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Abstract: With the increasing of computer power and rapid expansion of biological data, the
application of bioinformatics tools has become the mainstream approach to address biological
problems. The accurate identification of protein function by bioinformatics tools is crucial for
both biomedical research and drug discovery, making it a hot topic of research. In this paper, we
categorize bioinformatics-based protein function prediction methods into three categories: protein
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sequence-based methods, protein structure-based methods, and protein interaction networks-based
methods. We further analyze these specific algorithms, highlighting the latest research
advancements and providing valuable references for the application of bioinformatics-based
protein function prediction in biomedical research and drug discovery.

Keywords: bioinformatics; protein function prediction; gene ontology; machine learning; deep

learning
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Table 1 Bioinformatics tools for protein function prediction based on sequence homology

Year of Method Model Model evaluation criteria Open source situation

publication BP cC MF

2020 DeepGOPlus!'” CNN Fiax=0.390 Fpnax=0.614 Funax=0.557 https://github.com/
bio-ontology-research-
group/deepgoplus

2021 NCL+mask BLAST+NCL F-measure=0.378 F-measure=0.475 F-measure=0.496 —

BLAST™"

“—” indicates that the author has not yet released the source code, and the following table is same
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Table 2 Bioinformatics tools utilizing feature extraction methods for protein function prediction

Year of Method Model evaluation criteria Open source situation
publication BP cc MF
2018 GOLabeler® Frnax=0.372 Frnax=0.586  Fpax=0.691 https://github.com/ddofer/ProFET
AUPR=0.236 AUPR=0.697 AUPR=0.549
2019 GRNNE"! Macro F1 for the brain cells dataset=0.86 -
Macro F1 for the circulation cells dataset=0.77
Macro F1 for the generic cells dataset=0.70
2020 DeepAdd™® Funax=0.345 Finax=0.547  Fp=0.516  —
AUC=0.896 AUC=0.958 AUC=0.912
2020 FFPred-GAN!” Fax=0.567 Frnax=0.755 Finax=0.750 https://github.com/psipred/FFPredGAN
2022 FUTUSABY F1=0.532 - - https://github.com/snuhl-crain/FUTUSA
2022 PFmulDLB! Frnax=0.459 Frnax=0.677  F=0.508 https://github.com/idrblab/PFmulDL
AUPR=0.452 AUPR=0.729 AUPR=0.509
2022 PFP-Autoencoders™? F,,,,=0.422 - Fnax=0.475 https://github.com/richadhanuka/PFP-
AUPR=0.400 AUPR=0.430 Autoencoders/tree/main
2022 GAT-GOP’! Finax=0.492 Frax=0.547  Fpp=0.633  —
AUPR=0.381 AUPR=0.479 AUPR=0.660
2023 Global-ProtEncl¥ Fax=0.523 Finax=0.636 Frnax=0.515 https://github.com/ashi24cc/Global-Prot

Enc-Plus/tree/main
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Table 3 Bioinformatics tools utilizing structure for protein function prediction

Year of Method Model Model evaluation criteria Open source situation
publication BP CcC MF
2020 MultiPredGOP®  ResNet-50  Fp.,=0.328 Finax=0.537 Frnax=0.367 https://github.com/
AUC=0.817 AUC=0.851 AUC=0.910 SwagarikaGiri/
Multi-PredGO
2023 CNN model®”  CNN - - - -

&: 010-64807509 B<: cjb@im.ac.cn
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B TG WE B IR 3R O TR ORD TR R 28 ) 2%
(deep-learning neural network, DNN)Z32& %3 IF5%
# M\ SwissProt FiEH Y 15 133 AN ASH AN
VA LA B DA S B A A A R I PR R
i 5% A STRING ARARHU 1 713 652 A~ H FTAH
HAEFH M2 (protein-protein interactions, PPIs)LA A
TE 8 115 50 A0 PP X 4% (sequence  similarity
network, SSN)H) 843 212 /ME A HAE AL
2, BEIX P28 A B ik A FR KA S DNN HE
A, DABON AR (R DB BT
LSS FEH], Graph2GO 1E CC. MF #l BP F
HIRERE . AR F1 8RS T 3T o

x4 ETHEERAMENEERMETNNENEEFEIA

Table 4 Bioinformatics tools using protein-protein interaction networks for protein function prediction

