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Intelligent mining, engineering, and de novo design of proteins
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Abstract: Natural components serve the survival instincts of cells that are obtained through
long-term evolution, while they often fail to meet the demands of engineered cells for efficiently
performing biological functions in special industrial environments. Enzymes, as biological
catalysts, play a key role in biosynthetic pathways, significantly enhancing the rate and selectivity
of biochemical reactions. However, the catalytic efficiency, stability, substrate specificity, and
tolerance of natural enzymes often fall short of industrial production requirements. Therefore,
exploring and modifying enzymes to suit specific biomanufacturing processes has become crucial.
In recent years, artificial intelligence (AI) has played an increasingly important role in the
discovery, evaluation, engineering, and de novo design of proteins. Al can accelerate the
discovery and optimization of proteins by analyzing large amounts of bioinformatics data and
predicting protein functions and characteristics by machine learning and deep learning algorithms.
Moreover, Al can assist researchers in designing new protein structures by simulating and
predicting their performance under different conditions, providing guidance for protein design.
This paper reviews the latest research advances in protein discovery, evaluation, engineering, and
de novo design for biomanufacturing and explores the hot topics, challenges, and emerging
technical methods in this field, aiming to provide guidance and inspiration for researchers in
related fields.
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Mining and evaluation, engineering, and de novo design of proteins. EC: Enzyme commission,
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Table 1 Protein function annotation, discovery and evaluation

Name Link Year Classification Availability
SVM-Prot 2016  http://bidd.group/cgi-bin/svmprot/svmprot.cgi 2016 EC No
DEEPre http://www.cbrc.kaust.edu.sa/DEEPre/index.html 2018 EC Yes
ECPred https://ecpred.kansil.org/ 2018 EC Yes
DEEPEC https://bitbucket.org/kaistsystemsbiology/deepec/src/master/ 2019 EC Yes
CLEAN https://clean.platform.moleculemaker.org/configuration 2023 EC Yes
ECRECer https://ecrecer.biodesign.ac.cn/ 2023 EC Yes
CAFA2 - 2016 GO No
GOstruct 2.0 https://sourceforge.net/projects/strut/ 2017 GO Yes
DeepGO https://github.com/bio-ontology-research-group/deepgo 2018 GO Yes
NetGO https://issubmission.sjtu.edu.cn/netgo/ 2019 GO No
DeepFRI https://beta.deepfri.flatironinstitute.org/ 2021 GO Yes
DeepGO-SE https://github.com/bio-ontology-research-group/deepgo2 2024 GO Yes
ESP https://github.com/AlexanderKroll/ESP 2023 Enzyme-substrate binding  Yes
Km_prediction  https:/github.com/AlexanderKroll/KM _prediction 2021 Ky, Yes
DLKcat https://github.com/SysBioChalmers/DLKcat 2022 key Yes
TurNuP https://turnup.cs.hhu.de/ 2023 Key Yes
UniKP https://github.com/Luo-SynBioLab/UniKP 2023 Ky/Keat Yes
DeepET https://zenodo.org/records/6351465 2022 Optimal temperature Yes
EpHod https://github.com/jafetgado/EpHod 2023 pH Yes
REME https://reme.biodesign.ac.cn/ 2024 Mining and evaluation Yes
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A, BFFEN B AT DB SE R IR e [ 4/ 3-4 4
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B2 e K T T AR I BRI 58 BT T 4
VAT AT T T 1 (14 00 5 S PR A 7 BRI 183
i SR EE A HE B-IN T2 A 6 20 iR )

Name Deep learning approach GitHub

DeepSequence Unsupervised learning https://github.com/debbiemarkslab/DeepSequence
EVE Unsupervised learning https://github.com/OATML/EVE

ESM-1v Unsupervised learning https://github.com/facebookresearch/esm

ESM-IF1 Unsupervised learning https://github.com/facebookresearch/esm
MSA-Transformer Unsupervised learning https://github.com/facebookresearch/esm
Tranception Unsupervised learning https://github.com/OATML-Markslab/Tranception
MutComput Unsupervised learning -

MutComputX Unsupervised learning https://github.com/danny305/MutComputeX
AlphaMissense Unsupervised learning https://github.com/google-deepmind/alphamissense
SaProt Unsupervised learning https://github.com/westlake-repl/SaProt

ProSST Unsupervised learning https://github.com/ai4protein/ProSST

ESM-1b Supervised learning https://github.com/facebookresearch/esm

ECNet Supervised learning https://github.com/luoyunan/ECNet

Low-N Few-shot learning https://github.com/churchlab/low-N-protein-engineering
SESNet Few-shot learning -

FSFP Few-shot learning https://github.com/aidprotein/Pro-FSFP

http://journals.im.ac.cn/cjben
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2], TENGEPAH DI DR A8 S B 1k 7 A LR €2
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perceptrons, GVP)XJil it AlphaFold 2 Tl %)
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AR B AEALEE , I AN ProteinGym HUEH;
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IS R HHE P 27 20 45155 sR RN Lora Y1255 1%
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3 FHE N KET
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EHEEE A R LR P, DLRIE F RN
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HARANATEN . W &0 . BARED)
REMAR BT, MOGHRE THIEAEAERIEE 3),
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3.1 ZEERK

