddings outper-
form hand-crafted sequence and structure features at predicting
molecular function[J]. Bioinformatics, 2021, 37(2): 162-170.
VELICKOVIC P, CUCURULL G, CASANOVA A, et al.
Graph attention networks[EB/OL]. arXiv, 2017[2023-02-01].
https://arxiv.org/pdf/1710.10903.pdf.

LEEJY, LEE 1Y, KANG J W. Self-attention graph pooling[C/

(81]

[82]

[83]

[84]

[85]

(86]

[87]

[88]

(89]

[90]

[91]

[92]

OL]// Proceedings of the 22nd international conference on Ma-
chine learning, 9-15 June 2019, Long Beach, California, USA,
97:3734-3743[2023-02-01]. https://proceedings. mlr. press/v97/
lee19c.html.

BOUTET E, LIEBERHERR D, TOGNOLLI M, et al. Uni-
ProtKB/Swiss-prot, the manually annotated section of the Uni-
Prot KnowledgeBase: how to use the entry view[M]//Plant Bio-
informatics. New York: Springer New York, 2016: 23-54.
TORRES M, YANG H X, ROMERO A E, et al. Protein func-
tion prediction for newly sequenced organisms[J]. Nature Ma-
chine Intelligence, 2021, 3(12): 1050-1060.

MOSTAFAVI S, RAY D, WARDE-FARLEY D, et al. Gene-
MANIA: a real-time multiple association network integration
algorithm for predicting gene function[J]. Genome Biology,
2008, 9(Suppl 1): S4.

YOU R H, YAO S W, MAMITSUKA H, et al. DeepGraphGO:
graph neural network for large-scale, multispecies protein func-
tion prediction[J]. Bioinformatics, 2021, 37(Supplement 1):
i262-i271.

KIPF T N, WELLING M. Semi-supervised classification with
graph convolutional networks[EB/OL]. arXiv, 2016: 1609.02907
[2023-02-01]. https://arxiv.org/abs/1609.02907.

MITCHELL A L, ATTWOOD T K, BABBITT P C, et al. Inter-
Pro in 2019: improving coverage, classification and access to
protein sequence annotations[J]. Nucleic Acids Research,
2019,47(D1): D351-D360.

FINN R D, COGGILL P, EBERHARDT R Y, et al. The Pfam
protein families database: towards a more sustainable future[J].
Nucleic Acids Research, 2016, 44(D1): D279-D285.

OATES M E, STAHLHACKE J, VAVOULIS D V, et al. The
SUPERFAMILY 1.75 database in 2014: a doubling of data[J].
Nucleic Acids Research, 2015, 43(D1): D227-D233.

LEWIS T E, SILLITOE I, DAWSON N, et al. Gene3D: exten-
sive prediction of globular domains in proteins[J]. Nucleic Ac-
ids Research, 2018, 46(D1): D1282.

MARCHLER-BAUER A, BO Y, HAN LY, et al. CDD/SPAR-
CLE: functional classification of proteins via subfamily do-
main architectures[J]. Nucleic Acids Research, 2017, 45(D1):
D200-D203.

ZHOU J, CUI G Q, HU S D, et al. Graph neural networks: a re-
view of methods and applications[J]. AT Open, 2020, 1: 57-81.
LIN Z M, AKIN H, RAO R S, et al., Language models of pro-
tein sequences at the scale of evolution enable accurate struc-
ture prediction [EB/OL]. bioRxiv, 2022[2023-02-01]. https://
www.biorxiv.org/content/10.1101/2022.07.20.500902v 1.



506

BENZF

£4%E

[93]

[94]

[95]

[96]

[97]

JUMPER J, EVANS R, PRITZEL A, et al. Highly accurate pro-
tein structure prediction with AlphaFold[J]. Nature, 2021, 596
(7873): 583-589.

JING B W, EISMANN S, SURIANA P, et al. Learning from
protein structure with geometric vector perceptrons|[EB/OL].
arXiv, 2020: 2009.01411[2023-02-01]. https://arxiv.org/abs/
2009.01411.

YUN S J, JEONG M Y, KIM R Y, et al. Graph transformer net-
works[C/OL]//Advances in Neural Information Processing Sys-
tems 32-NeurIPS 2019[2023-02-01]. https:/proceedings. neu-
rips. cc/paper/2019/file/9d63484abb477¢97640154d40595a3bb-
Paper.pdf.

CHEN T, KORNBLITH S, NOROUZI M, et al. A simple
framework for contrastive learning of visual representations
[C]//Proceedings of the 37th International Conference on Ma-
chine Learning. New York: ACM, 2020: 1597-1607.

ZHU Y H, ZHANG C X, YU D J, et al. Integrating unsuper-
vised language model with triplet neural networks for protein
gene ontology prediction[J]. PLoS Computational Biology,
2022, 18(12): €1010793.

ZHENG S J, RAO J H, SONGYY, et al. PharmKG: a dedicated
knowledge graph benchmark for bomedical data mining[J].

Briefings in Bioinformatics, 2021, 22(4): bbaa344.

BIEE: BERAR(1980—), 55,
E N L 2w SO I [ Wl 6 P R R A
s B, R A B A S ThRE T
RELGMIBLIT , B8 R 2 H A R 42 4, [t
AR R G.
E-mail: yangyd25@mail.sysu.edu.cn

F—1EE: Rai K998, 5, &
LW WY Iy A R 2 g T
HIUNESENiT A IS
E-mail: songyd6@mail2.sysu.edu.cn