Year of Method Model evaluation criteria Open source situation
publication BP CcC MF
2017 DeepGOP!! Fruax=0.395 Frnax=0.633 Frnax=0.470 https://github.com/bio-ontology-
research-group/deepgo
2019 DeepFunct! - - Finax=0.540 -
AUC=0.940
2020 Graph2GO* Fiax=0.490 Frnax=0.686 Frnax=0.718 https://github.com/yanzhanglab/
Graph2GO
2020 SDN2GO™! Fruax=0.361 Frnax=0.432 Fnax=0.561 https://github.com/Charrick/
AUPR=0.203 AUPR=0.290 AUPR=0.471 SDN2GO
2021 DeepGraphGOM¥ Frnax=0.327 Finax=0.692 Fax=0.623 https://github.com/yourh/
AUPR=0.194 AUPR=0.695 AUPR=0.543  DeepGraphGO
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BLAST W75 [RIEF, 207 qe il i . 7
A H A FP RS, BT T80 TERE, 7T LR
R R o (HZ O AT A Sk 2 ], )
% GO RIBJZIR KR K R)#L,
SDN2GO" & 7 J& — P | i 26 B b 22 1) 2%
K2E] | RIS E TS . R PPI
W26 SERHE, I 2R (1 SRR U 9 7 vk .
KM, N GOA Bda FEAF 3 13 882 MR
B 13 704 4> NZEEE AT 4 796 M1 B8 i)
6 623 M EEREEE Y, L STRING FREUAY A ZEH
WEE Y 25 1 2545 B UL S M Interpro 345 F 25 1
T3 A BAE NS5 | i TS Bish &
W 2% 1) F R AR R BUE 1 B3 415 S, . PPI 2%
F R AR RHE . BES , AR S 2RI
K HIX 3 AT R4 i, st gk, F
IR GO /AR BB ) FHAE AL EE
PLSCERXS ZARE I RINROR . A E CAFA I
AT, 459L%8] BP. MF il CC [y AUC
4515 0917, 0.964 . 0.948, J& BLAST ., DeepGO
il NetGO HEATEFI M, %05 B i i 25 10 s 2
B T E BT E RHE, iR B Ry
AR RS SR, A AE— SR B, AN
FE AP FMUIET 3 ST 7905, Xl g2
P — L T S B P P B A DGR . DR, A —
A Gk Iy B, AT A R A T T 81 G SR
WK AR )12 P S B
DeepGraphGO™ g — />3 F [l 4 22 X 45 1)
iy 1)t P RS TR IS TR A B T 8 1 B 401 R B 1
B2 A5 S, IR Z YRk A%k, Dhid
AR, EVE R NetGOMW W —3 4tk 47
SR, HE—LHEm T HERE . IR Y 25 A f e
A2 BB RUZ R )2 . A )20 5
218 G BUIASREE S A DL AR R N A
HEIAFAE ) 28 o RIS FRUZ 30 1 SR SRR 1)
ORI B A TR G5 U2 Y s B AT DA E

&: 010-64807509

INACE- 428 55 s p 5 B B2 2 GON M4 1T
AT Y S o 2 e 2ok T
WA EE T GO TAS43, 15 1 1 7 ]
BB GO TR 4), iz 15Tl BEHAT X
ST RE RO R . E AR SLIR 45 R R 2P,
DeepGraphGO 7E 3 5 TH#ERSE L 1 i fEvERE, JU
HAE BPO 1 CCO Jr1Hi. Bi4n, DeepGraphGO £
BPO H1SZB T Ht1 H Frax(0.327), L Net-KNN!
(0.305)F1 DeepGOPlus (0.290)73 I35 T 7.2%#F
12.8%*1, X—ZE LR, DeepGraphGO i 1 [&]
P2 GRS T E AT S RIS (E L R
KT 5, DeepGraphGO BEMS 7870 F1 & 1 5 ™)
254 BRER 11 B RRAE 1] 1, 3 G B2 il B 2R
FIBCZ RO R, IRl )21 GO i,
BRI A e

