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ABSTRACT: Enzymes are environmentally friendly biocatalysts that play a crucial role in catalyzing biochemical reactions.
However, the catalytic performance of natural enzymes often cannot fully meet the demands of industrial production. Rapidly
developing AI tool-assisted protein engineering modification strategies can be used to significantly enhance the catalytic properties of
enzymes. The review highlights the functional features of different protein language models and their representative tools. In
addition, the system reviews various software tools used for analyzing protein catalytic performance evaluation indicators and
provides a detailed comparison of the success rates and application permissions of different tools. Finally, the challenges and future
directions of AI techniques in protein engineering are emphasized to strengthen the role of rational computations in protein design
and personalization. This review provides a comprehensive perspective for researchers to promote further development in the field of
protein engineering.
KEYWORDS: protein engineering, thermostability engineering, enzymatic activity, enzymatic selectivity

1. INTRODUCTION
Enzymes serve as biological catalysts, exhibiting high
specificity, exceptional efficiency, and the capacity to operate
under mild conditions. These properties grant them a
paramount advantage over conventional chemical catalysts in
manufacturing. As a result, enzymatic catalysis is now
extensively employed in a wide array of fields, including
biomedicine, environmental protection, and synthetic biology.1

Early industrial biocatalysis predominantly utilized readily
available natural wild-type (WT) enzymes, which were often
repurposed from the food or other established industries for
manufacturing detergents, semisynthetic antibiotics, and
simple chiral precursors for pharmaceuticals. In contrast,
modern engineered biocatalysts must be tailored to catalyze
desired reactions, accept noncanonical substrates, and maintain
stability and activity under specified process conditions.2

Nevertheless, natural enzymes exhibit significant drawbacks
under industrial conditions. Their functional stability is often
compromised, as the elevated temperatures typical of many
industrial processes can induce denaturation and irreversible
activity loss. Moreover, their native catalytic activity is
frequently inadequate to meet the demands of industrial-
scale kinetics. Although high substrate specificity can be
advantageous in some contexts, it also narrows their
applicability by hindering the processing of non-natural or
structurally diverse substrates.
Protein engineering is an established discipline that is critical

to biotechnology, as it enables the rational redesign of enzyme
function through structure-guided mutagenesis to overcome
performance barriers in industrial applications. The catalytic
mechanism of the protein and its related modification process
are shown in Figure 1. Current dominant protein engineering

methodologies comprise three principal strategies: directed
evolution, semirational design, and rational design.3 The
comparison among the different characteristics of three
strategies is exhibited in Table 1. Breakthroughs in artificial
intelligence (AI) are propelling protein design beyond the
constraints of natural evolution, enabling the creation of novel
protein structures and functions. By leveraging the iterative
refinement of machine learning algorithms, AI-driven de novo
strategies circumvent the traditional dependence on natural
templates. These methods autonomously optimize catalytic
sites and global stability, thereby significantly enhancing
enzyme performance and applicability. Furthermore, emerging
protein language models (PLMs) and AI tools can generate
innovative protein architectures with tailored functions,
offering new technological pathways for biomolecular en-
gineering. We compared AI tool-driven protein engineering
with traditional bioinformatics-based protein engineering
approaches, and the detailed information is presented in
Table 2.
The future of industrial biotechnology promises to system-

atically overcome fundamental enzymatic constraints. This
review bridges two critical, synergistic fronts: the ongoing
revolution in AI-powered enzyme design tools and the
persistent refinement of classical protein engineering strategies.
We provide a synthesized analysis of these state-of-the-art

Received: October 8, 2025
Revised: December 29, 2025
Accepted: December 29, 2025
Published: January 5, 2026

Reviewpubs.acs.org/JAFC

© 2026 American Chemical Society
185

https://doi.org/10.1021/acs.jafc.5c13434
J. Agric. Food Chem. 2026, 74, 185−210

D
ow

nl
oa

de
d 

vi
a 

PU
R

D
U

E
 U

N
IV

 o
n 

Fe
br

ua
ry

 2
4,

 2
02

6 
at

 1
6:

50
:3

6 
(U

T
C

).
Se

e 
ht

tp
s:

//p
ub

s.
ac

s.
or

g/
sh

ar
in

gg
ui

de
lin

es
 f

or
 o

pt
io

ns
 o

n 
ho

w
 to

 le
gi

tim
at

el
y 

sh
ar

e 
pu

bl
is

he
d 

ar
tic

le
s.

https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Yaoguang+Huang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Lingrong+Wen"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Bao+Yang"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/acs.jafc.5c13434&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jafc.5c13434?ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jafc.5c13434?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jafc.5c13434?goto=recommendations&?ref=pdf
https://pubs.acs.org/toc/jafcau/74/1?ref=pdf
https://pubs.acs.org/toc/jafcau/74/1?ref=pdf
https://pubs.acs.org/toc/jafcau/74/1?ref=pdf
https://pubs.acs.org/toc/jafcau/74/1?ref=pdf
pubs.acs.org/JAFC?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://doi.org/10.1021/acs.jafc.5c13434?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://pubs.acs.org/JAFC?ref=pdf
https://pubs.acs.org/JAFC?ref=pdf


approaches, highlighting how their integration is paving the
way for a new generation of biocatalysts. This study first
systematically consolidates and summarizes the landscape of
PLMs and the computational tools derived from them. It then
methodically delineates established strategies for enhancing
key enzymatic properties-including stability, catalytic activity,
and substrate selectivity. For each strategic domain, the work
evaluates the associated computational and experimental tools,
assessing their respective strengths and limitations, and
concludes by identifying promising future trajectories for AI
development in protein engineering. Finally, this review
provides a critical assessment of the HTS technologies, the
core concepts discussed are graphically summarized in Figure
2. In summary, this review offers a critical analysis of the
prospects and challenges within contemporary enzyme
engineering. It subsequently delivers an actionable framework
for implementing AI-driven biocatalyst design, thereby
bridging the gap between computational innovation and
practical application in food processing, environmental
remediation, and biomedical fields.

2. PLMS
PLMs integrate the predictive and generative capacities of AI
into biological research, enabling the rational design of
proteins with tailored functions.4 PLMs leverage deep learning
architectures, such as Transformers, and are trained
unsupervised on extensive data sets of natural protein
sequences.5 Through this process, PLMs internalize the
evolutionary patterns, structural constraints, and functional
principles embedded in amino acid sequences, thus producing
context-aware representations for individual residues or entire
proteins. The different functions of PLMs in protein
engineering are shown in Figure 3. In the discussion of this
section, we divide the PLMs into 3 categories, which not only
helps to understand the advantages and applicable scenarios of
different models but also provides a basis for researchers to
choose suitable models for specific applications. The workflow
of the PLMs is shown in Figure 4. Based on this classification
discussion, the characteristics of different PLMs and their
applications in enzyme engineering are summarized in Table 3.
2.1. Sequence Models
These models utilize exclusively the amino acid sequences of
proteins as input during both training and inference. By
analyzing these sequences, the models are capable of

identifying inherent patterns and extracting evolutionary
signals, thereby enabling accurate prediction of how mutations
affect protein function. Sequence-based models can be broadly
categorized into two types: those that depend on multiple
sequence alignment (MSA) and those that operate without it.
MSA-dependent models derive evolutionary insights by
comparing multiple related sequences, which allows them to
capture coevolutionary relationships across residues. In
contrast, MSA-independent models process individual sequen-
ces directly, leveraging deep learning methods to detect
complex sequence motifs and long-range interdependencies
within the protein. Examples of such models include
AlphaMissense,6 FusionProt,7 and S-PLM.8

While MSA-dependent protein language models offer
significant advantages in capturing evolutionary information,
and have accumulated substantial theoretical and practical
experience in predicting the effects of gene mutations, their
performance is limited when handling sequences incompatible
with the MSA coordinate system�such as those involving
insertions or deletions. This constraint restricts the broader
applicability of such models. Furthermore, a considerable
number of disordered regions exist in the proteome that
cannot be effectively aligned through MSA. Studies indicate
that approximately 50% of human proteins contain at least one
intrinsically disordered region spanning 40 amino acids or
longer.9 By contrast, MSA-independent PLMs overcome the
limitations of their traditional counterparts by training directly
on raw protein sequences, demonstrating considerable
proficiency in predicting mutation effects. Notable examples
of such models include ESM-1v,10 ESM-1b,11 etc.
2.2. Structure Models

Structural models elucidate the relationship between protein
structure and function by capturing detailed three-dimensional
conformational information. Representative examples of such
models include Rosetta,12 FoldX,13 and GVP-GNN.14 These
models are capable not only of inferring sequences from
protein structures (inverse folding) but also of establishing a
novel paradigm for predicting mutation adaptability. Never-
theless, they face persistent challenges, including the need to
account for protein flexibility and dynamics, and to more
effectively integrate sequence and structural information.
Looking ahead, incorporating molecular dynamics (MD)
simulations offers a promising path to enhance prediction

Figure 1. Enzyme catalysis theory. (A) Lock and key model, (B) Induced fit model, (C) Common procedures for enzyme modification. AlphaFold,
Swiss-MODEL, and I-TASSER are protein structure prediction tools. PDB and UniProt are related databases of proteins. Schrodinger, AutoDock,
and Discovery Studio are three different molecular docking tools. PubChem and ChemDraw are compound databases and compound structure
drawing software, respectively.
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accuracy, thereby jointly advancing the field of protein
mutation effect prediction.
2.3. Sequence−Structure Models

Sequence-structure integrative models combine information
from both sequence and structural domains, creating a unified
framework that leverages multimodal data for more compre-
hensive and accurate predictions. By preserving the strengths
of PLMs in sequence analysis while simultaneously incorporat-
ing spatial conformational information, these models achieve
enhanced accuracy in predicting mutation effects. ESM-3 is an
important breakthrough in sequence-structure models, and
ESM-3 can generate entirely new protein sequences based on
functional requirements and successfully design functional
proteins with significant differences from known sequences.
Common sequence-structure models include ProSST,15

SaProt,16 etc.
PLMs are playing an increasingly significant role in protein

engineering. A current research hotspot involves modeling
enzyme kinetic parameters to better understand and predict
catalytic activity. Despite this prominence, practical applica-
tions of these models face several limitations. A primary
challenge is the scarcity of high-quality, large-scale mutation
data sets essential for robust model training and validation.
Future efforts could address the issue of noisy, large-scale data
by developing transfer learning strategies that integrate
multiomics information. Moreover, as many model predictions
rely solely on computational outputs without experimental
backing, researchers must interpret these results with caution,
grounding them in biological knowledge and empirical
validation. Promising future directions include introducing
multimodal training with structural and functional supervision,
and advancing the customized design of proteins from
functional or structural prompts.

3. APPROACHES FOR PROTEIN STABILITY
ENGINEERING

The inherent structural instability of enzymes is a fundamental
limitation for their industrial application, making stability
engineering a paramount objective in protein engineering.
Semirational design addresses this by combining the targeted
precision of rational design with the extensive explorative
capacity of directed evolution, thereby generating focused,
high-quality mutant libraries. This integrated approach enables
targeted structural modifications while significantly reducing
screening burdens. Within this strategy, AI extracts and
integrates key features from the three-dimensional protein
structure, including B-factors, salt bridges, and hydrogen bond
networks, to predict stabilizing mutations. This section
systematically reviews key protein engineering strategies, offers
a comparative analysis of their advantages in biocatalyst
optimization, and critically examines the current challenges
and future directions for each methodology. The established
strategies for enhancing protein thermostability are outlined in
Figure 5.
Currently, directed evolution requires a typical cycle of

several months to years, with a screening capacity on the order
of 103 −104 variants. In contrast, its ideal timeline would be
reduced to several weeks to months, with a throughput
exceeding 106 variants. Computer-aided rational design
typically spans several days to weeks and handles roughly
101 −102 variants; its ideal cycle remains in the range of days
to weeks, but with an improved throughput of 102 −103T
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variants. AI-driven protein design currently operates on a time
scale of days to weeks, with a typical throughput of 102 −104

variants, while the ideal target for such approaches is real-time
or hourly turnaround, accompanied by a virtually infinite

Table 2. Comparison of Different Protein Engineering Strategies

Comparative metrics Traditional computational protein engineering AI-Driven protein engineering

Representative
methods/tools

Site-Directed mutagenesis Deep learning models
Error-Prone PCR Convolutional neural networks (CNNs)
Sequence alignment
Phylogenetic analysis Generative adversarial networks (GANs)
Conservation analysis
Statistical coupling analysis Variational autoencoders (VAEs)

Core algorithm Sequence/Structure alignment Unsupervised learning of high-dimensional vector representations
(embeddings) from large-scale sequence data.

