
Article https://doi.org/10.1038/s41467-024-53048-0

Machine learning-assisted amidase-catalytic
enantioselectivity prediction and rational
design of variants for improving
enantioselectivity

Zi-Lin Li1,2,6, Shuxin Pei3,6, Ziying Chen3, Teng-Yu Huang 1,2, Xu-Dong Wang1,
Lin Shen3,4 , Xuebo Chen 3,4,5 , Qi-Qiang Wang 1,2, De-Xian Wang 1,2 &
Yu-Fei Ao 1,2

Biocatalysis is an attractive approach for the synthesis of chiral pharmaceu-
ticals and fine chemicals, but assessing and/or improving the enantioselec-
tivity of biocatalyst towards target substrates is often time and resource
intensive. Although machine learning has been used to reveal the underlying
relationship between protein sequences and biocatalytic enantioselectivity,
the establishment of substrate fitness space is usually disregarded by chemists
and is still a challenge. Using 240 datasets collected in our previous works, we
adopt chemistry and geometry descriptors and build random forest classifi-
cation models for predicting the enantioselectivity of amidase towards new
substrates. We further propose a heuristic strategy based on these models, by
which the rational protein engineering can be efficiently performed to syn-
thesize chiral compounds with higher ee values, and the optimized variant
results in a 53-fold higher E-value comparing to the wild-type amidase. This
data-driven methodology is expected to broaden the application of machine
learning in biocatalysis research.

Owing to the high efficiency, excellent selectivity and environmentally
benign reaction conditions, biocatalysis and biotransformation have
become an important and powerful strategy in asymmetric
synthesis1–6. Along with the increasing discovery of new enzymes and
the development of protein engineering strategies, substrate scope
and catalytic performance for biocatalysis are improving. However,
the conventional “trial-and-error” protocol of biocatalysis research is
very laborious and requires extensive experience of researchers7–9. It
usually spends several months or even years on the discovery and
engineering of a satisfactory biocatalyst.

Among the various reaction functions of biocatalysis, enan-
tioselectivity has received almost the most attention10,11. Prediction
on the enantioselectivity of a protein toward a target substrate will
be able to greatly accelerate the establishment of a biocatalytic
reaction system. Although a number of computational methods7–14

have been developed to simulate a biocatalytic reaction, efforts to
predict the enantioselectivity of biocatalysis usually fail because a
small free energy difference out of the valid accuracy range of
widely-used computational method can lead to a large change in
enantiomeric excess values1. Further improvement in the accuracy
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of free energy calculation requires unaffordable computational
expense.

In recent years, machine learning (ML) has emerged as a powerful
and effective tool for biocatalytic property prediction and protein
engineering15–28. The success of a ML predictor depends critically on
data acquisition and feature extraction. A large amount of protein
sequence/structure information and biocatalysis-related reaction
kinetic parameters can be obtained from open-source databases (e.g.,
PDB29, UniProt30 and BRENDA31). However, the lack of information on
biocatalytic enantioselectivity as well as the difficulty of enantios-
electivity data measurement has seriously impeded the ML study of
enzyme enantioselectivity. To our best knowledge, only a few ML
predictors have been reported to establish the relationship between
reaction enantioselectivity and enzyme sequence/structure, including
an epoxide hydrolase32, a nitric oxide dioxygenase33, an imine
reductase34, an amine transaminase35 and an ene-reductase36. Although
these predictors enable the construction of protein fitness landscapes,
the important role of substrates is usually ignored16. It remains a
challenge to (1) collect a sufficient amount of reliable data, (2) build
predictors that fully describe the relationship between substrates
structure and biocatalytic enantioselectivity, and (3) effectively design
enzyme variants with higher enantioselectivity assisted by ML
predictors.