JH T 25 11 J5T 45 +8) 3000 19 % 32 pf 22 I 285
trRosettal® | AlphaFold 2. RoseTTAFold®'4;
EL A RENE N 25 0 2 B 7 91 LA ey 1 o 93
DA BT = R, X SRR R B i X 2 1 BT
SR TR Z PRAR S EAT T AT AR R 647 2 1 o 4
RBP4 A, BT i e A
#, David Baker I 72T hallucination
10 25 11 Sk B 1T 7 iR 1000, 8 P 48 A I A5 A
trRosetta TEAG 51 19 2D Z5A94R1E, BT 8 H
K AR 1T (Protein Data Bank, PDB)Z5#4 2D 4
MEF- Y (55 AE D LR35 5o A, TERI IR BE
BLE IR 7 51) 25 (8] 38 4o 525 R 1% B AL 58 A8 T
BT S, I R AT G54 59 S a3 A6 Z 18]
ZE R AR OB B A BB I B4 M . RARLIAR
RSP 5 RAEAFI 2 RRR, |2
M trRosetta J& 4 T K i PDB 45 #4 Yl i A,
1M A 1) PDB 45 #4887 1 25 1 B K AR 43 AT BE 1Y)
& o], [FIL trRosetta A= A0 8 F A Bk
e A E AT &S A, TSI A Y 8
W, AR R LA T

T FAGR FN SCAS A R 400 880 R 2y g HH B 7
AL TEA RN L, 2/ 241
IR B A, W FoldingDiff'”! | ProteinSGM!®®! |
RFdiffusion'® | Chromal™ 45 . ¥ HO A 38 i %
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*3 BERAKRITEE
Table 3 Methods for de novo protein design

Name Deep learning approach Task GitHub

Hallucination Structural stability loss Structure design https://github.com/RosettaCommons/RFDesign

RFdiffusion Structural diffusion model Structure design https://github.com/RosettaCommons/RFdiffusion

Chroma Coordinate diffusion model  Structure design https://github.com/generatebio/chroma

ProteinGenerator ~ Sequence space diffusion Structure design https://github.com/RosettaCommons/protein_gener
model ator

RFdiffusionAA Structural diffusion model Structure design https://github.com/baker-laboratory/rf diffusion

all atom

ABACUS-R Local environment Sequence design https://github.com/JasonWei2014/ABACUS-R
encoding and decoding

ProteinMPNN Graph neural network, Sequence design https://github.com/dauparas/ProteinMPNN
message passing

Frame2seq Structure-conditioned Sequence design https://github.com/dakpinaroglu/Frame2seq
masked language model

ProtGPT2 Large language model Sequence generation -

XTrimoPGLM Large language model Sequence generation -

ProGen2 Large language model Sequence generation https://github.com/enijkamp/progen2

ProGen Large language model Sequence generation https://github.com/salesforce/progen

ProLLaMA Large language model Sequence generation https://github.com/PKU-YuanGroup/ProLLaMA

HelixProtX Multimodal model Sequence generation https://github.com/PaddlePaddle/PaddleHelix/tree/

dev/apps/helixprotx
ESM3 Multimodal model Sequence generation https://github.com/evolutionaryscale/esm

38 2 S5 /N g A0 P R L S 2 ) 22 (] A 3 T R
ZEUR SR 2 2] R MR TR A R B, BB
TR L 50 B T H T
AR A BTRARA Y, 38 AR R T
%, PRI &5 8 . Dhae )7 5 5 B w5
BT RN PR RIR BT . BRI RERLA
TR A, MERREE RN ek T 2 ET
hallucination, 4B EE IR 600 NFRIEAIZEF
Generate Biomedicines 7\ A3 T4 HE il
F R0 22 W 25 FF 2 1) Chroma 25 [ AF ik o),
TEAE G RSB T RGBSR REY
W, GESEXTRRME . AR . JBEARA R, HEA
SRIBF TR, 91 A AT 6 s 45 A8 R 1k
MIpeE N E AR, N EEOCEA NG S
2R S OCHEEE FSRE I HE— 25 X 310 FhiE
H B SC R AE R, Chroma A= A48T 88 H 7]
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DL & F i B 20k H BA R UF 09 A4 U1 1 2R
. ¥ RFdiffusion & F 254 (194 50O 3 F 17
B 8RR MY ProteinGenerator BV #E
SE 18] A )80 T AT DAAE T 0 32 6 2 48 109 s M 5|
T, WFRE R HKME . RG] . B R
571 7F 3 i BE (position-specific scoring matrix,
PSSM)%5 , I A BT Z2 M Ry HUA: NS 4 25
S il g2 9% S ey RO DIV =8-S a8
David Baker iffHI4H 2023 4ESITHI7EEE
it 2 e TR 27 2 PR B A it D BE R
S AR S T AR % TAEAE LT A A B 2
fiti | >k H “family-wide hallucination” 7 & 2 >J
O7 A UK 541 & 28 1 A8 IR IR 1Y 8 1 o 45
My, KRBT T E S PR S AR AN
JEE W) — 2R FE U (diphenyltetrazolium, DTZ)HY%¢
JtE W LuxSit, Bfi#E RoseTTAFold All-Atom!'F/1
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Ny TS AE R H L I & B9 RoseTTAFold
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A e AN BT SRR Sy [ 2R i
M T ENR 4RGN Z S, JPH
H TR BRI & X B Ar S5 R 0 = LR )T
G ANFTE A A,y et ik
R () PN AL 5 Bl AR B UM G, B
IR o R 2 R A X v e PR A 20
R ABACUS-R B3k 0 ol G JE 0 7%
) 1k 25 0 2 () 4548 B 5 ISR e B Ay oo ke
QIR IS F Z P RRAE , 1F 23R B8 40 T 51
M Sk B A 45 v R 8 15 21 45 A A A FR B AK
) fre il 2 FE IR ST s KT 57 &%
W, 49 53 i SEI B0 IR B8 T A Kk H AT B R
7 1 AR M AR