Physicochemical models Directly predicts function from sequence or structure without the
need for manually engineered features.

Statistical analysis Learns the underlying “grammar” of proteins to generate novel,
physiologically plausible sequences.

Training data set A limited yet high-quality experimental data set. Massive-scale sequence databases, containing hundreds of millions
to billions of sequences.

Heavy reliance on manually curated and annotated protein family
databases

Protein structure databases.
Unlabeled sequence data, such as metagenomic data sets.

Accuracy and
benchmark metrics

Rational design has a low success rate (typically <10%) Significantly enhanced predictive accuracy.
Directed evolution involves lengthy iterative cycles Capable of making accurate predictions for unseen sequences or

functions.
Benchmarks: Experimentally validated fold improvement in activity/
stability, change in melting temperature (Tm)

Benchmarks: root-mean-square deviation (RMSD), recall/
precision, experimentally validated success rate.

Scope of application Local optimization within known protein families Direct mining of novel enzymes from metagenomic data.
Heavy reliance on prior knowledge and expert input De novo generation of proteins with specified folds or functions

not found in nature.
Limited capacity for cross-family or de novo design Simultaneous optimization of multiple, unrelated protein

properties.
Prediction and design of protein−protein interactions.

Figure 2. Key components of the review.
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capacity for in silico design. The current cycle of enzyme
thermostability engineering is long and the throughput is low,
which severely limits the application of proteins in industrial

production, and the future development of high-throughput
methods for strengthening protein thermostability detection
remains a key direction for research.17

Figure 3. An overview of the different functions of the PLMs. (A) Prediction of protein−protein binding affinity changes.142 Reprinted with
permission from ref 142. Copyright 2025 American Chemical Society. (B) Determination of protein phosphorylation sites.143 Reprinted with
permission from ref 143. Copyright 2025 American Chemical Society. (C) Design of a Labile RNase A.144 Reprinted with permission from ref 144.
Copyright 2025 American Chemical Society. (D) Accurate prediction of intrinsically disordered proteins.145 Reprinted with permission from ref
145. Copyright 2024 American Chemical Society.

Figure 4. General workflow of PLMs. PLMs, compound feature extraction, and protein feature extraction-related content.146 Adapted with
permission from ref 146. Copyright 2025 Elsevier.
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3.1. B-Factor

The B-factor is a key parameter in protein crystal structure
analysis, reflecting the amplitude of atomic positional
fluctuations due to dynamic or static disorder. Notably,

structurally flexible regions, such as enzyme active sites,
substrate-binding pockets, and allosteric regulatory sites,
typically display elevated B-factor values.18 In enzyme
engineering, such localized flexibility can be strategically
constrained through the introduction of stabilizing elements

Figure 5. Tactical engineering strategies for enzyme thermostability. (A) Disulfide engineering.147 Reprinted with permission from ref 147.
Copyright 2024 American Chemical Society. (B) Proline scanning based on B-factors. (C) Increase structural rigidity of noncatalytic regions.148

Reprinted with permission from ref 148. Copyright 2025 American Chemical Society. (D) Folding energy.149 Reprinted with permission from ref
149. Copyright 2022 American Chemical Society. (E) Hydrophobic core.150 Reprinted with permission from ref 150. Copyright 2019 Springer
Nature. (F) Surface charge. (G) General engineering pipeline for protein stabilization.
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such as proline residues, disulfide bridges, or salt bridges,
offering a rational means to enhance overall protein stability.19

A series of thermostability engineering tools based on the
PLMs have been developed using the B-factor as a measure-
ment indicator, such as RONN, Maranas, SCHEMA, FireProt,
CAN, RosettaDesign, FoldX, FRESCO, and OPUS-BFactor.
Nevertheless, the B-factor provides an incomplete representa-
tion of overall protein stability. The structural stability of a
protein is governed by the collective contribution of numerous
weak interactions throughout its three-dimensional fold.
Consequently, mutation strategies that target only individual
or a limited number of high B-factor sites often yield limited
improvements and can even prove counterproductive to
stability.
Ban et al.20 have improved the thermostability of a

branching enzyme by engineering salt bridges. The K137E
mutation increased the enzyme’s half-life by 36.6%, while
K137D enhanced stability by 26%. When combined with
active-site mutations, the double mutants L25A/K137E and
L25R/K137E increased catalytic activity by 17.12% and
31.62%, respectively. This structure-guided approach success-
fully enhanced thermostability without compromising enzyme
function.
3.2. Disulfide Bond

A disulfide bond is a covalent linkage formed through the
oxidation of thiol groups from two cysteine residues. In protein
architecture, these bonds play a critical role in stabilizing the
folded three-dimensional structure, improving thermal stability
and resistance to denaturation, regulating functional activity,
and protecting key active sites.21 Disulfide bonds can be
rationally introduced into protein structures by mutating key
functional sites to cysteine residues. Computational tools, such
as Discovery Studio, Disulfide by Design 2.0, and Rosetta, are
often employed to guide the design and placement of these
bonds. Successful incorporation is typically verified using mass
spectrometry to identify linkage positions, along with
biophysical and functional assays to evaluate improvements
in thermal stability, enzymatic activity, or binding capacity. It
should be noted, however, that newly engineered disulfide
bonds may perturb the native protein conformation. Therefore,
MD simulations are recommended to assess the structural
impact of such mutations prior to experimental validation.
Polyethylene terephthalate (PET) is widely utilized in the

textile industry, household appliances, and food packaging due
to its advantageous properties, including low cost, portability,
stability, excellent barrier performance, and high trans-
parency.22 However, its resistance to natural degradation
leads to persistent environmental pollution. Enzymatic
depolymerization offers a sustainable and eco-friendly strategy
for the recycling of waste PET plastics. Among known
enzymes, IsPETase exhibits the highest hydrolytic activity
against PET under ambient conditions, though its practical
application is limited by poor stability. Li et al.23 have
enhanced the performance of the high-efficiency PET hydro-
lase variant FAST-PETase-N212A by integrating site-directed
mutagenesis with machine learning methodologies, yielding
seven variants with significantly improved activity (e.g., ACC-
T140D and ACC-T140E). These variants demonstrated
enhanced PET degradation capability under elevated temper-
atures. Notably, the disulfide bond-introduced variant Pp-
FAST-ACC exhibited a 10-fold increase in activity compared
to the wild-type enzyme at 70 °C.

Disulfide bonds are critically important for enhancing the
thermal stability of proteins. Future work could employ high-
throughput experimental platforms, including microfluidic
devices and fluorescence-activated cell sorting (FACS), to
efficiently identify stabilized protein variants. Paradoxically,
although disulfide bonds are generally considered stabilizing,
their introduction may in some cases promote partially folded
or unfolded intermediate states, potentially leading to
structural disruption. As an alternative strategy, the rational
placement of oppositely charged residue pairs at key structural
positions can be employed to strengthen electrostatic
interactions and improve thermostability without introducing
covalent constraints.
3.3. Noncatalytic Region

The noncatalytic regions of proteins are structural segments
that do not directly engage in catalytic reactions but play
essential roles in maintaining structural integrity, modulating
activity, facilitating protein−protein interactions or subunit
assembly, and performing other auxiliary functions. Stabilizing
these regions can indirectly preserve the proper conformation
of the catalytic site, thereby preventing activity loss. Such an
approach holds promise for extending the shelf life and
enhancing the robustness of proteins in industrial or medical
settings, improving stability without compromising high
catalytic performance. However, this strategy is not without
limitations. Excessive rigidification may impede essential
conformational dynamics, thereby reducing functional effi-
ciency, and the introduction of proline substitutions may
inadvertently disrupt key molecular interactions. Future efforts
could employ directed evolution or computational design
strategies to precisely enhance rigidity at targeted positions,
achieving an optimal balance between stability and functional
flexibility.
Li et al.24 have enhanced the thermal stability and activity of

β-galactosidase Aga 0917 by introducing a proline substitution
at position V140. This mutation promoted new hydrogen
bonds and salt bridges, stabilized key loops, and narrowed the
substrate-binding cleft. The resulting structural rigidity
restricted substrate fluctuation, increased binding free energy,
and shortened the catalytic distance, collectively improving the
enzyme’s performance at high temperatures. This study
enhanced the enzyme’s thermal stability by engineering its
noncritical, noncatalytic regions, while fully retaining its
catalytic activity.
3.4. Folding Energy

Protein stability is intrinsically linked to the folding process,
wherein a well-defined folding pathway and a stable conforma-
tional state are essential for functional integrity. Folding
energy-guided strategies for protein engineering typically
involve identifying key folding intermediates and critical
residues, improving folding kinetic efficiency, and optimizing
hydrophobic core packing and hydrogen-bond networks.25

Implementing thermostability engineering based on folding
mechanisms requires integrated kinetic analysis, in which MD
simulations play a central role by revealing conformational
fluctuations, mapping free energy landscapes, and delineating
folding pathways. Commonly employed MD packages such as
AMBER, GROMACS, and NAMD are widely used for these
purposes. In these simulations, the root-mean-square fluctua-
tion (RMSF) serves as a key metric, quantifying the deviation
of each residue’s α-carbon (Cα) from its average position over
the simulation trajectory, thus providing insight into local

Journal of Agricultural and Food Chemistry pubs.acs.org/JAFC Review

https://doi.org/10.1021/acs.jafc.5c13434
J. Agric. Food Chem. 2026, 74, 185−210

192

pubs.acs.org/JAFC?ref=pdf
https://doi.org/10.1021/acs.jafc.5c13434?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


T
ab

le
4.

Pr
ed

ic
tio

n
T
oo

ls
fo
r
M
ut
at
io
n-
B
as
ed

Pr
ot
ei
n
St
ab

ili
ty

En
gi
ne

er
in
g
by

R
at
io
na

lD
es
ig
na

T
oo
ln
am
e

W
or
kf
lo
w

Ap
pl
ic
at
io
n
ex
am
pl
es

Su
cc
es
s
ra
te

Ea
se
of
us
e
an
d

in
pu
t

Ad
va
nt
ag
e

Li
m
ita
tio
ns

Li
ce
ns
e

C
om
pu
ta
tio
na
lr
e-

so
ur
ce
re
qu
ire
-

m
en
ts

Re
f.

