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Abstract: Proteins play a variety of functional roles in cellular activities and are indispensable
for life. Understanding the functions of proteins is crucial in many fields such as medicine and
drug development. In addition, the application of enzymes in green synthesis has been of great
interest, but the high cost of obtaining specific functional enzymes as well as the variety of
enzyme types and functions hamper their application. At present, the specific functions of
proteins are mainly determined through tedious and time-consuming experimental
characterization. With the rapid development of bioinformatics and sequencing technologies, the
number of protein sequences that have been sequenced is much larger than those can be
annotated, thus developing efficient methods for predicting protein functions becomes crucial.
With the rapid development of computer technology, data-driven machine learning methods
have become a promising solution to these challenges. This review provides an overview of
protein function and its annotation methods as well as the development history and operation
process of machine learning. In combination with the application of machine learning in the
field of enzyme function prediction, we present an outlook on the future direction of efficient
artificial intelligence-assisted protein function research.
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Figure 2 The problems in machine learning.
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Table 1 Summary of commonly used databases in the field of protein function prediction

Database Category Website Number

InterPro Protein sequence database www.ebi.ac.uk/interpro  More than 30 000 sequences

UniProtKB Protein family and structural domain www.uniprot.org More than 200 million sequences
database

PDB Protein structure database www.rcsb.org Approximately 200 000 protein structures

Gene ontology Gene database

www.geneontology.org  Approximately 1.5 million genes
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Figure 3 The flow chart of machine learning to predict protein function.

http://journals.im.ac.cn/cjben



RS S/ F I EEE RTINS AR R 2149

i 3 5 B3RS T RE FRAE A 7 51 BLIEHEAT LX) ok
P TIIRETE R, 1M Bileschi S5OVl VR~
S REFI(ProtCNN)XT oK F Pfam EEEEH 17 929 4
FKIGA L2 XX 55 1 88 11 55 90 64T T 2
U, A TIA LG, T 5
PEATAr A5 R BR T S e, Ah,
AT TR AR TR R S F X 2 an BLAST A
HMMER %54, %t 5125000 A8 B Bk
JEHBHEAT TR 7328, RUDEHLAR R 2=
55U Jr v AN AT LA SSCHRE v T R D R el
SERIRIVERE . HLAR 2% 2 A BEAS — U T R
SARMIIREME TS, AT R A L
FAL G0 HX Dy k3R A% T 8271, TR i ok
KAEm, WA TEE, Fan, Lv EONEA R
JF 5 FEE 1150 AH B 2% SR BRURRAE 1
TR P 2 I 2 S TR0 N 2 2 1 o D) e R AT T
W, VERRAR LS BLAST it 51.3%.
IEAh, BLAST Jrikid iy EERHE AT 5
FLat, MALER = 2 AT LLAE TG B AR 2 A A
P SAEOLT , HEWTR HEE 5T 8 A
FEPE I H L BE

BT, FEFHLE2EI & A R g 5 ium
FBEE A S HE RS AN | BRI DL R AR
TR A SR By ke i 4T . flfn, Corral-corral
ST 1 Z R LA 2 ) B RS R Y R B
TERIR T ORI R BRI | BRI S &
FIINBEZ A6 2, SR 4 SR 0 L) 56 ok ok
() B AL AV AR AR I, WL ST RS R A
WER R IR . Gado ZFMIFI A loop FP HFR LS
A FERR ST YN RFHAL, (F ML > 7
PERR X 3 1 748 AR5 7 BT /K A1) CBH Al
EG BiFNERL, 2018 4K Aif) GT-predict™ ik £
K B PR IT RS AL Bl S 1 Y 54 Rl
91 FHKYH TINRETUM , 1E#H TR 5