ProteinMPNN i Bly | 4 25 I 45 AR BUR 5 45
FafE BT, SR SR 2 1R B AL b L
Y s RE A 2 A 5 E AT SR B AC e f5 2
ARICREA 5 IS B A A B 2540 (5 8., 2 i Tt
BRSO DIV E =18~ 35 ]| IR 1IN V8- R S|
52.4%, 5T Rosetta [ 32.9%, SEIESE, TG
142 hallucination #£J& RFdiffusion A i Y 2 (145
F, HXT R A 7 51 BB FEERARAG , i L 265
R STEA TR E 5B ProteinMPNN
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TIEE AT AL . ProteinMPNN 4
e I S A T, TERAREE L BR
AR Z RAK . PORBRL, EH-EHSE
S5 22 B P A BT 55 P LA T O R L e
ProteinMPNN %:filt b i#E—2 % FE1) LigandMPNN
BERIBE S A ORI AR SR B o+, W
VRS ESE, TEPsIWE . MR HFsE
Al B354 T e RO,

it K AT Frame2seq 23k T 4544 25 -4
W SRR RS HER RS ProteinMPNN
P, (PR 6.2 £F; LKA 26 &
Mg, 22 Al 17 MERGREST
B, SRRFIE MR 00 BREUL,
XEEELT AL WP AN B 7 i AE SE o i A B
PRI, A SR BT T 45 74 F1 ) g
(8 Y — A AT B
3.3 mHEImFEHIER

HH SR 7 Al DL VR & — M A i
&, BFEIIh s TEASHSIRRER . @
X R R H BT R, RS S A
REfE 27 ) B 11 57 91 v 2 BE R HE RNk AL R1
A, BRIE S B ChatGPT A BB E A]—FE,
A A 5 DI RE RGBT 51 o BT RIE F R
TUTF e 09 DA Sk 3 90 A BT 125 R AN A FH B f 1)
S5 R, WA AT T 45 0 e s st
et , R TH#EMEARTFIIES, —
A i 3 g M\ ) BE A R AR AR AR F T B AR A
1. FE R RETERTT S, B kit
PRAL TSR .

Ferruz %132 51 [ SR 15 F#E8 GPT A [
T E &, & TEA A BIEE SR
ProtGPT2, 7E{#ixi®e M A= RIAYLY 5 000 1
Feo) ENZR)E, Ref DLl & 07 M Sk A il 4
B AU . ProtGPT2 A= il A% 51 78 Kk
B BRI S s (8] g R E, DR ER T KRR R
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5T Y 2 B R O 4 1k . AR i RO
JESEOCHERRAE . A EIAERL 5 KBS
% [ xTrimoPGLM #& 4 Jfi 1 5 #iA0Y gefg:
A5 AR R 5 A R 2 B B 2 RO A
WA, PRI RS BA (] I ik ke 28 1 Jo B Ak A AR
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AW R UE B, Madani S5 T4 & AR R
2519 A [a] 47 (conditional transformer language,
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AR 1385 AN TR] 52 e 1 T g v 2R i e 40 B
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it 22 1 ) P 29 R R D R AT Al L S92 B0 ik S A
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H i It & #) ProLLaMA 2 55—~ Be % [6] i
i B Z A~ R B F AL 3 (protein  language
processing, PLP){L:55 1) H TR R
TETC A A A B 91 A2 AT 5, ProLLaMA
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M R SRS R 5 HelixProtX ™52 3]

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

THERARAESESNGE—, WiFH . 45l
IR E R, ANREHE N LR 7 5 A 2 e
IR, I8 RE N SCAH IR A iR BTy 51 N4
¥J. Evolutionary Scale Al & 1ii 1Y) 2 # 25 H= il i
& KA ESM3BY ) FE 2,78 A2 A KIREE R 1)
Bl B AT 7%, AR PR A A R A
FiFA, EReLR G % R I B 45 5 YI6E
2o R A Tl B R A% i 4L B o4 T ORI 1 B
FE AT, AR — AN B T ]

4 EZ

AR, HHEICPFRYIZHR « o Mk 3
TR T R Gl TR A ) R &R
IR, BN R BB ARG AWK, TR
SE DA e R T BN AR HR AR E M L R ATS
VAR AR SRR I, X LeH R AE 25 it I T
WAL R R B BRI . ATEOR
AR T EERBOTACR, & R ES
R S 2 PSR I TR A o BRI A
DAL R RE ST i g, AT DAL 2I0KE H B8
JIARS VAT i R B 2 i O i

ARk, AURIE F AR H BB P A
FIK A TN 2 ALK RENS AL B 0T RRL Y
FEYRE, RS O SR AR, LTI
Rz B A EAE A sh S8k, Bedh, 55 R
TG SR M B 3 3 A <ii 5, AT AE
BEA RSB SRR O, WREBi i
HABYRENEH B A, BEE AL HR
TR H R BT S A Wt 25, Rk RS
EIFTHEHHREA AR, XERE, @i
Rigf il & B R — DI, AL A
AREE BRI F T, R E TR oK
X b 2 Ji 1 20 S )4 o K (A B i S
REEA MR, BEOSHE XA [R] A9 A= By fl = ad A A
MBI, s SR E B R T 5



X F | EETHHEERIZE. SuEMALET

4k, 5 A B RS5O R
WIS E BT PO N R M oL AT IOV S
PR e, AT LAPRE G e A s e E, O
PP E HRAYPERE . X P R AL AE
I BRI R, I RES R B R TR
o WIS, 5 A 3B A4S AR 5 R
AN AR I A A, A SE R E R R
B AU R REINAF G4 5 AL BB AR
W, BN SRR I A JCEE X, KR
AP R, S RRCR, HEshEA R T
PRI REAL . ARHEIL AR
(-

XA Jrsicit. MRS AR k. )
WEE. bkl Baml. WERS . &%
A BN TR, WS R iR
[ERCT

1B A 2 vk RATE = W

VR 75 WA AT i) BE 23 R M AR SCIIT Al
TAERE MATTH 3 8 AR

REFERENCES

(1] B EBE. AAY: N8 L],
AR T RE2AIR, 2022, 38(11): 4001-4011.