D
EP
RO

T
EC
T
-

C
on
se
ns
us

An
al
ys
is

At
gi
ve
n
po
sit
io
ns
,t
he
co
rr
e-

sp
on
di
ng
co
ns
en
su
s
am
in
o

ac
id
s
co
nt
rib
ut
e
m
or
e
th
an

th
e
av
er
ag
e
to
pr
ot
ei
n

st
ab
ili
ty
co
m
pa
re
d
w
ith

no
nc
on
se
rv
ed
am
in
o
ac
id
s

T
he
th
er
m
al
st
ab
ili
ty
of

U
D
P-
de
pe
nd
en
t
gl
yc
os
yl
-

tr
an
sfe
ra
se
ha
s
be
en
im
-

pr
ov
ed
86

-
U
se
r
fri
en
dl
y,
se
-

qu
en
ce

Pr
ot
ei
n
st
ru
ct
ur
e
in
fo
r-

m
at
io
n
is
no
t
re
qu
ire
d,

on
ly
th
e
am
in
o
ac
id

se
qu
en
ce
is
ne
ed
ed

O
ve
r-r
el
ia
nc
e
on

ev
ol
ut
io
na
ry

co
ns
er
va
tio
n
an
d
ig
no
rin
g

fu
nc
tio
na
li
nn
ov
at
io
n

O
pe
n

so
ur
ce

W
eb
se
rv
er

87

M
ut
co
m
pu
te

Id
en
tif
ic
at
io
n
of
H
yd
G
hy
dr
o-

la
se
st
ab
ili
zi
ng
m
ut
at
io
ns

us
in
g
a
3D

se
lf-
su
pe
rv
ise
d

co
nv
ol
ut
io
na
ln
eu
ra
ln
et
-

w
or
k

En
ha
nc
ed
th
er
m
os
ta
bi
lit
y
of

PE
T
hy
dr
ol
as
e

-
U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

O
nl
y
PD
B
ID

is
re
qu
ire
d

fo
r
pr
ed
ic
tio
n
an
d
vi
s-

ua
liz
at
io
n

U
na
bl
e
to
pr
ov
id
e
co
nt
ex
tu
al
iz
ed

pr
ed
ic
tio
ns
in
m
ic
ro
en
vi
ro
n-

m
en
ts
w
ith

at
om
s
fro
m
co
fa
c-

to
rs
lig
an
ds
or
nu
cl
ei
c
ac
id
s

O
pe
n

so
ur
ce

W
eb
se
rv
er

34

PR
O
SS

Pr
ed
ic
tin
g
en
zy
m
e
st
ab
ili
ty

m
ut
at
io
n
sit
es

T
he
st
ab
ili
ty
of
ha
lo
al
ka
ne

de
ha
lo
ge
na
se
D
ha
A1
15

is
en
ha
nc
ed
88

T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
fo
r
L-
rh
am
no
se

ki
na
se
(R
ha
B)

is
80
%
89

U
se
r
fri
en
dl
y,
se
-

qu
en
ce

T
he
rm
al
st
ab
ili
ty
de
sig
n

fo
r
m
ul
tip
le
-p
oi
nt
m
u-

ta
tio
ns
ca
n
be
ap
pl
ie
d

O
ve
r-r
el
ia
nc
e
on

th
e
ac
cu
ra
cy
of

pr
ot
ei
n
st
ru
ct
ur
e
in
fo
rm
at
io
n

le
ad
s
to
in
ac
cu
ra
te
pr
ed
ic
tio
n

of
th
er
m
al
st
ab
ili
ty
fo
rp
ro
te
in
s

w
ith

la
rg
e
dy
na
m
ic
co
nf
or
m
a-

tio
na
lc
ha
ng
es

O
pe
n

so
ur
ce

W
eb
se
rv
er

90

D
ee
pD
D
G

Pr
ed
ic
tio
n
of
th
er
m
al
st
ab
ili
ty

ch
an
ge
s
ca
us
ed
by
am
in
o

ac
id
m
ut
at
io
ns
ba
se
d
on

ne
ur
al
ne
tw
or
ks

T
he
th
er
m
al
st
ab
ili
ty
of

ca
rb
on
yl
re
du
ct
as
e

Ls
C
RM

4
is
en
ha
nc
ed
91

T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
fo
r

α-
ca
rb
on
ic
an
-

hy
dr
as
es
(C
As
)
is

84
.6
1%

92

U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

Pr
ed
ic
tio
n
ba
se
d
on

a
la
rg
e
am
ou
nt
of
ex
pe
r-

im
en
ta
ld
at
a
an
d
ne
ur
al

ne
tw
or
ks

C
on
sid
er
in
g
on
ly
th
e
lo
ca
le
nv
i-

ro
nm
en
t
ha
s
lim
ita
tio
ns

O
pe
n

so
ur
ce

W
eb
se
rv
er

93

Fi
re
Pr
ot

D
es
ig
ni
ng
m
ul
tif
un
ct
io
na
ls
ite
s

w
hi
le
re
ta
in
in
g
th
e
ac
tiv
e
sit
e

to
en
ha
nc
e
st
ab
ili
ty

T
he
ca
ta
ly
tic
ac
tiv
ity

an
d

st
ab
ili
ty
of
ph
os
ph
ol
ip
as
e

D
(P
LD
)
w
er
e
sig
ni
fi-

ca
nt
ly
im
pr
ov
ed
94

T
he
th
er
m
al
st
ab
ili
ty
en
-

gi
ne
er
in
g
su
cc
es
sr
at
e
of

In
ul
os
uc
ra
se
is

11
.1
1%

95

U
se
r
fri
en
dl
y,
se
-

qu
en
ce

Al
lo
w
in
g
us
er
s
to
di
re
ct
ly

an
al
yz
e
an
d
se
le
ct
iv
el
y

m
od
ify
th
er
m
os
ta
bl
e

m
ut
an
ts

T
he
pr
ed
ic
tio
n
ac
cu
ra
cy
is
af
-

fe
ct
ed
on

st
ru
ct
ur
es
ob
ta
in
ed

fro
m
lo
w
-re
so
lu
tio
n
st
ru
ct
ur
es

or
ho
m
ol
og
y
m
od
el
in
g

O
pe
n

so
ur
ce

W
eb
se
rv
er

96

D
isu
lfi
de
by
D
e-

sig
n
2

D
es
ig
ni
ng
di
su
lfi
de
bo
nd
s

T
he
st
ab
ili
ty
of
k-
ca
rr
ag
ee
-

na
se
fro
m
th
e
ge
nu
s
Ps
eu
-

do
al
te
ro
m
on

as
in
se
aw
ee
d

ha
s
be
en
im
pr
ov
ed
97

T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
fo
r
th
e
se
rin
e
pr
o-

te
as
e
PB
92

is
66
.6
7%

98

U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

It
ca
n
ac
cu
ra
te
ly
id
en
tif
y

po
te
nt
ia
ld
isu
lfi
de

bo
nd

fo
rm
at
io
n
sit
es

T
he
re
is
a
siz
e
lim
ita
tio
n
(5
00
0

re
sid
ue
s)
fo
r
pr
ot
ei
ns
th
at
ca
n

be
an
al
yz
ed

O
pe
n

so
ur
ce

W
eb
se
rv
er

99

Yo
ss
hi

D
es
ig
ni
ng
di
su
lfi
de
bo
nd
s

-
-

U
se
r
fri
en
dl
y,
th
e

fo
rm
at
of
m
ul
ti-

pl
e
se
qu
en
ce

al
ig
nm
en
ts

(F
AS
T
A)

an
d

pr
ot
ei
n
st
ru
c-

tu
re
s
(P
D
B)

In
tr
od
uc
in
g
di
su
lfi
de

bo
nd
s
at
su
ita
bl
e
po
si-

tio
ns
ba
se
d
on

ho
m
ol
-

og
ou
s
se
qu
en
ce
al
ig
n-

m
en
t

T
he
de
sig
ne
d
po
sit
io
ns
of
th
e

di
su
lfi
de
bo
nd
s
di
d
no
t
co
n-

sid
er
th
e
ac
tiv
e
sit
es
,w
hi
ch

m
ay
le
ad
to
lo
ss
of
pr
ot
ei
n

ac
tiv
ity

O
pe
n

so
ur
ce

W
eb
se
rv
er

10
0

Po
pm
us
ic

D
es
ig
ni
ng
m
ut
at
io
n
sit
es
ba
se
d

on
th
e
ch
an
ge
in
fo
ld
in
g
fre
e

en
er
gy
be
fo
re
an
d
af
te
r

m
ut
at
io
n

En
ha
nc
ed
ca
ta
ly
tic
ac
tiv
ity

an
d
st
ab
ili
ty
of
C
hi
tin
-

bi
nd
in
g
Ly
as
e1
01

-
U
se
r
fri
en
dl
y,
PD
B

ID
T
he
ch
an
ge
in
th
er
m
o-

st
ab
ili
ty
du
e
to
al
lt
he

sin
gl
e
po
in
t
m
ut
at
io
ns

ca
n
be
ca
lc
ul
at
ed

T
he
pr
ed
ic
tiv
e
re
su
lts
ar
e
gr
ea
tly

in
flu
en
ce
d
by
th
e
in
fo
rm
at
io
n

on
cr
ys
ta
ls
tr
uc
tu
re

O
pe
n

so
ur
ce

W
eb
se
rv
er

10
2

H
ot
sp
ot
W
iz
ar
d

3.
0

Im
pr
ov
in
g
th
e
st
ab
ili
ty
,c
at
a-

ly
tic
ac
tiv
ity
,s
ub
st
ra
te
sp
e-

ci
fic
ity
,a
nd

en
an
tio
se
le
ct
iv
-

ity
of
pr
ot
ei
ns

In
cr
ea
se
d
st
ab
ili
ty
of
su
pe
r-

he
at
ed

β-
M
an
na
na
se
10
3

T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
fo
r
th
e
W
T
la
ct
at
e

de
hy
dr
og
en
as
e
Lr
LD
H

fro
m

La
cto

ba
cil
lu
s

rh
am

no
su
s
is
10
.5
21
04

U
se
r
fri
en
dl
y,
se
-

qu
en
ce

Im
pr
ov
in
g
th
e
st
ab
ili
ty
,

ca
ta
ly
tic
ac
tiv
ity
,s
ub
-

st
ra
te
sp
ec
ifi
ci
ty
,a
nd

en
an
tio
se
le
ct
iv
ity

of
pr
ot
ei
ns

T
he
pr
ot
ei
n
st
ru
ct
ur
es
ob
ta
in
ed

th
ro
ug
h
ho
m
ol
og
y
m
od
el
in
g

ha
ve
a
sig
ni
fic
an
t
im
pa
ct
on

m
ut
an
t
de
sig
n

O
pe
n

so
ur
ce

W
eb
se
rv
er

64

G
RA
PE
-W
EB

Sc
re
en
in
g
fo
r
th
e
op
tim

al
m
ut
at
io
n
co
m
bi
na
tio
n
to

en
ha
nc
e
pr
ot
ei
n
st
ab
ili
ty

-
T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
fo
r
26
48
m
ut
an
ts
of

13
1
pr
ot
ei
ns
is

76
.7
%
10
5

U
se
r
fri
en
dl
y,
se
-

qu
en
ce
or
st
ru
c-

tu
re

N
o
ex
te
ns
iv
e
bi
oi
nf
or
-

m
at
ic
s
kn
ow
le
dg
e
re
-

qu
ire
d
to
de
sig
n,
ch
ec
k

an
d
co
m
bi
ne
st
ab
ili
zi
ng

m
ut
at
io
ns

U
na
bl
e
to
pe
rfo
rm

op
tim

al
ly
fo
r

hi
gh
ly
dy
na
m
ic
pr
ot
ei
ns

O
pe
n

so
ur
ce

W
eb
se
rv
er

10
5

Journal of Agricultural and Food Chemistry pubs.acs.org/JAFC Review

https://doi.org/10.1021/acs.jafc.5c13434
J. Agric. Food Chem. 2026, 74, 185−210

193

pubs.acs.org/JAFC?ref=pdf
https://doi.org/10.1021/acs.jafc.5c13434?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


T
ab

le
4.

co
nt
in
ue

d

T
oo
ln
am
e

W
or
kf
lo
w

Ap
pl
ic
at
io
n
ex
am
pl
es

Su
cc
es
s
ra
te

Ea
se
of
us
e
an
d

in
pu
t

Ad
va
nt
ag
e

Li
m
ita
tio
ns

Li
ce
ns
e

C
om
pu
ta
tio
na
lr
e-

so
ur
ce
re
qu
ire
-

m
en
ts

Re
f.