Amidases (EC 3.5.1.X) are a class of cofactorless enzymes capable
of hydrolyzing amide groups to produce acid products. Amidase-
containingmicrobialwhole cells or isolated amidases have beenwidely
used and have successfully hydrolyzed a large number of amide sub-
strates, making them one of the most versatile enzymes for the
potential production of pharmaceuticals and commodity chemicals,
such as clausena alkaloids, aza-nucleoside analogs and chiral non-
natural amino acids37. Since the late 1990s, using nitrile hydratase/
amidase-containing Rhodococcus erythropolis AJ270 whole cells as a
catalyst, our group have systematically investigated and reported the
kinetic resolution or desymmetrization of a variety of racemic or
prochiral substrates to yield a series of chiral carboxamides and car-
boxylic acids38–43. In particular, when a nitrile substrate is catalyzed in
tandem by nitrile hydratase and amidase from whole cells, the nitrile
hydratase typically exhibits rather low enantioselectivity, while the
amidase shows dominant enantioselectivity. The ee values of the
products of these biotransformations therefore faithfully reflect the
enantioselectivity of the amidase. Such continuous explorations also

provide hundreds of reliable and comparable data for the building of
corresponding machine learning model.

Herein we reportML classificationmodels based on our collected
data aswell as “chemistry” and “geometry” descriptors to establish the
underlying relationship between substrate structure and reaction
enantioselectivity. This model is capable of predicting amidase-
catalytic enantioselectivity towards new substrates and thus can be
used for rapid feasibility assessment of reaction route in a heuristic
way.With the help ofML, we also characterized the substrate structure
and catalytic property relationship and successfully applied it to the
rational design of variants for better catalytic enantioselectivity (Fig. 1).

Results and discussion
Data collection
Firstly, we summarized and collected the reactions of 240 substrates
catalyzed by Rhodococcus erythropolis AJ270 in our previous research,
including 160 kinetic resolution reactions and 80 desymmetrization
reactions. Most of the reactions have been reported in journals38–43,
while a small number of reactions with negative results have been
published in PhD theses (See Supplementary Source Data). In order to
standardize the enantioselectivity characterization of kinetic resolu-
tion reactions and desymmetrization reactions, the ee values of pro-
ducts and/or the recovered substrates were transformed to E
(Enantiomeric ratio) values44 and then represented by ΔΔG≠ according
to ΔΔG≠ = � RT lnE. All attempts to construct a regression model
failed, giving a poor R2 value as 0.354 on the test set (see Figure S2, SI).
It is not surprising on account of the relatively small size of the present
dataset, which is prone to the overfitting problem. The classification
model was therefore considered for further research. All reactions in
the dataset were classified into “positive” and “negative” based on
whether the values of �ΔΔG≠ were larger than (or equal to) 1.86, 2.40
or 3.00 kcal/mol (corresponding to ee values of products equal to 80%,
90% or 95% at 303 K, respectively). For example, under the criterion of
2.40 kcal/mol, 143 samples with �ΔΔG≠ ≥ 2.40 kcal/mol were defined
as positive, and the remaining 97 samples were negative.

Model training
Two types of descriptors developedbyBarnardet al.45 were adopted in
this work. The first type can be obtained according to a vocabulary of
molecular “cliques” that were derived from the molecular structure of
substrate46. The second type can be calculated as the histograms of

101001Amidase-catalytic reactions data Chemistry & geometry descriptors

Machine learning classifiers

Training

Virtual screening

Predicting catalytic enantioselectivity toward novel substrates

Rational design

Protein engineering for higher enantioselectivity

Molecular docking

Fig. 1 | Workflow of machine learning-assisted amidase-catalytic enantios-
electivity prediction and rational design of variants. This workflow includes
several key steps: data collection and feature engineering, model training, virtual

screening, and rational design of protein variants. Machine learning classifiers are
labeled in blue color.
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weighted atomic-centered symmetry functions47,48. The former ismore
relevant to the chemistry information about functional groups of
substrates, and the latter focuses on the three-dimensional geometry
of substrates. A feature selection process was implemented in prior to
training. Four classification models, that is, random forest (RF), sup-
port vector machine (SVM), logistics regression (LR), and gradient
boosteddecision tree (GBDT), werebuilt on the basis offive-fold cross-
validation. Their performance was evaluated based on the accuracy,
precision, recall, F-score and the area under receiver operating char-
acteristic curve (AUC). All ML algorithms were performed with the
Scikit-learn library49. The geometry optimizations on substrates were
implemented with Gaussian 09 software package50.