ZHAO GP. Synthetic biology: from “build-for-use” to
commercialization[J]. Chinese Journal of Biotechnology,
2022, 38(11): 4001-4011 (in Chinese).

[2] LIU HY, CHEN Q. Computational protein design with
data-driven approaches: recent developments and
perspectives[J]. Wiley Interdisciplinary Reviews:
Computational Molecular Science, 2023, 13(3): e1646.

[3] HUANG PS, BOYKEN SE, BAKER D. The coming of
age of de novo protein design[J]. Nature, 2016,
537(7620): 320-327.

[4] MEIER J, RAO R, VERKUIL R, LIU J, RIVES A.
Language models enable zero-shot prediction of the
effects of mutations on protein function[J]. Advances
in neural information processing systems 2021, 34:
29287-29303.

[5] LI MC, KANG LQ, XIONG Y, WANG YG, FAN GS,
TAN P, HONG L. SESNet: sequence-structure feature-
integrated deep learning method for data-efficient
protein engineering[J]. Journal of Cheminformatics,
2023, 15(1): 12.

&: 010-64807509

(6]

[10]

(1]

[12]

[13]

[14]

[15]

[17]

FERRUZ N, HOCKER B. Controllable protein design
with language models[J]. Nature Machine Intelligence,
2022, 4(6): 521-532.

HEHLAT, REE, BT AT AR R A9 B TR,
B, 2023, 4(3): 524-534.

KANG LQ, TAN P, HONG L. Enzyme engineering in
the age of artificial intelligence[J]. Synthetic Biology
Journal. 2023, 4(3): 524-534 (in Chinese).

SRR ME, 5 A, PR, BRAEE, B, W/NE

R 5 BATE E F BBTE h R R ZRA (7], kR4
R A Y% 2024, 43(8): 1303-1320.

ZHANG JX, MENG XL, CHEN Y, WEI SJ, LU LL,
HU XC. A review for the application of large language
model in protein design[J]. Genomics and Applied
Biology, 2024, 43(8): 1303-1320 (in Chinese).

R, @/, B, TR, B/NE, R
N TR RERHUT B9 SR B [)]. B9 TR
2, 2024, 40(11): 3912-3929.

LIU N, JIN XC, YANG CZ, WANG ZY, MIN XP, GE
SX. De novo protein design in the age of artificial
intelligence[J]. Chinese Journal of Biotechnology,
2024, 40(11): 3912-3929 (in Chinese).

NOTIN P, ROLLINS N, GAL Y, SANDER C, MARKS
D. Machine learning for functional protein design[J].
Nature Biotechnology, 2024, 42(2): 216-228.

SHEN HB, CHOU KC. EzyPred: a top-down approach
for predicting enzyme functional classes and
subclasses[J]. Biochemical and Biophysical Research
Communications, 2007, 364(1): 53-59.

YU CG, ZAVALJEVSKI N, DESAI V, REIFMAN 1.
Genome-wide enzyme annotation with precision
control: catalytic families (CatFam) databases[J].
Proteins, 2009, 74(2): 449-460.

ZOU Q, CHEN WC, HUANG Y, LIU XR, JIANG Y.
Identifying multi-functional enzyme by hierarchical
multi-label classifier[J]. Journal of Computational and
Theoretical Nanoscience, 2013, 10(4): 1038-1043.

LI YH, XU JY, TAO L, LI XF, LI S, ZENG X, CHEN
SY, ZHANG P, QIN C, ZHANG C, CHEN Z, ZHU F,
CHEN YZ. SVM-Prot 2016: a web-server for machine
learning prediction of protein functional families from
sequence irrespective of similarity[J]. PLoS One, 2016,
11(8): €0155290.

DALKIRAN A, RIFAIOGLU AS, MARTIN M],
CETIN-ATALAY R, ATALAY V, DOGAN T. ECPred:
a tool for the prediction of the enzymatic functions of
protein sequences based on the EC nomenclature[J].
BMC Bioinformatics, 2018, 19(1): 334.

LIY, WANG S, UMAROV R, XIE BQ, FAN M, LI LH,
GAO X. DEEPre: sequence-based enzyme EC number
prediction by deep learning[J]. Bioinformatics, 2018,
34(5): 760-769.

RYU JY, KIM HU, LEE SY. Deep learning enables
high-quality and high-throughput prediction of enzyme
commission numbers[J]. Proceedings of the National
Academy of Sciences of the United States of America,
2019, 116(28): 13996-14001.

YU TH, CUI HY, LI JC, LUO YN, JIANG GD, ZHAO
HM. Enzyme function prediction using contrastive
learning[J]. Science, 2023, 379(6639): 1358-1363.

SHI ZK, DENG R, YUAN QQ, MAO ZT, WANG RY,
LI HR, LIAO XP, MA HW. Enzyme commission
number prediction and benchmarking with hierarchical

B<: cjb@im.ac.cn

1007



1008 ISSN 1000-3061 CN 11-1998/Q =4 T #2*44 Chin J Biotech

[21]

[24]

[26]

[27]

(28]

dual-core multitask learning framework[J]. Research,
2023, 6: 0153.