Fo
ld
X

T
he
st
ab
ili
ty
ch
an
ge
s
be
fo
re

an
d
af
te
r
m
ut
at
io
n
ba
se
d
on

fo
ld
in
g
fre
e
en
er
gy
ar
e
pr
e-

se
nt
ed

Im
pr
ov
in
g
th
e
th
er
m
al

st
ab
ili
ty
of
3-
K
et
os
te
ro
id

Δ
1-
D
eh
yd
ro
ge
na
se
51
06

T
he
th
er
m
al
st
ab
ili
ty
en
-

gi
ne
er
in
g
su
cc
es
sr
at
e
of

G
H
10

xy
la
na
se
is

45
%
10
7

U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

Pr
ed
ic
tin
g
de
st
ab
ili
zi
ng

m
ut
at
io
ns
m
or
e
ac
cu
-

ra
te
ly

T
he
pr
ed
ic
tio
n
ac
cu
ra
cy
de
pe
nd
s

on
th
e
qu
al
ity

of
th
e
pr
ot
ei
n

cr
ys
ta
ls
tr
uc
tu
re

O
pe
n

so
ur
ce

C
om
m
on
ly
in
te
-

gr
at
ed
w
ith

YA
-

SA
RA
,i
t
re
qu
ire
s

lo
ca
ld
ep
lo
ym
en
t

10
8

Fo
ld
X

T
he
st
ab
ili
ty
ch
an
ge
s
be
fo
re

an
d
af
te
r
m
ut
at
io
n
ba
se
d
on

fo
ld
in
g
fre
e
en
er
gy
ar
e
pr
e-

se
nt
ed

Im
pr
ov
in
g
th
e
th
er
m
al

st
ab
ili
ty
of
3-
K
et
os
te
ro
id

Δ
1-
D
eh
yd
ro
ge
na
se
51
07

T
he
th
er
m
al
st
ab
ili
ty
en
-

gi
ne
er
in
g
su
cc
es
sr
at
e
of

G
H
10

xy
la
na
se
is

45
%
10
7

U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

Pr
ed
ic
tin
g
de
st
ab
ili
zi
ng

m
ut
at
io
ns
m
or
e
ac
cu
-

ra
te
ly

T
he
pr
ed
ic
tio
n
ac
cu
ra
cy
de
pe
nd
s

on
th
e
qu
al
ity

of
th
e
pr
ot
ei
n

cr
ys
ta
ls
tr
uc
tu
re

O
pe
n

so
ur
ce

C
om
m
on
ly
in
te
-

gr
at
ed
w
ith

YA
-

SA
RA
,i
t
re
qu
ire
s

lo
ca
ld
ep
lo
ym
en
t

10
8

I
M
ut
an
t

Au
to
m
at
ic
pr
ed
ic
tio
n
of

st
ab
ili
ty
ch
an
ge
s
in
pr
ot
ei
ns

up
on

sin
gl
e-
po
in
t
m
ut
at
io
ns

Im
pr
ov
in
g
th
e
st
ab
ili
ty
of

Rh
iz
om

uc
or

m
ieh

ei
li-

pa
se
10
9

-
U
se
r
fri
en
dl
y,
se
-

qu
en
ce
or
st
ru
c-

tu
re

T
he
pr
ed
ic
tio
n
of
th
e

st
ab
ili
ty
of
m
ut
an
ts
ca
n

be
ac
hi
ev
ed
so
le
ly

ba
se
d
on

th
e
am
in
o

ac
id
se
qu
en
ce

Ig
no
rin
g
th
e
in
flu
en
ce
of
pr
ot
ei
n

st
er
eo
co
nf
or
m
at
io
n
on

pr
ot
ei
n

st
ab
ili
ty

O
pe
n

so
ur
ce

W
eb
se
rv
er

91

B-
Fi
tte
r

C
al
cu
la
te
th
e
B-
fa
ct
or
va
lu
es

fo
r
ea
ch
am
in
o
ac
id
re
sid
ue

T
he
rm
os
ta
bi
lit
y
en
ha
nc
e-

m
en
t
of
al
ka
lin
e
am
yl
as
e

Am
y
I2
0

T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
fo
r
(+
)-

γ-
la
ct
am
as
e

is
54
.5
5%

11
0

U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

As
sis
tin
g
in
id
en
tif
yi
ng

fle
xi
bl
e
re
gi
on
s
of
pr
o-

te
in
s,
se
le
ct
in
g
po
te
n-

tia
lm

ut
at
io
n
sit
es
,a
nd

en
ha
nc
in
g
th
e
ef
fi-

ci
en
cy
of
m
od
ifi
ca
tio
n

U
na
bl
e
to
pr
ed
ic
t
pr
ot
ei
ns
w
ith

un
kn
ow
n
st
ru
ct
ur
es

O
pe
n

so
ur
ce

Lo
ca
ld
ep
lo
ym
en
t

m
an
da
te
s
hi
gh
-

pe
rfo
rm
an
ce

co
m
pu
tin
g
re
-

so
ur
ce
s

11
1

FR
ES
C
O

A
20

−
35

°C
in
cr
ea
se
in

en
zy
m
e
st
ab
ili
ty
is
ac
hi
ev
ed

w
ith

re
la
tiv
el
y
fe
w
ex
pe
ri-

m
en
ta
ls
cr
ee
ns

Al
co
ho
lD
eh
yd
ro
ge
na
se

(A
D
H
)
St
ab
ili
ty
En
-

ha
nc
em
en
t1
12

T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
(i
nt
er
fa
ce
m
ut
a-

tio
ns
)
fo
r

ω
-tr
an
sa
m
i-

na
se
is
56
%
11
3

U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

H
ig
h
de
gr
ee
of
au
to
m
a-

tio
n,
w
el
ls
ui
te
d
fo
r

la
rg
e-
sc
al
e
m
ut
an
ts

U
na
bl
e
to
be
ap
pl
ie
d
to
pr
ot
ei
ns

w
ith

un
kn
ow
n
st
ru
ct
ur
es

O
pe
n

so
ur
ce

Lo
ca
ld
ep
lo
ym
en
t

m
an
da
te
s
hi
gh
-

pe
rfo
rm
an
ce

co
m
pu
tin
g
re
-

so
ur
ce
s

11
4

Pr
ot
ei
nM

PN
N

G
iv
en
th
e
ba
ck
bo
ne
st
ru
ct
ur
e

of
a
pr
ot
ei
n,
fin
d
a
co
rr
e-

sp
on
di
ng
am
in
o
ac
id
se
-

qu
en
ce

Im
pr
ov
ed
st
ab
ili
ty
of
T
EV

pr
ot
ea
se
11
5

T
he
rm
al
st
ab
ili
ty
na
tu
ra
l

hu
m
an
m
yo
gl
ob
in

(n
M
b)
w
ith

a
40
%

im
pr
ov
em
en
t1
15

U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

T
he
m
od
ifi
ca
tio
n
of
pr
o-

te
in
ex
pr
es
sio
n,
st
ab
il-

ity
,a
nd
fu
nc
tio
n
ca
n
be

ac
hi
ev
ed
sim

ul
ta
ne
-

ou
sly

T
he
nu
m
be
r
of
am
in
o
ac
id

re
sid
ue
s
to
be
sc
re
en
ed
ne
ed
s

to
be
de
te
rm
in
ed
em
pi
ric
al
ly

O
pe
n

so
ur
ce

Lo
ca
ld
ep
lo
ym
en
t

is
Li
nu
x-
de
pe
nd
-

en
t

11
6

Ro
se
tta

D
es
ig
ni
ng
m
ut
an
ts
w
ith

sig
-

ni
fic
an
tly

im
pr
ov
ed
st
ab
ili
ty

th
ro
ug
h
tw
o
m
ut
at
io
n
st
ra
t-

eg
ie
s

T
he
ob
ta
in
ed
co
m
bi
ne
d

m
ut
an
t
ha
s
an
in
cr
ea
se
d

th
er
m
al
st
ab
ili
ty
of
m
or
e

th
an
20

°C
an
d
an
ex
-

pr
es
sio
n
le
ve
lt
ha
ti
s
m
or
e

th
an
10

tim
es
hi
gh
er

T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
fo
r
gl
yc
os
yl
tr
an
sfe
r-

as
e
U
G
T
76
G
1
is

50
%
11
7

U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

En
gi
ne
er
in
g
pr
ot
ei
n

st
ab
ili
ty
un
de
r
eq
ui
li-

br
iu
m
ac
tiv
ity

co
nd
i-

tio
ns

Re
co
m
m
en
da
tio
ns
fo
r
ev
ol
ut
io
-

na
ril
y
no
nc
on
se
rv
at
iv
e
m
ut
a-

tio
ns
af
fe
ct
in
g
pr
ot
ei
n
fo
ld
in
g

O
pe
n

so
ur
ce

C
om
pu
ta
tio
na
lly

in
te
ns
iv
e

11
8

Bo
os
tM
ut

D
es
ig
n
of
pr
ot
ei
n
m
ut
at
io
n

St
ab
ili
ty

-
T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
fo
r
lim
on
en
e-
1,
2-

ep
ox
id
e
hy
dr
ol
as
e

(L
EH

)
w
as
42
.1
1%

11
9

Pe
rfo
rm
ed
th
ro
ug
h

M
D
sim

ul
at
io
ns
,

re
la
tiv
el
y
co
m
-

pl
ex

It
ca
n
be
us
ed
fo
r
cu
s-

to
m
iz
at
io
n
of
pr
ot
ei
n

lo
ca
ls
tr
uc
tu
re
s

M
D
sim

ul
at
io
ns
in
cr
ea
se
th
e

co
m
pu
ta
tio
na
lc
os
t

O
pe
n

so
ur
ce

C
om
pu
ta
tio
na
lly

in
te
ns
iv
e

11
9

H
oT
M
uS
iC

Pr
ed
ic
tio
n
of
th
e
ef
fe
ct
s
of

m
ut
at
io
ns
on

pr
ot
ei
n
m
el
t-

in
g
te
m
pe
ra
tu
re

T
he
th
er
m
al
st
ab
ili
ty
of

ar
gi
ni
ne
de
im
in
as
e
in

En
-

te
ro
co
cc
us

fa
ec
al
is

SK
23
.0
01

ha
s
be
en
im
-

pr
ov
ed
12
0

T
he
su
cc
es
s
ra
te
of
th
er
-

m
al
st
ab
ili
ty
en
gi
ne
er
-

in
g
in

Ba
cil
lu
s
th
ur
in
-

gi
en
sis
is
25
%
12
1

U
se
r
fri
en
dl
y,
3D

pr
ot
ei
n
st
ru
ct
ur
e

Sc
re
en
in
g
al
lp
os
sib
le

am
in
o
ac
id
su
bs
tit
u-

tio
ns
in
th
e
ta
rg
et

pr
ot
ei
n

T
he
m
ut
at
io
n
da
ta
is
ve
ry

un
ba
la
nc
ed
to
w
ar
d
un
st
ab
le

m
ut
at
io
ns

O
pe
n

so
ur
ce

W
eb
se
rv
er

12
2

a
“-
”
in
di
ca
te
s
no

re
le
va
nt
su
cc
es
s
ra
te
re
po
rt
ed
.