The performance of different ML classifiers were listed in
Table S3. RF, LR and GBDT are able to achieve F-scores above 0.8
on the test set under the classification criterion of 2.40. On
account of the highest F-score and the smallest number of
selected descriptors, the RF classifier was employed hereafter and
rebuilt under other criteria. In order to check the robustness of
ML predictions, 30 RF classifiers with different random seeds
were rebuilt under each criterion. The results were collected in
Table 1. It can be seen that the performance was good under the
criteria of 1.86 and 2.40, but the F-score decreased below 0.8
under the criterion of 3.00. It is far from perfect but still accep-
table in this work, since the ML classifier acts as a heuristic tool in
prior to experiments. Two rigorous data splitting strategies were
further applied by leaving all molecules involving bromine
(denoted as “strategy 1”) or a five-membered ring (denoted as
“strategy 2”) out of the training set. The ML classifier under either
of these two splitting schemes can achieve an acceptable level of
accuracy (Table S4).

Feature importance analysis
The feature importancecanbe analyzedbasedon themeandecrease in
impurity (MDI)51 of RF classifiers as well as the SISSO feature
compositions52 that distinguish positive reactions (higher enantios-
electivity) from negative ones (lower enantioselectivity). The raw data
of MDI and SISSO were shown in Figs. S3 and S4, respectively. For
example, it canbe seen in Figure S4(b) that a substratewith large values
of threespecificdescriptors (denotedasSFR54,SFR69andSFR94)hasa
higher tendency to be “positive”, that is,�ΔΔG≠ ≥ 2.40 kcal/mol and ee
≥ 90%. Some descriptors extracted by SISSO such as SFR55, SFR94 and
SFR54 also appear in Figure S3, which agrees well with the feature
importance analyzes based on MDI.

Most of important features belong to the atomic-centered
symmetry functions (ACSFs). Based on the raw data, we further
explored chemical information, that is, which functional groups
or fragments are more relevant to the enantioselectivity of reac-
tions, by mapping the extracted ACSFs to the pre-defined type of
atoms53,54 at the center. More computational details can be seen in
Algorithm S1 and Table S5, SI. As shown in the importance scores
in Figure S5, some specific atom types, such as the H bonded to

aliphatic C with 2 electron-withdraw groups, the aliphatic sp2 N
with two connected atoms, and the sp3 C in square systems, may
have more significant impact on the biocatalytic enantioselec-
tivity of substrates.

Prediction and testing toward new substrates
To demonstrate the ability of machine learning models to assist in the
construction of enantioselective amidase catalytic system for the
preparation of important chiral pharmaceuticals, we chose racemic
2-hydroxy-2-phenylacetamide 1a and meso cyclopentane-1,2-dicar-
boxamide 3 as model substrates, which can be biocatalyzed to chiral
mandelic acids55 and disubstituted cyclopentane56, respectively. Three
classifiers under different classification criteria were used together to
predict the range of�ΔΔG≠ for a given substrate. Substrate 3 (Fig. 2B)
was predicted to have a probably high enantioselectivity of this reac-
tion, that is, �ΔΔG≠ ≥ 3.00 kcal/mol. On the contrary, the prediction
result of substrate 1a (Fig. 2A)was�ΔΔG≠ < 1.86 kcal/mol, implying the
potentially low ee values of its product.