FANG H, GOUGH J. DcGO: database of
domain-centric ontologies on functions, phenotypes,
diseases and more[J]. Nucleic Acids Research, 2013,
41(Database issue): D536-D544.

KAHANDA I, BEN-HUR A. GOstruct 2.0: automated
protein function prediction for annotated proteins[C]//
Proceedings of the 8th ACM International Conference
on Bioinformatics, Computational Biology, and Health
Informatics. Boston Massachusetts, USA. ACM, 2017:
60-66.

ZHOU NH, JIANG YX, BERGQUIST TR, LEE AlJ,
KACSOH BZ, CROCKER AW, LEWIS KA,
GEORGHIOU G, NGUYEN HN, HAMID MN, DAVIS
L, DOGAN T, ATALAY V, RIFAIOGLU AS,
DALKIRAN A, CETIN ATALAY R, ZHANG C,
HURTO RL, FREDDOLINO PL, ZHANG Y, et al. The
CAFA challenge reports improved protein function
prediction and new functional annotations for hundreds
of genes through experimental screens[J]. Genome
Biology 2019, 20: 244.

KULMANOV M, KHAN MA, HOEHNDORF R.
DeepGO: predicting protein functions from sequence
and interactions using a deep ontology-aware
classifier[J]. Bioinformatics, 2018, 34(4): 660-668.
YAO SW, YOU RH, WANG SJ, XIONG Y, HUANG
XD, ZHU SF. NetGO 2.0: improving large-scale
protein function prediction with massive sequence, text,
domain, family and network information[J]. Nucleic
Acids Research, 2021, 49: W469-W475.
GLIGORIJEVIC V, RENFREW PD, KOSCIOLEK T,
LEMAN JK, BERENBERG D, VATANEN T,
CHANDLER C, TAYLOR BC, FISK IM, VLAMAKIS
H, XAVIER RJ, KNIGHT R, CHO K, BONNEAU R.
Structure-based protein function prediction using graph
convolutional networks[J]. Nature Communications,
2021, 12: 3168.

KULMANOV M, GUZMAN-VEGA FJ, DUEK
ROGGLI P, LANE L, AROLD ST, HOEHNDORF R.
Protein function prediction as approximate semantic
entailment[J]. Nature Machine Intelligence, 2024, 6(2):
220-228.

X, 5RTE, R, R, SRS A T AR
A XA P AR S e S (D). AR TR
#Z, 2014, 30: 331-340.

LIU Z, ZHANG F, ZHAO XQ, BAI FW. Effects of
zinc-finger proteins and artificial zinc-finger proteins
on microbial metabolisms: a review[J]. Chinese
Journal of Biotechnology, 2014, 30(3): 331-340 (in
Chinese).

JUMPER J, EVANS R, PRITZEL A, GREEN T,
FIGURNOV M, RONNEBERGER o,
TUNYASUVUNAKOOL K, BATES R, ZiDEK A,
POTAPENKO A. Highly accurate protein structure
prediction with AlphaFold[J]. Nature, 2021, 596:
583-589.

HUANG JY, LIN QP, FEI HY, HE ZX, XU H, LI YJ,
QU KL, HAN P, GAO Q, L1 BS, LIU GW, ZHANG LX,
HU JC, ZHANG R, ZUO EW, LUO YL, RAN YD,
QIU JL, ZHAO KT, GAO CX. Discovery of deaminase
functions by structure-based protein clustering[J]. Cell,
2023, 186(15): 3182-3195.e14.

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

[30]

[31]

[33]

[38]

[42]

YOON PH, ZHANG Z, LOI KJ, ADLER BA, LAHIRI
A, VOHRA K, SHI H, RABELO DB, TRINIDAD M,
BOGER RS, AL-SHIMARY MJ, DOUDNA JA.
Structure-guided discovery of ancestral CRISPR-Cas13
ribonucleases[J]. Science, 2024, 385(6708): 538-543.
VAN KEMPEN M, KIM SS, TUMESCHEIT C,
MIRDITA M, LEE J, GILCHRIST CLM, SODING J,
STEINEGGER M. Fast and accurate protein structure
search with Foldseek[J]. Nature Biotechnology, 2024,
42(2): 243-24e.

HAMAMSY T, MORTON IJT, BERENBERG D,
CARRIERO N, GLIGORIJEVIC V, BLACKWELL R,
STRAUSS CEM, LEMAN JK, CHO K, BONNEAU R.
TM-Vec: template modeling vectors for fast homology
detection and alignment[J/OL]. bioRxiv. [2024-08-01].
https://doi.org/10.1101/2022.07.25.501437.

LIU W, WANG ZY, YOU RH, XIE CH, WEI H,
XIONG Y, YANG JY, ZHU SF. Author Correction:
PLMSearch: protein language model powers accurate
and fast sequence search for remote homology[J].
Nature Communications, 2024, 15: 7766.

HONG L, HU ZH, SUN SQ, TANG XR, WANG M,
TAN QX, ZHENG LZ, WANG S, XU S, KING 1,
GERSTEIN M, LI Y. Fast, sensitive detection of
protein homologs using deep dense retrieval[J]. Nature
Biotechnology, 2024. DOI: 10.1038/s41587-024-
02353-6.

KROLL A, RANJAN S, ENGQVIST MKM,
LERCHER MJ. A general model to predict small
molecule substrates of enzymes based on machine and
deep learning[J]. Nature Communications, 2023, 14(1):
2787.

KROLL A, ENGQVIST MKM, HECKMANN D,
LERCHER MIJ. Deep learning allows genome-scale
prediction of Michaelis constants from structural
features[J]. PLoS Biology, 2021, 19(10): €3001402.