&: 010-64807509

2, RGEMWAS TR 5 IRY 5+ P R4 1k
BT, f3E clogP. 43 THI AR A EAZ HL A 1 25t/
KRV ZEME R, TEHAD 4 M 4R75 2068

TEI R AGAEY) GT1 H, BERIERf R IE 3] T
69%LA I GT-predict g T EUHE A1k %) 32 &
RERIUER SR F e, 2R T T 2 2
5 DI ReRHIE © R0 AR S L R TP 81 HE X S
Him B ReEE , WA % s X B
MR, AR B A AR S A BUR AU =k S
TRBATORR, fE7EEG R RE ., ik,
ML 2% > 7 oot T 85s 19 ot B A AR & 1 AR
PR, TRINASERY ) A T A T — 2D 4R T it
Ah, BRI > 76 25 11 5T 1) e Tt 45 A 9 4
BWOAH — &MU R K v W T, HAR 4
“WAHRBRTREM, HEjdE = —MIERA
155 B 2 fe I B SR 0 ] B sk R A T o
. A T AL S B N s, SR
IR Ry B R R OR =, TR
R MER R, H Tl T 152 S ]
Hh B YR SR R — 4 [R)E

4 MBFXEZG TN
o LR R

BE& I PP BRI e 4 31 19 28 1
Ko MISTRE E I AR 1 Ao Z [l i 220 H 4538
K, MfgpazIali, & H B REERIEA (critical
assessment of functional annotation, CAFA)4EK
PRERE R T — R RE AL 1, KR A
T B AR SCE OB BRI E B R
G053 E N R e, 205 T DU &
Ty RE AR RSk B AT S o YRR
SRS RE T B8, LG T e 9 LU B 7 0k
FEETHLA Tk, ST CAFA it
PP . HET, SRR YA T b T
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PR BRI, W B AR S, PR
LT B B A Ak T R g AR —
Bz —, #ilan, EvmsE it
J N R B S A AR RN — PR SR A, 3
JEREE DI RE T A T2 18 AN T B8 25 1Y AR AR
v, A RE S I T ALy v 4 B g ) v 80H 2 i
8 AL RO FL IR, mRE AR
fif A M e T A 80 S 2R ThRe T R
PR 1P 90 B i =2 ) ) K 2 1 ) R
4.1 tEFEHB[FEITE

EEXEASTR] £ 4, L~ > Tl 2 1 o
Thrse 3 2 H) FH & 57 90 A A S5 5 A
ATFFA RT3 2 1) A (] A B8 08 5 A
IR 4k, W KNN (k nearest neighbors)
B R DL (naive bayes, NB)P*4 |
SVMEIRI 2 o 2 D015 - LM 81 1 BUREAE
S TR fRT A A0 2 1 SR T RE I 40 AT B gk
A RAME S GRS LEABRFI S,
{Hi2 N H RTS8 Rk R, WA SR P9 A
T TN B £ 5 ) BE AR P AR A KA A vt R
% 2 ff R, Che 2 SwissProt B4 8 Wi 5

LB R AT A G &3R8 T 59 764 48R
FUFFNA S BR L, il ACC #filHE L
HURFIE S5 R A KNN3 4 a5 780 P 1 il 1) e
TR, 2% SRR Iy T PR RE 7 2 U
FH 94.1%, ZINReM S AUENRZILF] 91.25%,

I R RYVTIVE A T AL B0 Wl KR
TR S . Osman 25°%%#: T PDB %4
WHEER 6 MREEIER 3 200 FREEME N T 8
£, RIRA GA-BP B3 1 28 W 45 B X5
LT 2 000 FREGUEAT T, ez 2k
FERIFRAS T 72.94%H9 -4 HERA % . Mohammed
AU\ EXPASY BB EF1 SwissProt B 2
SR T 64 948 AT 51 F 128 292 A~ il
HEHFS), FIAH Pfam, Superfamily 1 Prosite
SAGE R IREE I o B X S SR A ) T RE L 4
) 0 RE % I3 7 o5 DX B A P A AR 4R B, a5
5 PR ALES 22 S B (KNN . SVM | B i
B BE BT AR BRI 2 D1 107 ) E 4 745 B I 25

FIF RSB 7 ECemble [ UERHAE 97% 2 99% 2
W, T &S8R BLAST Flfa]2E a0 7 I5 5 1
EFICAZ"Y, B4k, fEFHiEK ECemble LT

F2 FRNFFIEEZEEZERIEETNFUE AN A

Table 2  Application of different machine learning algorithms in the prediction of protein function