To validate the accuracy of these predictions, we synthesized and
experimentally measured the ee values of their reaction products.
Substrates 1a and 3 were readily prepared from simple compounds
according to the literature method (see SI). Wild-type amidase-con-
taining Escherichia coli whole cells were able to efficiently catalyze the
kinetic resolution of the substrate 1a within 5min under very mild
conditions (neutral phosphate buffer, 30 °C). To facilitate the isolation
and detection of the product, the carboxylic acid was alkylated with
benzyl bromide under base conditions and finally the recovered amide
1a and benzyl ester 2a were obtained with ee values of 61% and 52%,
respectively, resulting in �ΔΔG≠ of only 1.05 kcal/mol (Fig. 2A). Fol-
lowing a similar approach, the desymmetrization of substrate 3 gave
benzyl ester 4 with 97% ee value, indicating that the �ΔΔG≠ value of
this reaction is up to 3.39 kcal/mol (Fig. 2B). Both of the above
experimental results were in agreement with ML predictions, which
demonstrates the reliability of our constructed predictor. It is able to
significantly reduce the time for substrate synthesis and bio-
transformation experiments compared to the conventional research
strategy.

Virtual screening
The core of conventional protein engineering approaches to enhance
the poor enantioselectivity biocatalysis toward 1a is protein engi-
neering based on directed evolution and high-throughput screening.
Instead, our strategy in the present work focuses on the substrates at
the beginning and consists of two steps. First, theML predictor is used
to predict the enantioselectivity toward a series of substrates with a
similar structure to 1a. The ensemble of 30 individual RF classifiers,
each of which was rebuilt with a different random seed, was applied
under each classification criterion. The result was labeled as positive
whenmore than half of the predictions were positive, otherwise it was
labeled as negative. Basedon the diverse results obtainedusingML,we
would carefully examine the substituent effect on the substrates,

Table 1 | Performance of RF classifiers under different classification criteria

RF-classifiers criterion (�ΔΔG≠ in
kcal/mol)

ee (%) number of selected
features

accuracy recall precision F-score AUC

Classifier A 1.86 80 56 0.978a 0.993 0.976 0.984 0.997

0.784b 0.903 0.801 0.831 0.768

Classifier B 2.40 90 62 0.980a 0.990 0.977 0.983 0.998

0.790b 0.859 0.809 0.831 0.832

Classifier C 3.00 95 47 0.937a 0.936 0.910 0.922 0.987

0.751b 0.739 0.676 0.788 0.701
aPerformance matrices of training set (similarly hereafter); b Performance matrices of test set (similarly hereafter). RF: Random Forest, AUC: the area under receiver operating characteristic curve.
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expecting to reveal the key factors that influence the enantioselec-
tivity. Second, the rules revealed for the effect of substituents on
enantioselectivity can be applied to assist in rational design of protein
variants, which in traditional asymmetric synthesis methodologies
usually require extensive wet laboratory experimental studies to
reveal38,40, thus reducing the need for mutation and screening efforts.
Specifically, the aromatic group of substrate 1a is the key site for chiral
recognition with amidase. In order to comprehensively investigate the
effect of the aromatic group on the catalytic performance of biocata-
lysis, we fine-tuned the structure of the aromatic group on 1a to design
its chemical analogs 1b-l (Fig. 3).

The results in the first step are summaried in Fig. 3. When the
phenyl group of 1a was replaced by benzyl (1b) or phenylethyl group
(1c), the ML-predicted values of enantioselectivity of both remain low
(�ΔΔG≠ < 1.86 kcal/mol). To investigate the effect of substituents

attached on the phenyl ring, a series of substrates 1d-i containing an
electron-donating methyl group or an electron-withdrawing bromine
group in the ortho-, meta- or para-position were virtually designed.
According to ML predictions, the substrate 1 h with a methyl sub-
stituent in the para-position of the phenyl group exhibits a higher
enantioselectivity (�ΔΔG≠ > 1.86 kcal/mol) in comparison with the
ortho- and meta-substituted analogs (1e and 1 f). Furthermore, the
substrate 1i with a para-bromo substituent achieves the highest pre-
dicted�ΔΔG≠ value, which is larger than 2.40 kcal/mol. The tendency
suggests that substituents in the para-position may be relevant to
high enantioselectivity. Three additional substrates 1j-l with a para--
substituent were further examined. The ML-predicted values of
�ΔΔG≠ were both larger than 1.86 kcal/mol, leading to better enan-
tioselectivity again when the para-position of the phenyl group of
substrate 1 contains a substituent.