LI FR, YUAN L, LU HZ, LI G, CHEN Y, ENGQVIST
MKM, KERKHOVEN EJ, NIELSEN J. Deep
learning-based k., prediction enables improved
enzyme-constrained model reconstruction[J]. Nature
Catalysis, 2022, 5(8): 662-672.

KROLL A, ROUSSET Y, HU XP, LIEBRAND NA,
LERCHER MJ. Turnover number predictions for
kinetically uncharacterized enzymes using machine
and deep learning[J]. Nature Communications, 2023,
14(1): 4139.

YU H, DENG HX, HE JH, KEASLING JD, LUO XZ.
UniKP: a unified framework for the prediction of
enzyme kinetic parameters[J]. Nature Communications,
2023, 14(1): 8211.

LI G, BURIC F, ZRIMEC J, VIKNANDER S,
NIELSEN J, ZELEZNIAK A, ENGQVIST MKM.
Learning deep representations of enzyme thermal
adaptation[J]. Protein Science, 2022, 31(12): ¢4480.
GADO JE, KNOTTS M, SHAW AY, MARKS D,
GAUTHIER NP, SANDER C, BECKHAM GT. Deep
learning prediction of enzyme optimum pH[J/OL].
bioRxiv. [2024-08-01]. https://doi.org/10.1101/2023.
06.22.544776.

SHI ZK, WANG DH, LI Y, DENG R, LIN JW, LIU C,
LI HR, WANG RY, ZHAO MQ, MAO ZT, YUAN QQ,
LIAO XP, MA HW. REME: an integrated platform for
reaction enzyme mining and evaluation[J]. Nucleic



X F | EETHHEERIZE. SuEMALET

[44]

[46]

[47]

[49]

[51]

[53]

Acids Research, 2024, 52W299-W305.

LIU BB, QU G, LI JK, FAN WC, MA JN, XU Y, NIE Y,
SUN ZT. Conformational dynamics-guided loop
engineering of an alcohol dehydrogenase: capture,
turnover and enantioselective transformation of
difficult-to-reduce ketones[J]. Advanced Synthesis &
Catalysis, 2019, 361(13): 3182-3190.

SUN MGF, SEO MH, NIM S, CORBI-VERGE C, KIM
PM. Protein engineering by highly parallel screening
of computationally designed variants[J]. Science
advances, 2016, 2(7): €1600692.

TIAN C, YANG JG, LIU C, CHRN P, MEN Y, MA HW,
SUN YX, MA YH. Engineering substrate specificity of
HAD phosphatases and multienzyme systems
development for the thermodynamic-driven
manufacturing sugars[J]. Nature Communications,
2022, 13(1): 3582.

YU SS, LIJL, YAO PY, FENG JH, CUI YF, LI JJ, LIU
XT, WU QQ, LIN JP, ZHU DM. Inverting the
enantiopreference of nitrilase-catalyzed desymmetric
hydrolysis of prochiral dinitriles by reshaping the
binding pocket with a mirror-image strategy[J].
Angewandte Chemie International Edition, 2021, 60(7):
3679-3684.

QU G, BI YX, LIU BB, LI JK, HAN X, LIU WD,
JIANG YY, QIN ZM, SUN ZT. Unlocking the
stereoselectivity and substrate acceptance of enzymes:
proline-induced loop engineering test[J]. Angewandte
Chemie International Edition, 2022, 61(1): €¢202110793.
RIESSELMAN AJ, INGRAHAM JB, MARKS DS.
Deep generative models of genetic variation capture
the effects of mutations[J]. Nature Methods, 2018, 15:
816-822.

FRAZER J, NOTIN P, DIAS M, GOMEZ A, MIN JK,
BROCK K, GAL Y, MARKS DS. Disease variant
prediction with deep generative models of evolutionary
data[J]. Nature, 2021, 599(7883): 91-95.

RAO RM, LIU J, VERKUIL R, MEIER J, CANNY J,
ABBEEL P, SERCU T, RIVES A. MSA
transformer[C]//International Conference on Machine
Learning (PMLR), 2021: 8844-8856.

NOTIN P, DIAS M, FRAZER J, MARCHENA-
HURTADO J, GOMEZ AN, MARKS D, GAL Y.
Tranception:  protein  fitness  prediction  with
autoregressive  transformers and inference-time
retrieval[C]//International Conference on Machine
Learning (PMLR), 2022: 16990-17017.

HSU C, VERKUIL R, LIU J, LIN Z, HIE B, SERCU T,
LERER A, RIVES A. Learning inverse folding from
millions of predicted structures[C]. International
Conference on Machine Learning (PMLR), 2022:
8946-8970.

SHANKER VR, BRUUN TUIJ, HIE BL, KIM PS.
Unsupervised evolution of protein and antibody
complexes with a structure-informed language
model[J]. Science, 2024, 385(6704): 46-53.
KULIKOVA AV, DIAZ DJ, LOY JM, ELLINGTON
AD, WILKE CO. Learning the local landscape of
protein  structures  with  convolutional  neural
networks[J]. Journal of Biological Physics, 2021, 47(4):
435-454.

LU HY, DIAZ DJ, CZARNECKI NJ, ZHU CZ, KIM W,
SHROFF R, ACOSTA DJ, ALEXANDER BR, COLE

: 010-64807509

(58]

[61]

[63]

[64]

[65]

[66]

HO, ZHANG Y, LYND NA, ELLINGTON AD, ALPER
HS. Machine learning-aided engineering of hydrolases
for PET depolymerization[J]. Nature, 2022, 604(7907):
662-667.