Journal of Agricultural and Food Chemistry pubs.acs.org/JAFC Review

https://doi.org/10.1021/acs.jafc.5c13434
J. Agric. Food Chem. 2026, 74, 185−210

194

pubs.acs.org/JAFC?ref=pdf
https://doi.org/10.1021/acs.jafc.5c13434?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


flexibility and structural stability. PROSS is a computational
design server based on evolutionary analysis and structural
stability, whose core logic involves introducing stabilizing
mutations. It inherently incorporates AI-related concepts by
integrating the Rosetta energy function for comprehensive
scoring. Through training of deep learning models, this
platform takes protein sequences (or mutant sequences) as
input to directly predict their folding free energy or changes in
thermal stability.
Tryptophan hydroxylase (TPH) enables the enzymatic

production of 5-hydroxytryptophan from L-tryptophan. Wang
et al.26 have employed ΔΔG as a design criterion to obtain two
TPH mutants, M1 (S422V) and M30 (V275L/I412K), which
exhibited significantly enhanced thermal stability. The half-
lives of these two mutants at 37 °C were 5.66-fold and 6.32-
fold longer than that of the WT, respectively, while their Tm
increased by 4.2 and 6.0 °C compared to WT. Tian et al.27

have engineered Bacillus subtilis lipase A using an SVM model
based on site-directed mutagenesis. The model analyzed 181
mutation sites and successfully identified four known
stabilizing residues (G80V, G111D, M134D, N161Y), along
with other predicted high-stability variants. Nevertheless, MD
simulations approaches face several inherent limitations: (1)
Force field inaccuracies introduce systematic biases in
modeling hydrophobic interactions, hydrogen bonds, and
ionic contacts, potentially compromising predictive reliability,
(2) Strong dependency on experimental validation creates
bottlenecks, as high-throughput experimentation remains cost-
prohibitive for large-scale applications. Future advancements
should focus on integrated computational-experimental closed-
loop systems, leveraging automated platforms to establish
iterative “simulation-experimentation-model refinement” cycles
for accelerated design validation and optimization.
3.5. Surface Charge Distribution

Optimizing surface charge is a core strategy in protein stability
engineering. Introducing salt bridges is an important method
to improve protein stability based on the strategy of protein
surface charge distribution. A salt bridge is the electrostatic
attraction between positively charged cationic groups and
negatively charged anionic groups in proteins, which stabilizes
the natural conformation of proteins by linking different parts
of the protein together. AI can directly generate surface
electrostatic potential maps of proteins by training deep
learning models (e.g., 3D convolutional neural networks) with
protein structures as input. This approach is several orders of
magnitude faster than traditional numerical computations,
enabling rapid screening of massive numbers of mutants. This
strategy focuses on the charged amino acids on the protein
surface and can improve the thermal stability of enzymes
without changing their enzymatic activity, showing promise for
further application in industrial manufacturing.
Vidya et al.28 have improved the thermostability of E. coli I-

aspartase II through surface charge engineering. Replacing
positively charged residues K139 and K207 with neutral
alanine yielded variants with superior stability compared to
both the wild-type enzyme and a charge-conserving mutant,
demonstrating that surface charge optimization is an effective
strategy for enhancing protein stability.
3.6. Calculation Tool

Current computational tools for enhancing protein stability
primarily leverage principles such as multiple sequence
alignment (MSA) and changes in protein folding energy.

The effect of mutations on stability is commonly assessed by
calculating the change in folding free energy (ΔΔG) using
tools such as FoldX and Rosetta. These programs employ
energy functions based on physicochemical force fields to
simulate conformational changes induced by amino acid
substitutions. MSA also contributes significantly to stability
design: conserved residues are identified through phylogenetic
analysis, and high-frequency residues are selected to improve
stability via a “back-to-consensus” strategy. For instance,
FireProt identifies evolutionarily stable mutations through
sequence evolution analysis, which are subsequently validated
with FoldX. Furthermore, by integrating three-dimensional
structural features, including geometric vectors and inter-
residue distances, with sequence information, machine learning
models can be trained to predict the stability effects of both
single and multiple mutations. Combining energy-based
calculations with evolutionary analysis enables the screening
of synergistic multipoint mutations while mitigating antago-
nistic effects, thereby supporting robust and effective protein
stabilization.
Peccati et al.29 have developed a computational approach

combining AlphaFold structural ensembles with Rosetta-ddG
to predict enzyme thermostability. This method accurately
estimates ΔΔG values for mutants and accelerates protein
engineering, reducing development cycles from years to weeks.
Table 4 summarizes the applications of several common AI
tools in enzyme thermostability engineering.

4. ENGINEERING APPROACHES FOR ENHANCING
PROTEIN CATALYTIC ACTIVITY

Catalytic activity serves as a critical parameter for evaluating
enzymatic performance. However, natural enzymes often
exhibit limited catalytic efficiency owing to inherent structural
and functional constraints, resulting in low product conversion
rates and prolonged production cycles that restrict their
industrial applicability. Enhancing enzymatic activity can
markedly reduce reaction durations, decrease enzyme loading,
improve product yields, and ultimately enable more efficient,
environmentally friendly, and cost-effective biocatalytic pro-
cesses.30 A range of strategies, primarily leveraging protein
structural and sequence information, has been developed to
modify enzymatic catalytic activity, yielding substantial
improvements in performance. AI utilizes machine learning
regression models to predict the effects of point mutations on
enzymatic activity for virtual screening. The section critically
reviews several emerging approaches for enhancing enzyme
activity. Currently, machine learning and computational
models are increasingly applied in the engineering of enzyme
catalysis and have demonstrated significant potential for
advancing biotechnological applications. For example, using
ProteinMPNN to design variants of TEVd with enhanced
catalytic efficiency.31 Future efforts may focus on leveraging
emerging technologies, such as AI and quantum computing, to
achieve unprecedented efficiency and atomic-level precision in
the rational design of proteases.
4.1. Catalytic Active Site

Key catalytic residues within the enzyme active site are
indispensable for enzymatic function. Based on the ligand-
bound crystal structure, residues surrounding the ligand are
systematically identified, and their contributions to activity are
assessed via alanine scanning mutagenesis. Positions where
mutations lead to substantial activity changes are subsequently
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subjected to saturation mutagenesis using NNK degenerate
codons (N = A/C/G/T, K = G/T), which cover over 95% of
all possible amino acid substitutions. For each targeted residue,
approximately 100 mutant clones are typically screened,
leading to the identification of variants with enhanced catalytic
activity.32

Du et al.33 have engineered a Baeyer−Villiger monoox-
ygenase by mutating residues A339 and Q442 near the
catalytic site. The A339E variant showed 2.4- to 3-fold higher
activity toward specific cyclopentanones, while the Q442N
mutant achieved a 2.7- to 3.8-fold improvement. The study
highlights the need to balance activity gains with potential
stability loss in enzyme engineering. Lu et al.34 have designed
hydrolase variants using a CNN-based approach, generating
mutants with 3.4-fold and 29-fold higher activity than the wild-
type enzyme, showcasing the potential of computational
guided protein design. However, such active-site mutations
often reduce enzyme stability, and the native binding pocket
may be suboptimal for non-native substrates. Therefore,
implementing this strategy requires carefully balancing catalytic
improvement against potential destabilization. Future efforts
should focus on integrated engineering approaches that
simultaneously enhance activity and stability.
4.2. Conformational Regulation

The dynamic conformation of proteins is mainly explored
through X-ray crystallography, cryo-electron microscopy, or
time-resolved spectroscopy techniques, elucidating the con-
formational differences of enzymes at various catalytic stages.
Substrates induce conformational changes in enzymes, making
the active sites precisely match the shape of the substrate,
forming the microenvironment required for catalysis. On the
other hand, enzymes exist in a variety of conformational
equilibria in solution, and substrate-selective binding and
catalytically active conformations drive the reaction forward.

By revealing the deep connection between dynamic con-
formation and catalytic activity, protein engineering based on
dynamics and conformational regulation can be effectively
applied to the modification process of enzyme catalytic
activity.35 However, excessive rigidification of enzymes may
hinder product release, and distal mutations might unexpect-
edly affect the folding pathway or protein stability.
By examining catalytic residue dynamics across diverse

enzymes, Kaczmarski et al.36 have demonstrated that remote
mutations can enhance enzyme catalysis by reshaping
conformational dynamics. In the evolutionary trajectory of a
dehydratase, such mutations restricted nonproductive con-
formations and enabled the modern enzyme to sample only
catalytically competent states, highlighting the role of dynamic
allostery in optimizing activity.
4.3. Sequence Alignment

In homologous protein sequence alignments, absolutely
conserved residues often participate directly in catalysis, and
their targeted structural and dynamic fine-tuning can enhance
enzymatic activity. Sequence alignment reveals evolutionary
patterns of conservation, adaptation, and coevolution, thereby
identifying promising targets for catalytic optimization.
Integrating structural biology with machine learning enables
a synergistic combination of “local active-site optimization”
and “global dynamic network reconstruction,” which not only
improves the efficiency of protein engineering but also
facilitates the exploration of functionally relevant distant
sites. AI can leverage powerful genomic databases and search
tools to collect hundreds of thousands or even millions of
homologous sequences, generate deep multiple sequence
alignments (MSAs), subsequently extract key features from
the MSA, and finally perform intelligent design based on the
learned features. Nevertheless, this strategy is constrained by
its reliance on high-quality homologous sequence data.

Figure 6. General workflow for enzymatic activity engineering.151 Adapted with permission from ref 151. Copyright 2025 American Chemical
Society.
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Furthermore, mutations at evolutionarily conserved positions
can inadvertently reduce enzyme stability.
The amidase from Agrobacterium radiobacter D3 (AmdA)

catalyzes the degradation of the carcinogen ethyl carbamate in
alcoholic beverages. Through targeted mutagenesis near the
conserved catalytic triad of AmdA, Yao et al.37 have developed
the I97L/G195A double mutant. This variant exhibits a 3.1-
fold increase in hydrolytic activity and a 1.5-fold improvement
in ethanol tolerance, achieved by strengthening substrate-
binding hydrogen bonds. Galmes et al.38 have compared the
active sites of two esterases and revealed that Trp104 in CalB
forms a hydrophobic pocket essential for substrate positioning,
analogous to phenylalanine residues in Bs2. Using a CNN
model, they predicted structure-influencing mutations and
demonstrated how 3D visualization of catalytic centers
facilitates the design of improved catalysts.
4.4. Iterative Optimization

Iterative mutagenesis involves introducing successive rounds of
mutations based on previously identified beneficial variants.39

This strategy enables the accumulation of multiple activity-
enhancing substitutions, yielding mutants with substantially
improved catalytic performance. When coupled with HTS
techniques, the approach facilitates the rapid identification of
variants with further optimized activity. The integration of
iterative mutagenesis with HTS significantly accelerates the
engineering cycle, the corresponding workflow is summarized
in Figure 6.
Li et al.40 have engineered an enzyme’s active site using

computational iterative saturation mutagenism guided by
transition-state analogs. After three rounds, a triple mutant
was obtained that showed a 29.3-fold increase in catalytic
activity. This TSA-guided strategy enables simultaneous
optimization of multiple enzyme properties like activity and
stability. However, this method necessitates the construction
and screening of mutant libraries, leading to extended
experimental timelines and significant resource investment.
Additionally, gains in activity may sometimes coincide with
reduced protein stability.
Future efforts to address this challenge may employ several

integrated strategies: (1) leverage AI tools, such as DLKcat and
CatPro, for preliminary screening of designed thermal stability
or substrate selectivity sites to identify hotspot mutations that
concurrently enhance both activity and thermostability, (2)
design mutation sites related to thermal stability and substrate
selectivity distal to the active pocket to minimize interference
with catalytic function, and (3) systematically combine
individual point mutations that independently improve activity
and thermostability to generate combinatorial variants with
significantly augmented performance in both attributes.
4.5. Substrate Tunnel

Substrate channel engineering is a rational protein design
strategy aimed at modifying molecular transport pathways in
enzymes to optimize directed substrate delivery to the active
site and improve intermediate transfer efficiency. Unlike the
substrate-binding pocket, the substrate access channel acts as a
dedicated molecular conduit that guides ligands to the catalytic
center. In natural enzymes, substrate access often depends on
stochastic diffusion, which can limit reaction rates due to
inefficient molecular trafficking. Through systematic optimiza-
tion of these channels, substrates can be directionally guided
into the active site, markedly reducing diffusion limitations and
enhancing catalytic efficiency. However, the implementation of

substrate channel engineering faces considerable challenges.
Successful design requires the integration of computational
methods, such as MD simulations and deep learning
predictions, with experimental validation to precisely tailor
channel architecture and function. Furthermore, structural
modifications intended to alter channel properties may
inadvertently compromise overall protein stability, necessitat-
ing a careful balance between catalytic efficiency and structural
integrity. Progress in the practical application of this strategy
will ultimately rely on the convergence of multidisciplinary
expertise spanning structural biology, bioinformatics, and
chemical engineering.
The spatial confinement imposed by substrate channels

prevents substrate molecules from undergoing reactions at
nontarget sites, such as unspecific oxidation or decomposition,
thereby enhancing the regioselectivity of catalytic trans-
formations. This spatial confinement is exemplified by
cytochrome P450 enzymes, which facilitate the hydroxylation
of a broad range of steroid compounds with high specificity.41