Algorithm Database Number of protein sequences/Structures  Accuracy (%) References
ACC+KNN SwissProt 59 764 91.3 [59]
GA-BP PDB 3200 72.9 [60]
KNN, SVM, DT, RF, NB EXPASY and SwissProt 193 240 97.0-99.0 [61]
SVM PDB 492 35.0 [62]
NB PDB 492 45.0 [63]
SVM+KNN PDB 39 251 93.4 [64]
SVM+KNN PDB 40 034 95.5 [65]
RF UniProtKB and SwissProt 1121 98.0 [66]
SVM PDB 4000 88.5 [67]
CNN SwissProt 22 168 94.2 [68]
CNN SwissProt 22 168 96.7 [69]
PSSM+CNN UniProt 3265 89.7 [70]
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S EE, A BT T Y g i e AR
R Ge e T R Hh IR AR A

I B R A1) 5 T 0 2 1 5 1 R
ST FIRE A S 0, fHR S — R A )
fE O AR E R AR L P SR, AU
G 50 T 8 ik R AT o BRIk, 2005 4
H1 Dobson Fl Doigl™#& T M 25 {5 B H &k
TR B RE i, AT THRYE EC Zn5-ik
BT 6 MEES R 492 NE IS HIBURE, L
IR L O R A T I A B A AR A
VERFRIEAS B A, & FRI5H SVM #5580 i
3N 35%, 2006 4F, Borro Z5°fE Dobson
1 Doig ByBFFRALAN I, A T DUty B
HER R IR B T 45%. 2016 4, Amidi 2%
S5 M5 B E LRI Lt a G, i SVM
1 KNN 58337 31 J6 T PDB %08 2 39 251 4>
B BBIEEEIT NG, R RIER T
93.4%, 2017 4, Amidi 25554 T HE 450
MR FFEE, @ik SVM Fldr 485 %
T Z e mME A, Xf PDB $dE/FE
40 034 FhEFHY EC 45 55— 4007 Fo0l i i 6
RIKF] 95.5%, XS5BT ERF I RE TR
W7, RS B B 4G AT AR AR B v
PR TN 25 2

SLUAAS R B A 51 I 9] 8 45 R A R i A
fBE, BAEAGEL TR —, HEfMEAR,
i A7 B R . AERGEE A,
23 Ry Tl e B S 0 Ty R R R AR 2 DU 43 28 A
Bel, (ER R TR RIS IL S sE 28, FIH
BILAS 27 2 ] 25 11 105 ) BB AE A7 F903000 A 2 7 B 11 B
—FRAE P, 2014 4F, Nagao 21T R
W AL 0 AP B f 99 0 4 A [R) 5 R 5K Ik il b
EC 455 4 MECFE, BT 2KPIIARPITE
Ab, WU TEOL S AR . BAARSS A R AR ST
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B e 22 ] PR AR ARL PR A Ay i A e, Ok [ 05 5K
W P ) B — B DI RE AT T WIS DA
UniProtKB Fl SwissProt 4 & 01 8 5 4 3138
b B T A AL S B AR R Gene3D MEAT I B
a2, wm&aE 306 4 CATH [AUEHE R K
1121 b4 B ) 3 3 I 32 A TR0 o i 3 ik
BT 98%, ik BEALARARIE A ok — L4
PEFREL, BB T DR bR = B A b
FF & TG R IR R IR 2 . A EAR
Z PP g A R T &R S SRR R AT SO, 40
Srivastava 2R E EC 45 FIEE 2 FR AR IE T
PDB & 1B 5UR A 4 000 457 5 5k 47 432
Hor FINGEFMRLE, #i SVM FBEHLAR
WHEILES G — s . S5 n i BiRs 1
oy RS 7 ARk TN I 254 B Y
EC 20|, 45BN SVM A Y B i %
(88.49%) 1f F K ML AR MK (53.9%) o £ 5L PR 18 L
W, RN R 5T T RE 0 A5 AR 2 A R AR TR
ZIAFEARTE AT, T B RS AR A
Xf & BRI 5Tk . GOLabeler 2 & — A4~ U
FEHIAE T A RO, 35 T el [ . &
FIE I I 7 DA e A2 Sk TR FRAL P i 45 2 F e
EfEE, i 5 FMAF 28 (BLAST-KNN |
LR-3mer. LR-InterPro. LR-ProFET FlfpZ& GO
A ) 20 ) 2 2 R TRV ERAE, AR )5
2¢ 2] HE ¥ 57 (learning to rank, LTR)HEJEA[H]
FRIER R EEXT 5 A4 2588 70 0 204 T AL EE I
# ., TERIET CAFAL fil CAFA2 HE#iadE,
GOLabeler X FARHMINFEE TR GO RIBWIHRZE
T PERE L T HAL SRR, H. GOLabeler 7£
CAFA3 il CAFA-n Fktl R4 T S fEMERE
Alperen 25UV 1o BUA 1) 43 S 25 5 BUBE 7R )
J¥ SRR AL PE FO SRR R BT SRR AT TSR, X
858 4~ EC Mgy 4y JE AT T H0M , 45 2 b /R A
F1 XY RTF 0.9, ] DIl &0 7 5 AR - b
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T A B A S HE . F1 {EL(F1-score) & 4325 1)
R ) AT AR AR RS B R RN R E R
A% SR SRy 1E B EL B R A [ 6 (S B SR O 1
A REAS R TIN OA 1E A ) G R RS R it
A, B A LA R 0 45t B ok i i
T NE N B TRAAE R B8 T+ A5 2% > B AL 1 1
&, B4, FunCat f&—~8 285 0932 a1
%, & Ni Z7) BioGrid $E P &4 5386 4~
FREE AN 118 363 MRk 1 AHEAEF M
ZEAE R AR, A B 1SR BV R D
TEYNZRLL T 3 528 SRR 3G, e 2 L2 T30
TEERER) 17 ASEZEAIN, AR HE AR
A E AR 28 40 F 485 48 22 1] 1) D) 8 DGk ok o
TR TR
42 REFIHE