D’OELSNITZ S, DIAZ DJ, KIM W, ACOSTA DI,
DANGERFIELD TL, SCHECHTER MW, MINUS MB,
HOWARD JR, DO H, LOY JM, ALPER HS, ZHANG
YJ, ELLINGTON AD. Biosensor and machine
learning-aided engineering of an amaryllidaceae
enzyme[J]. Nature Communications, 2024, 15(1):
2084.

CHENG J, NOVATI G, PAN J, BYCROFT C,
ZEMGULYTE A, APPLEBAUM T, PRITZEL A,
WONG LH, ZIELINSKI M, SARGEANT T,
SCHNEIDER RG, SENIOR AW, JUMPER I,
HASSABIS D, KOHLI P, AVSEC Z. Accurate
proteome-wide missense variant effect prediction with
AlphaMissense[J]. Science, 2023, 381(6664): eadg7492.
SU J, HAN C, ZHOU Y, SHAN J, ZHOU X, YUAN F.
SaProt: protein language modeling with structure-
aware vocabulary[J/OL]. bioRxiv. [2024-08-01].
https://doi.org/10.1101/2023.10.01.560349.

LI M, TAN Y, MA X, ZHONG BZT, YU HQ, ZHOU
ZY, OUYANG WL, ZHOU BX, HONG L, TAN P.
ProSST: protein language modeling with quantized
structure and disentangled attention[J/OL]. bioRxiv.
[2024-08-01]. https://doi.org/10.1101/2024.04.15.589672.
RIVES A, MEIER J, SERCU T, GOYAL S, LIN ZM,
LIU J, GUO DM, OTT M, ZITNICK CL, MA ],
FERGUS R. Biological structure and function emerge
from scaling unsupervised learning to 250 million
protein sequences[J]. Proceedings of the National
Academy of Sciences of the United States of America,
2021, 118(15): €2016239118.

LUO YN, JIANG GD, YU TH, LIU Y, VO L, DING
HT, SU YF, QIAN WW, ZHAO HM, PENG J. ECNet
is an evolutionary context-integrated deep learning
framework for protein engineering[J]. Nature
Communications, 2021, 12(1): 5743.

BISWAS S, KHIMULYA G, ALLEY EC, ESVELT KM,
CHURCH GM. Low-N protein engineering with
data-efficient deep learning[J]. Nature Methods, 2021,
18(4): 389-396.

ZHOU ZY, ZHANG L, YU YX, WU BH, LI MC,
HONG L, TAN P. Enhancing efficiency of protein
language models with minimal wet-lab data through
few-shot learning[J]. Nature Communications, 2024,
15(1): 5566.

DU ZY, SU H, WANG WK, YE LS, WEI H, PENG ZL,
ANISHCHENKO I, BAKER D, YANG JY. The
trRosetta server for fast and accurate protein structure
prediction[J]. Nature Protocols, 2021, 16(12): 5634-5651.
BAEK M, DIMAIO F, ANISHCHENKO I,
DAUPARAS J, OVCHINNIKOV S, LEE GR, WANG J,
CONG Q, KINCH LN, SCHAEFFER RD, MILLAN C,
PARK H, ADAMS C, GLASSMAN CR,
DEGIOVANNI A, PEREIRA JH, RODRIGUES AV,
VAN DIJK AA, EBRECHT AC, OPPERMAN DJ, et al.
Accurate prediction of protein structures and
interactions using a three-track neural network[J].
Science, 2021, 373(6557): 871-876.

ANISHCHENKO I, PELLOCK SJ, CHIDYAUSIKU
T™, RAMELOT TA, OVCHINNIKOV S, HAO JZ,

B<: cjb@im.ac.cn

1009



1010 ISSN 1000-3061 CN 11-1998/Q 4:# TF2244R  Chin J Biotech

[68]

[72]

(73]

[74]

BAFNA K, NORN C, KANG A, BERA AK, DiMAIO F,
CARTER L, CHOW CM, MONTELIONE GT, BAKER
D. De novo protein design by deep network
hallucination[J]. Nature, 2021, 600(7889): 547-552.
WU KE, YANG KK, van den BERG R, ALAMDARI S,
ZOU JY, LU AX, AMINI AP. Protein structure
generation  via  folding  diffusion[J].  Nature
Communications, 2024, 15(1): 1059.

LEE JS, KIM J, KIM PM. ProteinSGM: score-based
generative modeling for de novo protein design[J/OL].
bioRxiv. [2024-08-01]. https://doi.org/10.1101/2022.
07.13.499967.

Watson JL, Juergens D, Bennett NR, Trippe BL, Yim J,
Eisenach HE, Ahern W, Borst AJ, Ragotte RJ, Milles
LF, Wicky BIM, Hanikel N, Pellock SJ, Courbet A,
Sheftfler W, Wang J, Venkatesh P, Sappington I,
Vazquez-Torres S, Lauko A, et al. Broadly applicable
and accurate protein design by integrating structure
prediction networks and diffusion  generative
models[J/OL]. bioRxiv. [2024-08-01]. https://doi.org/
10.1101/2022.12.09.519842

INGRAHAM JB, BARANOV M, COSTELLO Z,
BARBER KW, WANG WJ, ISMAIL A, FRAPPIER V,
LORD DM, NG-THOW-HING C, van VLACK ER,
TIE S, XUE V, COWLES SC, LEUNG A,
RODRIGUES JV, MORALES-PEREZ CL, AYOUB
AM, GREEN R, PUENTES K, OPLINGER F, et al.
[lluminating protein space with a programmable
generative model[J]. Nature, 2023, 623(7989):
1070-1078.