6 RES5RE

UTAER, B TR RE T RS T AL AE B EEE Y
PRIFEY MR W5 B A AR = ) ik g o
AW AR A B R T2 2% R R 2 7E
& A BT RE B U, A=W 5 B o A AT
it 9 T o AN SO A 4 5 2 T 2 1 o
NRERITT LA T T IRV BE, IF 0B 1 ATk
S KRR R

UGB 2T T — 2yt , & B Rl e fti
GUSATS IR 1 e 2 — LE PRI FR . 5 e, HATAY
JrEAE D RE TN AR A 2% 2 1 Jo =2 T ) SR B
YT RATAS JR R o SR AR AR A 2464
SR ZH AN, AN TR 284 358 2 1) (R AR LA R R E SR 2
SLIRZS R, TR MG S5 IS 8 A0 A 1) ke S
PrX R 2 o LR, FEAL P 22 5¢ 28 8 F BUA AL
A 0 285 50 Bl et A7 A — i PRIV B D IR A
RELLAT B A BRAIHE 5 AN R SR R O 27 X Bl
XA S S RE 4 4 1A P AP . B, EERS
ANFEIRR SR LR MR, = BEXTHE RS & T AR
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TN T B o A9 A A 3 2 5C Ti w 2H HhoAS [ 2R
PSS RE A TR , TR 2E4 T 1) L3 2 B X
IHAF S 25 1 B D AR FO A ST R Y, BB
SE A4 1) Y A R0 2 B8 2 11 5 FIRH A 38 8 PR o
PEHAT——HXT, DIFi s s g, o A 2k
W2 Jy. PG, S E0F R I, AR ]
AN TRVEICHE IR 4 £ S5 oM A P 28 )

g Y 20 R R R 5T S RE TN ) A
AR SR, AT LA BATR 3 N5 Tk A T ek . i 5
A LLR R Al il 2 MR IR S AsE
B | S FIAH AR IS 24> J7 T £ . 1l
WEEE IR S R, R = TR i P RE
HW, BTN B3] DA A 53 R0 S TR 2 2 2] A
RITE AR 1 BT RE TN vh e S A, B s IS 1Y)
AR o IR AT B TR ST S L B AR T
S5R, I — D SR BT R TARR A R
o WAL, AT DL ST SO A B L SRR
(I R B8 B T 2 AR A A R 4 v T 1 g
FAERYE, B A S e bLas 5 Bk | 1
AR PRI R I Frad R, LS I i 22 vy ot
AN R A o 5 2 B e 2 B v A
S RERI TR , AT DA DA R e o e ) AR
B REEE , HEATIIGR . SIS I T & B A
B A BN EAE 22 A T X W TR . e, Al
PAE— 28 1 £ 2540 A X £ S REEA T
PR o IR 1 BT 25 50 A J2 [R) it PR 1 3
ok 1) 2854 e 5 T R AR AR A T A K ) )
PRI RPN AL, {H2 AlphaFold2!/Fiil iy
SR 25 X RS DUER AL T — ik DR Im) R £
MW%MZ%&%%#EWMMHﬂSmmm
Module, T B AT A BT 13 8 J1 WL (attention
mechanism), H5 5 12420 T — 4= E
G50, RPN AH G EE A TRE AL, DT AR
ARG IRPE AN GLAT DLl L ATE R ALy
2, SRR P SRR | IR RS,
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A, 8 SRR AN LR — 2L 8 U e T
FE TN A 3 S 4l A A [, ZRIBCHE 22 56 T8 i
HRERIAR S, Wn] LAgt— B & H o 4145
- DIRER R BIBTIE

B2, M AIE B A 7 8 S RE T
IFTE O 2 B 2 E R o RARL A AT AT L i
WEZRE I 2R ER IR . P e T A AT R
FFRZB SRR TR | LU S R A vl 5
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