TR 2 > A HLAL B b 24 > BERS B = Al it
b PR F H B AR 2R M A R BCHE IR) 8, CNN
J& T URBE 2 2 i — R AL, R4 R R Gl
BTz N, FLRE S 1 pl 20 I 4 SR R
LA BE 7 X Y2 B00 s (R R AIE D6 R R A T 8 402 )
AT LA i K o R T 25 8 . TR R Eh RE
W, L CNN ARRMIRE I M T4
P BIL 25 2% >0 B 5 38 Re A% R 15 SO i LG 4
Ho Blan, Li SO L I T — A4 0 i £ v
FRAE 2 U A3 VR JE 2% > B DEEPre, LU
ENZYME %4 A 2 7 9 B 4R, IS U AE 42
DU 4R 7 910 g B Sk i A, R 4l 0 28 45 SR R
Uy o B Hp B U LRI 45 A, ELEERESE T
BT BB I B 38 1 T A EC 45 f T fify
I ZIRE . DEEPre i i SwissProt 4 & 43 51 Yk
£ 22 168 S5 AAERG 7 41 VR A S el AR, X
it IV A T D M 2R 3] 94.15% . TR |,
Zou FOVHE T —FhIET 00 )2 ARSI
> BB E WM A % mIDEEPre, %58 B 4G
TN 265 5 1 A S0 2R 17 81 S B ) R Tl A8 2 22 1)
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BER, Xt T 2 2hBE A gk — 25w = 2 AR 1)
fe, MERRIRE] T 96.7%.

GO ARIBE™IREE 43 I X 2 (1 R D AR LA
JZUHE AT R A, A BT B AR B o
At ThEe. HET, AF MR REY ]
JEAI GO ARIE S Bl W00 A 11 R RET
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I ELAE T R 5T A A A TR R B
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AP TOIRETN , JF HARRba] IVERE 40 4>
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THLAF = A BRI P e AT X,
n, SRR T 3-mer JFEARHEFE N DeepGO
HHEE, DeepFunc!™ /i F T i 8 8 2 & (1) )7 51 45
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Hegmb R FS, X530 DeepFunc A4 TN 4
REULTF DeepGO. ILAh, ZIEMR ¥ B IFE
4% (position specific scoring matrix, PSSM)7E
AW B A A N TR A B A Y
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P T — Rk HE PSSM FIER 1 5 A A4
iz E A S B2 (guanosine triphosphate,
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