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Abstract: Enzymes have garnered significant attention in both research and industry due to their unparalleled
specificity and functionality, and thus opportunities remain for enhancing their physichemical properties and fitness to
improve catalytic performance. The primary objective of enzyme engineering is to optimize the fitness of targeted
enzymes through various strategies for their modifications, even redesigning. This review provides a comprehensive

overview for progress made in enzyme engineering, with a focus on artificial intelligence (Al) -guided design
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methodology. Several key strategies have been employed in enzyme engineering, including rational design, directed
evolution, semi-rational design, and Al-guided design. Rational design relies on an extensive knowledge based on
encompassing protein structures and catalytic mechanisms, allowing for purposeful manipulations of enzyme
properties. Directed evolution, on the other hand, involves the generation of a library of random variants for subsequent
high-throughput screening to identify beneficial mutations. Semi-rational design combines rational design and directed
evolution, resulting in a smaller, yet more targeted, library of variants, which mitigates high cost associated with
extensive screening of large libraries developed through directed evolution. In recent years, Al technologies,
particularly deep neural networks, have emerged as a promising approach for enzyme engineering, and Al-guided
methods leverage a vast amount of information regarding protein sequences, multiple sequence alignments, and protein
structures to learn key features for correlations. These learned features can then be applied to various downstream tasks
in enzyme engineering, such as predicting mutations with beneficial effect, optimizing protein stability, and enhancing
catalytic activity. Herewith, we delves into advancements and successes in each of these strategies for enzyme
engineering, highlighting the growing impact of Al-guided design on the process. By offering a detailed examination of
the current state of enzyme engineering, we aim at providing valuable insight for researchers and engineers to further

advance the development and optimization of enzymes for more applications.
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Wah B B s WA W R e iRE, I H —HREEE,
FREHAR R o

(Ve ASE Sl Ry a7y

FLHI B AR R 20 A W v AR AL
R BT S i N A R 1 S e kR B T
JE ) JE A B AR B A% O FB B T DA o AR AP, el
AR AR BE LR AR SCPE, P I ey i SR i vk
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Fig.1 Principles for error-prone PCR (a) and DNA

shuffling (b)
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A AR fERR S P IR T B R = e
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Fig.2 Sequence alignment of GFP with most conserved residues highlighted
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#%5 . LGNIENREREE, HSHENEITH
] 3zs /s - A A A, fH 2 A A A T 22 Fh B
i % R RAT fitness 4155 - HKS BB IS T ESM-IF &%
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F 5 B BAT AR AR ) FRAT 55, AEFT 43 B A0 0] I
AN 8 E B MR R R E YA FAR TR AR, T2 R
AR AR LG T B AR R R N A A 158 A 2 ) B ) A
Mo 3 FN B 22 2 A kA A R Bl B AR AR
FHAFAE 8 A I A BE VPG SRAR AR, 0 T Le 7 5 it
AR A S 5 AR S AEAE I B I R AR B 2> 5
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e, ol BB AR A 15 AN EHE B B ) S 4
R 5 I H B B R B AH K% & L (Spearman
correlation) it 1 0.5 (R 1. T EHEMEHFE
@AM ISR, HAPAEARRA R DhRefebn 1) 2 A
AR P IR R, REAHFEINARE
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Table 1 Spearman correlation for predicted fitness developed with unsupervised models
B S N 4y 2 HiEsE ESM-IF1  ESM-lv  MSA transformer ProGen2 Tranception

AL R B3VIS5 _LIPST 0.291 0.272 0.316 0.239 0.290
MTH3 HAEAESTABILIZED 0.423 0.488 0.564 0.507 0.479
KKA2 KLEPN 0.204 0.198 0.153 0.191 0.077
MKO1 _HUMAN 0.155 0.164 0.182 0.200 0.203
AMIE_PSEAE 0.295 0.537 0.523 0.526 0.517
RASH HUMAN 0.070 0.131 0.089 0.135 0.085
UBC9 HUMAN 0.485 0.518 0.425 0.484 0.476
BG_STRSQ 0.665 0.670 0.727 0.749 0.656
TRPC_THEMA 0.392 0.488 0.462 0.397 0.444
TIM_SULSO 0.506 0.617 0.613 0.529 0.594
P84126_THETH 0.519 0.564 0.656 0.558 0.548
BLAT ECOLX 0.673 0.692 0.538 0.601 0.622
FasE PTEN_HUMAN 0.559 0.458 0.366 0.471 0.430
TPMT_HUMAN 0.560 0.531 0.530 0.458 0.478
B 4G R DLG4 RAT 0.468 0.531 0.224 0.361 0.446
WW 0.415 0.399 0.441 0.309 0.563
B4V iy IF1_ECOLI 0.337 0.356 0.363 0.246 0.347
SUMO1_HUMAN 0.543 0.548 0.565 0.482 0.423
RL40B_YEAST 0.372 0.365 0.647 0.473 0.455
DNA 45 fie /1 FOSJUN 0.532 0.464 0.366 0.515 0.536
GAL4 YEAST 0.326 0.476 0.386 0.468 0.458
RNA 45687 RRM 0.443 0.536 0.509 0.512 0.407
TDP43 0.158 0.026 0.117 0.013 0.125
Ig-G4i&he ) GBI 0.337 0.105 0.329 0.232 0.254
“FIMA 0.413 0.453 0.438 0.376 0.374
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2417 David Baker ¥R @20, DL A [ L K 22 1 )
W3R @20 . David Baker U 8 4H ¥ o F A4S W 52 3%
(1) Rosetta JXfF 60, 1£ 2 N8 E A P € 1A 2Rk
(1 S5 P BAR R T, R A B A 0 E A B
(1 S A A B ) i i R TE T R IR PET B AR
Bty , DL BT A Ak A R A 1) K A& Z IR . Rosetta
%0 e — BB TYE S BN T AR ST
KM T 13, HES TEWEY S &R
BB A M. T RTAR . SRE KSR
M. FIAM & BB S it i) 25 B AR 2 4 E
MR SR, Wit RERE 4T & i H bR g5 M 7 1) Y
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e gE W P % it ., W GVP-GNN. ESM-IF1,
ProteinMPNN &5, 3% S6AR Y 3 1 Hi SR 1) 7 51 AR 4 =2
REME T S T T MR A A5 1, A id 4ok 2 50
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THH B A AR Ak Th e 1 B TR R ABIAR D
12018 4F Baker B 4H ! Wit T — A BAIRE A
i, DAHHSREL GFP (R G D RE, (H2 s &Rt
KBV E R, i TR BN K A 5 B0
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