LISANZA SL, GERSHON JM, TIPPS S, ARNOLDTL,
HENDEL S, SIMS JN, LI X, BAKER D. Joint
generation of protein sequence and structure with
RoseTTAFold sequence space diffusion[J/OL]. bioRxiv.
[2024-08-01]. https://doi.org/10.1101/2023.05.08.539766.
YEH AHW, NORN C, KIPNIS Y, TISCHER D,
PELLOCK SJ, EVANS D, MA PC, LEE GR, ZHANG
JZ, ANISHCHENKO I, COVENTRY B, CAO LX,
DAUPARAS J, HALABIYA S, DeWITT M, CARTER
L, HOUK KN, BAKER D. De novo design of
luciferases using deep learning[J]. Nature, 2023,
614(7949): 774-780.

KRISHNA R, WANG J, AHERN W, STURMFELS P,
VENKATESH P, KALVET I, LEE GR,
MOREY-BURROWS FS, ANISHCHENKO 1,
HUMPHREYS IR, McHUGH R, VAFEADOS D, LI
XT, SUTHERLAND GA, HITCHCOCK A, HUNTER
CN, KANG A, BRACKENBROUGH E, BERA AK,
BAEK M, DiMAIO F, BAKER D. Generalized
biomolecular modeling and design with RoseTTAFold
All-Atom[J]. Science, 2024, 384(6693): eadl2528.
ABRAMSON J, ADLER J, DUNGER J, EVANS R,
GREEN T, PRITZEL A, RONNEBERGER O,
WILLMORE L, BALLARD AJ, BAMBRICK ],
BODENSTEIN SW, EVANS DA, HUNG CC,
O’NEILL M, REIMAN D, TUNYASUVUNAKOOL K,
WU Z, ZEMGULYTE A, ARVANITI E, BEATTIE C,
et al. Accurate structure prediction of biomolecular
interactions with AlphaFold 3[J]. Nature, 2024, 630:

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

[76]

[79]

[80]

[81]

[83]

493-500.

LIU YF, ZHANG L, WANG WL, ZHU M, WANG CC,
LI FD, ZHANG JH, LI HQ, CHEN Q, LIU HY.
Rotamer-free protein sequence design based on deep
learning and self-consistency[J]. Nature Computational
Science, 2022, 2(7): 451-462.

DAUPARAS J, ANISHCHENKO I, BENNETT N, BAI
H, RAGOTTE RIJ, MILLES LF, WICKY BIM,
COURBET A, de HAAS RJ, BETHEL N, LEUNG PJY,
HUDDY TF, PELLOCK S, TISCHER D, CHAN F,
KOEPNICK B, NGUYEN H, KANG A, SANKARAN
B, BERA AK, et al. Robust deep learning-based
protein sequence design using ProteinMPNN[J].
Science, 2022, 378(6615): 49-56.

DAUPARAS J, LEE GR, PECORARO R, AN L,
ANISHCHENKO I, GLASSCOCK C, BAKER D.
Atomic context-conditioned protein sequence design
using LigandMPNN[J/OL]. bioRxiv. [2024-08-01].
https://doi.org/10.1101/2023.12.22.573103.
AKPINAROGLU D, SEKI K, GUO A, ZHU E, KELLY
MJS, KORTEMME T. Structure-conditioned masked
language models for protein sequence design
generalize beyond the native sequence space[J/OL].
bioRxiv. [2024-08-01]. https://doi.org/10.1101/2023.12.
15.571823.

FERRUZ N, SCHMIDT S, HOCKER B. ProtGPT2 is a
deep wunsupervised language model for protein
design[J]. Nature Communications, 2022, 13(1): 4348.
CHEN B, CHENG X, LI P, GENG Y-A, GONGJ, LIS,
BEI Z, TAN X, WANG B, ZENG X. xTrimoPGLM:
unified 100B-scale pre-trained transformer for
deciphering the language of protein[J/OL]. arXiv.
[2024-08-01]. https://doi.org/10.48550/arXiv.2401.06199.
MADANI A, KRAUSE B, GREENE ER,
SUBRAMANIAN S, MOHR BP, HOLTON JM,
OLMOS JL Jr, XIONG CM, SUN ZZ, SOCHER R,
FRASER JS, NAIK N. Large language models
generate functional protein sequences across diverse
families[J]. Nature Biotechnology, 2023, 41(8):
1099-1106.

NIJKAMP E, RUFFOLO JA, WEINSTEIN EN, NAIK
N, MADANTI A. ProGen2: exploring the boundaries of
protein language models[J]. Cell Systems, 2023,
14(11): 968-978.¢3.

LV L, LIN ZY, LI H, LIU YY, CUI JX, CHEN CY-C,
YUAN L, TIAN YH. ProLLaMa: a protein large
language model for multi-task protein language
processing[J/OL]. arXiv. [2024-08-01]. https://doi.
org/10.48550/arXiv.2402.16445.

CHEN Z, CHEN T, XIE C, XUE Y, ZHANG X, ZHOU
J, FANG X. Unifying sequences, structures, and
descriptions for any-to-any protein generation with the
large multimodal model HelixProtX[J/OL]. arXiv.
[2024-08-01]. https://doi.org/10.48550/arXiv.2407.09274.
HAYES T, RAO R, AKIN H, SOFRONIEW NJ,
OKTAY D, LIN Z, VERKUIL R, TRAN VQ, DEATON
J, WIGGERT M. Simulating 500 million years of
evolution with a language model[J/OL]. bioRxiv.
[2024-08-01]. https://doi.org/10.1101/2024.07.01.600583.