In P450-catalyzed dihydroxylation reactions, a major constraint
on synthesis efficiency arises from the accumulation of
monohydroxylated intermediates at the active site. This
buildup results from inefficient substrate and product transport
through the access channels, hindering timely intermediate
release and thereby suppressing subsequent oxidation steps.
Engineering the channel architecture of P450 enzymes
presents a viable strategy to alleviate this limitation and
improve overall catalytic performance.42 Deng et al.43 have
engineered a new exit channel in a P450 enzyme via a triple
mutant (D182K/E143D/V178A) to facilitate intermediate
release. Channel dimensions, polarity, and steric properties
were key to enhancing catalytic efficiency, demonstrating a
rational design strategy for enzyme pathways. Some nitrile
hydratases,44 proteases,45 glucosidases,46 and alcohol dehydro-
genases47 have successfully achieved activity modification
engineering through substrate channels.
4.6. MD Simulation

MD simulations can identify key residues or flexible regions
influencing enzymatic activity by modeling dynamic conforma-
tional changes under different conditions, thereby elucidating
structure−activity relationships between enzymes and sub-
strates. In practical applications, high-affinity mutants can be
preliminarily screened through molecular docking, followed by
MD simulations validation of their stability, ultimately yielding
mutants with both enhanced activity and stability. The
integration of AI in MD simulations for improving enzyme
activity can be conceptualized as a closed-loop “design-
simulate-learn-optimize” cycle. Based on MD simulations
trajectories, Graph Neural Networks (GNN) analyze residue
correlations (dynamic cross-correlations) and energy transfer
pathways, enabling identification of “key communication
pathways” from substrate binding sites to catalytic centers.
However, MD simulations face challenges in integrating
multiscale effects, capturing indirect regulatory roles of distal
residues on active sites, and accurately modeling quantum
effects or weak interactions within enzyme active sites using
certain force fields. Future strategies may combine MD with
other engineering approaches to achieve comprehensive and
precise rational enzyme redesign.
Yin and coworkers48 have engineered flavin-dependent

enzymes through MD simulation-guided directed evolution.
By structurally optimizing the flavoenzyme PtOYE from
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Parageobacillus thermantarcticus, they obtained the highly
efficient variant ADes-5. This engineered catalyst exhibited a
more than 70-fold enhancement in catalytic efficiency (kcat/
Km) relative to the initial mutant PtOYE-Y28F, enabling the
axis-selective desaturation of 1-aryl-2-tetralone. Furthermore,
when integrated into a dynamic kinetic resolution process, the
system achieved high-yielding synthesis of non-C2-symmetric
biaryl axially chiral molecules with excellent enantioselectivity.
4.7. Additional Strategies
Researchers are increasingly adopting integrated computational
toolkits for enzymatic activity engineering. By leveraging
predictions of kinetic parameters, these tools enable prioritized
mutant screening, significantly reducing library sizes and
experimental workload. As summarized in Table 5, several
key computational resources have been widely incorporated
into enzyme optimization pipelines. Among them, Caver 2.0 is
extensively used for mapping substrate tunnels across diverse
enzyme families, enabling the identification of geometrically
critical residues and providing quantitative characterization of
tunnel dimensions, including surface area and volume metrics.
Zhao et al.49 engineered a fatty acid hydroxylase by

redesigning its water tunnels using Caver-guided mutagenesis.
Replacing key residues with smaller or more hydrophilic ones
yielded variant V456G with >13-fold higher activity, and
double mutants D266A/V456A and D266T/V456G achieving
15-fold higher turnover than the wild-type enzyme, demon-
strating the power of tunnel engineering in enhancing catalysis.
Figure 7 presents diverse strategies for modifying enzyme
activity in enzyme engineering.

5. SUBSTRATE SELECTIVITY ENGINEERING
APPROACHES IN PROTEINS

Natural enzymes often exhibit promiscuous catalytic behavior,
leading to undesired side reactions that necessitate selectivity
engineering to minimize byproduct formation. Furthermore,
industrial bioprocesses frequently require catalysis of non-
native substrates, yet the inherent narrow substrate specificity
of WT enzymes substantially limits their practical applica-
tion.50 Redirecting enzymatic substrate preference toward cost-
effective feedstocks while preventing inadvertent catalysis of
essential host metabolites represents a critical objective.51

Substrate selectivity engineering poses significant challenges,
involving multidimensional optimization of binding pocket
architecture, active center geometry, substrate access tunnels,
and global structural stability.52 Engineering substrate
selectivity currently involves challenges such as large mutant
libraries, repetitive experimental cycles, and inconsistent
catalytic results. AI models are trained on data sets of enzyme
sequences, structures, and catalytic efficiency profiles to learn
the complex mapping between enzyme features and substrate
selectivity, enabling accurate prediction of enzymatic selectiv-
ity. With advancing accuracy in AI predictions and maturation
of synthetic biology tools, precise manipulation of enzyme
selectivity will transform biomanufacturing from enzyme
utilization to customized biocatalyst design, unlocking new
efficiencies in tailored biocatalysis. Figure 8 outlines common
engineering strategies in this field.
5.1. Key Residue Design
Enzyme substrate selectivity has been engineered through
strategic remodeling of the active site pocket geometry.
Representative approaches include: introducing bulky side-
chain residues (Y/F substitutions for G/A) to construct

constricted pockets that sterically exclude large substrates,
coupled with removal of sterically hindering residues (L→G
mutations) to expand the cavity for accommodating bulky or
branched substrates. This methodology constitutes an
established paradigm for reprogramming protein substrate
specificity. β-strands typically pack against the protein core on
one face while exposing the opposite face to solvent. Solvent-
exposed residues constitute major contributors to protein
stability, with amino acid preferences at each sequence position
dictated by the precise local backbone geometry and identity of
adjacent residues. This structural dependency demonstrates
that the most effective strategy for designing β-sheet surfaces
requires integrative consideration of multiple energetic factors-
including side-chain rotamer preferences, van der Waals
interactions, electrostatic contributions, and desolvation
effects. Under this strategy, AI enables accurate prediction of
enzyme−substrate relationships by integrating cross-attention
mechanisms with 3D structural information.
Loop regions play critical roles in substrate binding, guiding

substrates into the active site, and facilitating conformational
transitions. By engineering loops above the active site of
cumene dioxygenase, Heinemann et al.53 have created variants
with modified substrate channels. These mutations generated
new access pathways, enabling the enzyme to catalyze novel
reactions with three distinct substrates and successfully
reprogramming its specificity. However, this approach also
presents certain limitations. Altering key amino acid residues
can only achieve fine-tuning of substrate selectivity and fails to
realize fundamental interconversion between two distinct
substrates. Furthermore, modifications in substrate preference
may subtly alter the geometric configuration or electrostatic
environment of the active site, resulting in significant
reductions in catalytic efficiency (kcat). Future research could
transition from single-point mutations to combinatorial
multisite mutagenesis targeting mutation networks. Addition-
ally, by integrating structural information with sequence
alignment data, one could first rationally identify target
regions, then perform random or semirandom mutagenesis
within these regions through directed evolution, allowing the
screening process to identify optimal variants.
5.2. Directed Evolution

Current directed evolution strategies for reprogramming
protein substrate selectivity continue to rely on the
construction of large mutant libraries. High-throughput
screening (HTS) significantly mitigates the experimental
burden and time investment required for library evaluation.
Representative HTS platforms encompass absorbance- and
fluorescence-based enzymatic activity detection, microfluidic
droplet sorting for single-cell analysis, and FACS of cell-
surface-displayed enzymes.
The yeast endoplasmic reticulum sequestration screening

(YESS) system combines protease engineering with broad
substrate profiling, facilitating substantial improvements in
catalytic efficiency alongside enhanced sensitivity and dynamic
range throughout the protease optimization process.54

Through this evolutionary platform, the engineered TEV
protease variant eTEV achieved a 2.25-fold increase in catalytic
efficiency compared to its parent form TEV-EAV, significantly
broadening its applicability in biocatalytic processes.
5.3. Dynamic and Conformational Engineering

The introduction or substitution of proline residues within
active site loops can markedly influence their conformational
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dynamics, thereby modulating substrate binding behavior. This
strategy provides a means to functionally optimize enzymes by
finely balancing stability and evolvability.48,55 Catalytically
important loops contribute to substrate guidance, binding, and
conformational transitions. Computational tools including
PSIPRED, JPred, and AlphaFold 2 enable accurate loop region
identification. The capacity to reprogram substrate selectivity
arises from reshaping the enzyme’s conformational landscape,
underscoring the role of structural adaptability in functional
plasticity. During this process, AI utilizes known allosteric sites
as training data to enable the model to learn the structure-
dynamic features of allosteric sites, thereby predicting potential
allosteric regulatory sites in novel proteins.
By computationally reshaping the conformational landscape

of aspartate aminotransferase, St-Jacques et al.56 have shifted
its open-closed dynamic equilibrium. This multistate design
approach yielded a variant with a 1900-fold change in substrate
selectivity and improved catalytic efficiency for a non-native
substrate. This approach has proven effective in protein
selectivity engineering. Nevertheless, the inherent dynamics of
enzyme structures complicate the identification and engineer-
ing of key regulatory residues, as catalysis often depends on
coordinated motions across domains. Moreover, conventional
design methods predominantly rely on static structural models,
limiting their ability to target dynamic regulatory mechanisms.
Future advances should integrate enhanced sampling techni-
ques such as Metadynamics with machine learning methods
like AlphaFold-Multimer to identify critical dynamic residues
and design mutations that conformationally lock desired states.
5.4. Domain Replacement

This engineering methodology constructs hybrid enzymes by
recombining distinct functional domains, including substrate
recognition regions, catalytic domains, and allosteric regulatory
modules. A representative implementation of this approach is
domain swapping, in which native substrate recognition
modules are replaced by analogous domains derived from
heterologous proteins. For instance, in several recent studies,
researchers have inserted fusion tags into auxiliary domains to
enhance binding affinity toward specific substrates. This
strategy facilitates precise reprogramming of protein substrate
selectivity. However, it relies on the availability of compre-
hensive structural and functional data sets. Its successful
implementation therefore requires close integration of
experimental and computational workflows. Future advances
should focus on improving the predictive accuracy of
engineered variants through synergistic combination of protein
structure determination and rational design methodologies.
Through targeted mutations inducing a domain displace-

ment, Kraus et al.57 have successfully reprogrammed sucrose
phosphorylase to accept bulky polyphenolic acceptors like
resveratrol and quercetin. The redesigned binding site,
stabilized by new π−π stacking and hydrophobic interactions,
enabled efficient glycosylation of these aromatic substrates,
demonstrating how structural dynamics can be harnessed to
alter catalytic specificity.
5.5. Cofactor-Binding Site

Cofactor binding plays a critical role in determining enzyme
substrate selectivity. Through rational design or directed
evolution of the cofactor binding site, it is possible to precisely
modulate cofactor affinity, optimize steric compatibility within
the substrate access channel, and fine-tune the catalytic
microenvironment, thereby enabling customized enhancementT
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of enzymatic selectivity. Cofactors, which commonly include
metal ions and coenzymes, improve catalytic efficiency and
specificity by stabilizing transition states and enabling accurate
substrate positioning during catalytic cycles. In this process, AI
employs GNN to analyze cofactor binding pockets. By
integrating rapid force-field tools such as FoldX, it enables
large-scale computation of the effects of thousands of virtual
mutations on cofactor binding affinity (ΔΔG), thereby
facilitating efficient screening of mutations that stabilize
cofactor binding without compromising overall structural
integrity.
Pan et al.58 have engineered a hydroxysteroid dehydrogenase

by mutating residues T15 and R16 in the cofactor-binding site.
The variants T15A, R16A, and R16Q showed 7.85-fold, 2.50-
fold, and 4.35-fold increases in catalytic activity, respectively,
and shifted substrate preference. The enhanced performance
resulted from restructured hydrogen-bonding networks and
altered interactions within the catalytic triad. Ge et al.59 have
engineered Burkholderia cepacia lipase using HTS and AI-
driven methods. By analyzing key biophysical properties,
residue L167 was identified as having the greatest impact on

enantioselectivity. The resulting variants have demonstrated a
significant reversal of enantioselectivity from S- to R-
preference. However, such selectivity enhancement often
entails a trade-off with catalytic activity. This limitation may
be addressed through CAST to optimize multiple residues
simultaneously. Additionally, synthetic cofactors frequently
exhibit steric incompatibility with natural enzyme binding
pockets. One strategy to mitigate this issue involves expanding
the cavity volume by replacing bulky residues with smaller ones
such as glycine, thereby introducing greater flexibility and
accommodating non-natural cofactors.
5.6. Substrate Channel

As critical structural determinants, substrate channels signifi-
cantly contribute to enzymatic substrate selectivity and
catalytic efficiency. Precision mutagenesis of channel-lining
residues allows fine-tuning of pathway geometry and hydro-
phobicity, facilitating substrate discrimination by size or
chemical properties. Coupling channel engineering with
active-site redesign enables dual control over substrate
specificity. A common tactic involves introducing hydrophobic

Figure 7.Workflow of enzymatic activity engineering strategies. (A) Key catalytic active sites.152 Adapted with permission from ref 152. Copyright
2025 American Chemical Society. (B) Substrate-binding pocket engineering.153 Reprinted with permission from ref 153. Copyright 2020 American
Chemical Society. (C) Dynamics and conformational control.154 Reprinted with permission from ref 154. Copyright 2024 American Chemical
Society. (D) Homologous sequence alignment.155 Reprinted with permission from ref 155. Copyright 2020 American Chemical Society. (E)
Iterative optimization and HTS.156 Reprinted with permission from ref 156. Copyright 2018 American Chemical Society. (F) Substrate tunnel
engineering.47 Reprinted with permission from ref 47. Copyright 2025 American Chemical Society.
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residues to promote selective enrichment of nonpolar
substrates like aromatic hydrocarbons. Nevertheless, such
modifications risk interfering with catalytic centers or distal
functional regions. Future progress may capitalize on deep
learning models to evaluate substrate-channel compatibility,

alongside reinforcement learning frameworks to autonomously
optimize channel architecture and chemical characteristics. AI
trains models using features extracted from molecular
simulations or experimental data via machine learning
regression models to predict the effects of mutations on

Figure 8. Substrate selectivity engineering strategies for enzymes. (A) Key residue design.157 Reprinted with permission from ref 157. Copyright
2024 American Chemical Society. (B) Computational tool-guided prediction and optimization.158 Reprinted with permission from ref 158.
Copyright 2022 American Chemical Society. (C) Directed evolution with HTS.159 Reprinted with permission from ref 159. Copyright 2025
American Chemical Society. (D) Dynamic control and conformational engineering.160 Reprinted with permission from ref 160. Copyright 2017
American Chemical Society. (E) Domain engineering.161 Reprinted with permission from ref 161. Copyright 2017 American Chemical Society. (F)
Integrated DBTL framework for iterative refinement.162 Reprinted with permission from ref 162. Copyright 2024 John Wiley and Sons. (G)
Substrate channel optimization.163 Adapted with permission from ref 163. Copyright 2025 American Chemical Society. (H) Cofactor-binding site
engineering.164 Reprinted with permission from ref 164. Copyright 2019 American Chemical Society.
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channel permeability. Additionally, an end-to-end deep
learning model can be trained to take the structures of WT
and mutant variants as input and directly output relative
permeability scores for target substrates versus interfering
substrates. Nevertheless, channel engineering risks compromis-
ing catalytic turnover due to altered substrate diffusion kinetics.
Lu et al.60 have engineered a benzoic acid decarboxylase by

reshaping its substrate channel. The double mutant Q302Y/
I303Y, designed using CAVER-guided analysis, retained nearly
100% activity toward benzoic acid while reducing conversion
of the larger cinnamic acid by over 90%, demonstrating how
channel remodeling can selectively control substrate specificity
through steric hindrance.

6. OPTIMIZATION TRADE-OFFS AMONG DIFFERENT
ENZYMATIC PROPERTIES

A fundamental challenge in enzyme engineering is the
recurrent trade-off between activity and stability. Efforts to
enhance catalytic activity often result in reduced stability,
whereas strategies to improve structural stability may
compromise enzymatic function. This inverse relationship
stems from the intricate and often competing requirements for
optimal enzyme structure and function.61 Optimal catalytic
efficiency requires precisely tuned structural flexibility that
permits necessary conformational changes for substrate
accommodation and transition state stabilization. However,
when flexibility exceeds functional requirements, it destabilizes
the catalytic architecture, leading to inefficient substrate

orientation and compromised intermediate stabilization, there-
by reducing enzymatic efficiency.62 Enzymes require consid-
erable structural rigidity to maintain their structural integrity
and functional competence. While a rigid architecture
contributes to stability under extreme conditions, including
high temperatures, nonphysiological pH, and organic solvent
environments, excessive rigidity may limit conformational
flexibility and thereby impair catalytic activity. Consequently,
improvements in stability through rigidification often involve a
trade-off with catalytic efficiency, the molecular basis of which
remains incompletely understood in protein science. To
balance enzyme activity and stability, several strategies are
commonly employed: (1) targeted modification of active site
residues to enhance catalytic performance, (2) engineering
regions distal to the active center to minimize functional
disruption, (3) rational redesign of flexible structural segments
to improve thermal stability without compromising catalytic
function. The relevant schematic diagram is shown in Figure 9.
By integrating deep learning and rational design, Xu et al.63

have engineered an adenosine deaminase variant, P443C,
which showed 80.7% higher residual activity after thermal
challenge and achieved 93.2% substrate conversion efficiency,
successfully enhancing both thermostability and catalytic
performance. Through semirational design, Zhao et al.64

have developed two RrCuZnSOD double mutants, D25/
A115T and A115T/S135P, which exhibited 1.2-fold and 1.6-
fold longer half-lives at 80 °C, along with melting temperature

Figure 9. Trade-off strategies for engineering different enzymatic properties. (A) Enhancement of xylanase activity and thermostability through the
combined analysis of folding free energy and evolutionary conservation.165 Reprinted with permission from ref 165. Copyright 2024 American
Chemical Society. (B) Improvement of D-amino acid oxidase thermostability and catalytic efficiency by integrating consensus sequence design with
structural modifications.166 Reprinted with permission from ref 166. Copyright 2025 American Chemical Society. (C) Simultaneous engineering of
the thermostability and activity of a novel aldehyde dehydrogenase.63 Reprinted with permission from ref 63. Copyright 2025 American Chemical
Society. (D) Elevation of α-galactosidase catalytic activity and thermal stability by selectively targeting and engineering distal catalytic
microenvironments and residues.152 Reprinted with permission from ref 152. Copyright 2025 American Chemical Society.
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increases of 3.4 °C and 2.5 °C, respectively, while fully
retaining wild-type level catalytic activity.
In practical enzyme engineering, strategic modulation of

structural dynamics is often employed: flexibility around the
active site can be increased to facilitate substrate binding, while
rigidity is enhanced within the core regions or secondary
structural elements to improve thermostability. This balance
can be further optimized by introducing salt bridges to
reinforce structural integrity, while preserving catalytic
efficiency through the careful design of flexible loop regions
near the catalytic pocket. Using site-saturation mutagenesis,
residues surrounding the active site or other critical structural
zones are systematically replaced to assess their individual
contributions to enzymatic activity and stability. In certain
application contexts, a marginal reduction in catalytic activity
may be deemed acceptable when offset by substantial gains in
operational stability.

7. HTS PLATFORMS
The comprehensive screening of large enzyme libraries with
sufficient coverage demands the development of specialized
protein engineering platforms. Such systems must provide
dramatically higher throughput than conventional microtiter
plate methods while reliably maintaining the genotype−
phenotype linkage essential for directed evolution. This
integrated approach can substantially decrease both the time
and cost associated with mutant screening.65 The schematic
diagram of HTS in the enzyme engineering process is shown in
Figure 10. Ultrahigh-throughput screening strategies have been
successfully implemented for the identification and engineering
of diverse enzyme classes, including esterases, PET hydrolases,
carboxylases, and NAD(P)-dependent oxidoreductases,
through the use of enzyme-class-specific fluorescence-based
activity assays.66 Common HTS technologies include optical
screening techniques, flow cytometry FACS, and droplet
microfluidics.
Droplet-based microfluidic systems have emerged as power-

ful HTS tools that are transforming enzyme engineering
practices.67 Droplet microfluidics technology refers to trans-
ferring traditional biochemical reactions and assays, which are
conventionally conducted in test tubes or microplates, into
individual microdroplets with uniform size and volume ranging
from picoliters to nanoliters, where each droplet functions as a
miniature reactor. Su et al.68 have employed droplet-based
microfluidics (DMFS) to screen for thermostable laccases. The

DMFS platform incorporated a heating module and
fluorescence-activated droplet sorting (FADS) to screen a
large laccase variant library, yielding 12 variants with enhanced
thermostability. This study highlights the importance of DMFS
for effectively identifying functionally beneficial distal amino
acid substitutions, facilitating the discovery of distal advanta-
geous amino acid mutations by researchers. However, this
technique also has certain limitations. For instance, it requires
extremely high droplet stability. The droplets must remain
stable throughout the entire experimental process to ensure
uniform reagent concentration within each droplet. Addition-
ally, it is not suitable for applications involving long-term cell
culture or screening of intercellular interactions.
FADS has rapidly developed in recent years into a powerful

ultrahigh-throughput screening platform, widely applied in the
selection of enzymes, metabolites, and antibodies. A key
enabling technology for expanding the scope of FADS is the
use of high-sensitivity fluorescence-coupled strategies, which
link enzymatic activity to detectable fluorescent signals. This
coupling allows quantitative monitoring of target molecules
and forms a critical technological foundation for advancing
FADS implementations. Among these strategies, fluorogenic
substrate assays are one of the most commonly employed
methods. In this design, a fluorophore is covalently linked to a
quenching group, effectively suppressing fluorescence. Upon
enzymatic cleavage of the substrate, the quencher is released,
restoring fluorescence emission. The resulting signal intensity
correlates directly with enzymatic activity, enabling quantita-
tive HTS.69 For instance, Agresti et al.70 have implemented the
commercial substrate Amplex Red within a droplet micro-
fluidic system to conduct directed evolution of horseradish
peroxidase across ten distinct populations. Their screening
campaign identified a variant displaying a 10-fold enhancement
in catalytic efficiency relative to the WT enzyme, achieving a
kcat/Km value of 2.5 × 107 M−1·s−1, a level approaching the
theoretical diffusion limit.
Single-cell screening within monodisperse microdroplets

generated by microfluidic devices has emerged as a powerful
ultrahigh-throughput strategy for identifying superior enzyme
variants. Compartmentalization of individual cells in droplets
enables efficient phenotype-genotype linkage by confining
extracellular target molecules, allowing rapid enrichment of
desirable mutants from extensive libraries while reducing
screening time and cost by orders of magnitude. However,
several technical challenges remain, including the precise

Figure 10. Overview of the FACS-based assay principle. Fluorescence histograms of E. coli BL21(DE3)-gold cells expressing GST only as a
negative control.167 Reprinted with permission from ref 167. Copyright 2025 American Chemical Society. 7-Acetamido-4-chloromethylcoumarin
(AACMC, 1) conjugates with glutathione (GSH) via glutathione S-transferase (GST) to form the intermediate product 1-GSH, which remains
intracellular. When the amide bond is cleaved by amidase, it generates the fluorescent target product 1a-GSH. Since neither the initial compound 1
nor the intermediate product 1-GSH exhibit fluorescence, this characteristic enables us to screen cells with higher amidase activity.
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fusion control of multicomponent droplets for reaction
initiation and the critical need to prevent cross-contamination
between compartments. Future advancements may employ
hydrophobicity-modulated substrate delivery systems to
spatially confine fluorescence signals within droplets, thereby
enabling precise spatiotemporal control over reaction initiation
and detection.

8. TRENDS IN RATIONAL PROTEIN ENGINEERING
Rational protein engineering has emerged as a central research
discipline bridging synthetic and structural biology. Its
developmental trajectory is progressively advancing from initial
single-function optimization toward increasingly intelligent,
dynamic, and multifunctional protein systems. The integration
of machine learning with protein design methodologies is
poised to fundamentally accelerate innovation in enzyme
engineering. Looking forward, AI-guided rational engineering
strategies are anticipated to evolve along multiple parallel
pathways, driving the next generation of biocatalyst develop-
ment.

(1) The deep integration of AI and machine learning will be
central to advancing enzyme engineering. While current
predictive models primarily analyze static protein−
ligand docking poses, future efforts should prioritize
simulating dynamic conformational changes before and
after ligand binding. In parallel, enhancing the accuracy
of enzyme sequence-function predictions will be crucial
to minimize reliance on experimental trial and error,
thereby streamlining the design process.

(2) The widespread implementation of automation and
high-throughput experimental platforms will significantly
advance enzyme engineering. Integrating HTS techni-
ques, such as Adaptive Laboratory Evolution, with
automated Workstations enables accelerated design-
build-test-learn cycles and facilitates rapid mutant library
screening. Future developments should prioritize
advancing high-throughput methodologies specifically
tailored for evaluating enzyme thermostability, substrate
selectivity, and catalytic activity.

(3) A critical future direction involves systematically
expanding experimental databases for diverse enzyme
characteristics. Integrating enzymatic kinetic parameter
databases with protein language models will enable the
development of specialized AI tools for predicting
enzyme kinetic properties. Such integration is expected
to significantly enhance the accuracy of existing
prediction models, thereby reducing the size and
screening burden of mutant libraries.

9. CONCLUSIONS AND FUTURE OUTLOOK
Continuously evolving protein engineering strategies are
enabling the rational modification of enzymatic properties in
various proteins, facilitating their utility across multiple
domains. In food processing, this technology will find further
applications in precision production of specific flavor peptides,
improvement of food texture, extension of shelf life, inhibition
of microbial growth, efficient degradation of food contami-
nants and toxins. In environmental bioremediation processes, it
enables efficient depolymerization of various plastic wastes and
degradation of specific pollutants in industrial wastewater.
During biobased material production, agricultural byproducts

can be converted into high-value materials, achieving closed-
loop recycling of biobased materials.
However, the current application of artificial intelligence in

enzyme engineering faces several challenges that need to be
addressed to broaden its practical utility. A critical factor in
artificial neural networks is the number of neurons in the
hidden layer, where an insufficient number leads to under-
fitting, while an excessive number results in overfitting due to
increased model complexity. Controllable generation of
functionally specific protein sequences remains technically
challenging. Furthermore, the application of protein language
models continues to encounter difficulties in data acquisition
and modeling, particularly in functional data collection and
evolutionary analysis of enzymes with multiple substrates.
Future research will focus on developing protein tools that are
more user-friendly and cost-effective, enabling the design of
increasingly complex proteins and the exploration of novel
chemical structures incorporating noncanonical amino acids.
AI-assisted enzyme engineering modifications will further
advance enzyme design and development of multifunctional
enzyme preparations, thereby promoting technological upgrad-
ing and sustainable development in the food industry and
green chemistry sector.
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(62) Vanella, R.; Küng, C.; Schoepfer, A. A.; Doffini, V.; Ren, J.;
Nash, M. A. Understanding activity-stability tradeoffs in biocatalysts
by enzyme proximity sequencing. Nat. Commun. 2024, 15 (1), 1807.
(63) Xu, K.; Chen, Q.; Fu, H.; Chen, Q.; Gu, J.; Wang, X.; Zhou, J.
Simultaneous Engineering of the thermostability and activity of a
novel aldehyde dehydrogenase. ACS Catal. 2025, 15 (3), 1841−1853.
(64) Zhao, Y.; Chen, K.; Yang, H.; Wang, Y.; Liao, X. Semirational
design based on consensus sequences to balance the enzyme activity-
stability trade-off. J. Agric. Food. Chem. 2024, 72 (12), 6454−6462.
(65) Song, S.; Wang, C.; Bao, W.; Xu, Z.; Wu, J.; Lin, L.; Zhao, Y.
High-Throughput 19F NMR chiral analysis for screening and directed
evolution of imine reductases. ACS Cent. Sci. 2025, 11 (7), 1094−
1102.
(66) Li, C.; Gao, X.; Qi, H.; Zhang, W.; Li, L.; Wei, C.; Wei, M.;
Sun, X.; Wang, S.; Wang, L. Y.; et al. Substantial improvement of an
epimerase for the synthesis of D-Allulose by biosensor-based high-
throughput microdroplet screening. Angew. Chem., Int. Ed. Engl. 2023,
62 (10), No. e202216721.
(67) Nauwynck, W.; Faust, K.; Boon, N. Droplet microfluidics for
single-cell studies: a frontier in ecological understanding of micro-
biomes. FEMS Microbiol. Rev. 2025, 49, fuaf032.
(68) Su, X.; Yang, J.; Yuan, H.; Liu, C.; Tu, R.; Liu, P.; Wang, Q.;
Zhu, L. Directed evolution of laccase for improved thermal stability
facilitated by droplet-based microfluidic screening system. J. Agric.
Food. Chem. 2022, 70 (42), 13700−13708.
(69) Jiang, J.; Yang, G.; Ma, F. Fluorescence coupling strategies in
fluorescence-activated droplet sorting (FADS) for ultrahigh-through-
put screening of enzymes, metabolites, and antibodies. Biotechnol. Adv.
2023, 66, 108173.
(70) Agresti, J. J.; Antipov, E.; Abate, A. R.; Ahn, K.; Rowat, A. C.;
Baret, J.-C.; Marquez, M.; Klibanov, A. M.; Griffiths, A. D.; Weitz, D.
A. Ultrahigh-throughput screening in drop-based microfluidics for
directed evolution. PNAS 2010, 107 (9), 4004−4009.

Journal of Agricultural and Food Chemistry pubs.acs.org/JAFC Review

https://doi.org/10.1021/acs.jafc.5c13434
J. Agric. Food Chem. 2026, 74, 185−210

207

https://doi.org/10.1038/s41467-020-19695-9
https://doi.org/10.1038/s41467-020-19695-9
https://doi.org/10.1021/acs.jafc.2c01406?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.2c01406?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscatal.1c02150?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscatal.1c02150?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscatal.1c02150?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jacs.5c12440?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jacs.5c12440?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscatal.2c01466?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscatal.2c01466?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscatal.2c01466?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/j.biortech.2023.130244
https://doi.org/10.1016/j.biortech.2023.130244
https://doi.org/10.1016/j.jsbmb.2022.106096
https://doi.org/10.1016/j.jsbmb.2022.106096
https://doi.org/10.1016/j.ijbiomac.2025.142162
https://doi.org/10.1016/j.ijbiomac.2025.142162
https://doi.org/10.1016/j.ijbiomac.2025.142162
https://doi.org/10.1016/j.bioorg.2024.107744
https://doi.org/10.1016/j.bioorg.2024.107744
https://doi.org/10.1016/j.bioorg.2024.107744
https://doi.org/10.1016/j.colsurfb.2024.114289
https://doi.org/10.1016/j.colsurfb.2024.114289
https://doi.org/10.1016/j.colsurfb.2024.114289
https://doi.org/10.1021/acssynbio.4c00562?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acssynbio.4c00562?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acssynbio.4c00562?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.5c00471?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.5c00471?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.5c00471?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1038/s44160-025-00882-9
https://doi.org/10.1038/s44160-025-00882-9
https://doi.org/10.1021/jacs.3c00195?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/jacs.3c00195?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/j.biortech.2024.131368
https://doi.org/10.1016/j.biortech.2024.131368
https://doi.org/10.1016/j.biortech.2024.131368
https://doi.org/10.1016/j.biortech.2024.131368
https://doi.org/10.1021/acscatal.4c06784?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscatal.4c06784?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscatal.4c06784?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1038/s42004-025-01448-8
https://doi.org/10.1038/s42004-025-01448-8
https://doi.org/10.1038/s42004-025-01448-8
https://doi.org/10.1038/s41467-021-21328-8
https://doi.org/10.1038/s41467-021-21328-8
https://doi.org/10.1021/acssynbio.0c00452?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acssynbio.0c00452?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1002/anie.202110793
https://doi.org/10.1002/anie.202110793
https://doi.org/10.1038/s41467-023-41762-0
https://doi.org/10.1038/s41467-023-41762-0
https://doi.org/10.1039/C7CC05993K
https://doi.org/10.1039/C7CC05993K
https://doi.org/10.1016/j.ijbiomac.2023.128847
https://doi.org/10.1016/j.ijbiomac.2023.128847
https://doi.org/10.1016/j.ijbiomac.2023.128847
https://doi.org/10.1016/j.ijbiomac.2023.128847
https://doi.org/10.1021/acs.jafc.3c05029?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.3c05029?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.3c05029?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1038/s44286-024-00148-9
https://doi.org/10.1038/s44286-024-00148-9
https://doi.org/10.1016/j.foodchem.2023.136241
https://doi.org/10.1016/j.foodchem.2023.136241
https://doi.org/10.1016/j.foodchem.2023.136241
https://doi.org/10.1038/s41467-024-45630-3
https://doi.org/10.1038/s41467-024-45630-3
https://doi.org/10.1021/acscatal.4c06840?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscatal.4c06840?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.3c08620?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.3c08620?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.3c08620?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscentsci.5c00498?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acscentsci.5c00498?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1002/anie.202216721
https://doi.org/10.1002/anie.202216721
https://doi.org/10.1002/anie.202216721
https://doi.org/10.1093/femsre/fuaf032
https://doi.org/10.1093/femsre/fuaf032
https://doi.org/10.1093/femsre/fuaf032
https://doi.org/10.1021/acs.jafc.2c05048?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.jafc.2c05048?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/j.biotechadv.2023.108173
https://doi.org/10.1016/j.biotechadv.2023.108173
https://doi.org/10.1016/j.biotechadv.2023.108173
https://doi.org/10.1073/pnas.0910781107
https://doi.org/10.1073/pnas.0910781107
pubs.acs.org/JAFC?ref=pdf
https://doi.org/10.1021/acs.jafc.5c13434?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


(71) Mohammadi, M.; Shahedi, M.; Ahrari, F.; Mostafavi, M.;
Habibi, Z.; Yousefi, M. Isocyanide-based multi-component reactions
for carrier-free and carrier-bound covalent immobilization of enzymes.
Nat. Protoc. 2023, 18 (5), 1641−1657.
(72) Van Stappen, C.; Deng, Y.; Liu, Y.; Heidari, H.; Wang, J. X.;
Zhou, Y.; Ledray, A. P.; Lu, Y. Designing artificial metalloenzymes by
tuning of the environment beyond the primary coordination sphere.
Chem. Rev. 2022, 122 (14), 11974−12045.
(73) Lan, Y.; Zhang, C.; Tang, C.; Ye, Y.; Zhang, R.; Sheng, X.; Liao,
C. Semirational protein engineering of a decarboxylative aldolase for
the regiodivergent and stereodivergent synthesis of cyclic imino acids.
Angew. Chem., Int. Ed. Engl. 2025, 64 (11), No. e202500080.
(74) Nguyen, T. T.; Jiang, Z.; Nguyen, V. N.; Le, N. Q. K.; Chua, M.
C. H. Integrating ESM-2 and graph neural networks with AlphaFold-2
structures for enhanced protein function prediction. ACS Omega
2025, 10 (33), 38103−38111.
(75) Ghazikhani, H.; Butler, G. Ion channel classification through
machine learning and protein language model embeddings. J. Integr
Bioinform. 2024, 21 (4), 20230047.
(76) Heinzinger, M.; Weissenow, K.; Sanchez, J. G.; Henkel, A.;
Steinegger, M.; Rost, B. ProstT5: bilingual language model for protein
sequence and structure. NAR:Genomics Bioinf. 2023, 6, lqae150.
(77) Madani, A.; Krause, B.; Greene, E. R.; Subramanian, S.; Mohr,
B. P.; Holton, J. M.; Olmos, J. L. J.; Xiong, C.; Sun, Z. Z.; Socher, R.;
et al. Large language models generate functional protein sequences
across diverse families. Nat. Biotechnol. 2023, 41 (8), 1099−1106.
(78) Cheng, J.; Novati, G.; Pan, J.; Bycroft, C.; Žemgulyte,̇ A.;
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