( )  predicted −∆∆ ≠ < 1.86 kcal/mol; measured−∆∆ ≠ = 1.05 kcal/mol

(B) predicted− ∆∆ ≠ > 3.00 kcal/mol; measured−∆∆ ≠ = 3.39 kcal/mol

Fig. 2 | Comparison of model predictions with experimental measurements towards new substrates. Predicted and measured results of biocatalysis of substrates
1a (A) and 3 (B). The detailed experimental procedures are given in SI. Amide groups are labeled in blue and carboxylic acid ester groups are labeled in red.

−∆∆
≠ < 1.86

1.86 < −∆∆ ≠ < 2.40

2.40 < −∆∆ ≠ < 3.00
(in kcal/mol)

1a, 1b, 1c, 1d, 1f, 1g

1i

1e, 1h, 1j, 1k, 1l=

substrate Classifier A Classifier B Classifier C
1a 0 0 0

1b 0 0 0

1c 0 0 0

1d 0 0 0

1e 1 0 0

1f 0 0 0

1g 0 0 0

1h 1 0 0

1i 1 1 0

1j 1 0 0

1k 1 0 0

1l 1 0 0

Fig. 3 | ML prediction of biocatalytic enantioselectivity toward substrates 1a-l.
Positive and negative results are represented in gray and white grids, respectively.
The labels of para-substituented substrates are highlighted in italics. Substrates

with predicted�ΔΔG≠ values < 1.86, between 1.86 and 2.40, between 2.40 and 3.00
are labeled in black, blue and red, respectively.
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Molecular docking and rational design
To bridge the impact of para-substituents of substrates on stereo-
selectivity and the design of enzyme variants with higher enantios-
electivity, we performed molecular docking of (R)- and (S)-
enantiomers of substrate 1a or 1i into the catalytic cavity of amidase.
The computational details ofmolecular docking canbe seen in Section
4, SI. As shown in Fig. 4A, B, substrates (R)−1a and (S)−1a exhibits
different binding modes, in which the para-position of (R)−1a and (S)
−1a are close to residue I198 andW328with a distance of 2.7 and 3.3 Å,
respectively. This steric blocking was unfavorable for substrate-
enzyme recognition. Similar to the binding mode of (S)−1a, the steric
phenyl group of (S)−1i also extends into the substrate tunnel with a
distance toW328 as 3.3 Å (see Fig. 4C). However, substrate (R)−1i failed
to dock into the catalytic cavity, suggesting that its steric para-
substituted phenyl group may be too close to I198 to form the similar
binding mode of (R)−1a. Molecular docking of the (R)- and (S)-enan-
tiomersof other substrates 1b-l into the catalytic cavity of amidase also
demonstrated similar binding rule (Figure S8). It inspires us to mutate
residue I198 and/or W328 of amidase to enhance its enantioselectivity
toward substrate 1a, which is the key point to the second step of our
rational-design strategy.

Protein engineering
Following the above biocatalysis rules, we implemented protein
mutation to shrink its binding cavity of (R)−1a (residue I198) or to
broaden its binding cavity of (S)-1a (W328). Three variants encoding
for the substitutions I198H, I198F, and W328F of wild-type amidase

were first created. The hydrolase of racemic 1awas thenmeasured and
shown in Fig. 5. All variants displayed higher enantioselectivity with
increasing E-values (5.7 for wild-type, 12.8 for I198H, 16.6 for I198F, 13.5
for W328F). Moreover, the double variant I198F/W328F performed the
best enantioselectivity with a 53-fold higher E-value (i.e., 303.5) in
comparisonwith thewild-type amidase.With thehelpofMLprediction
of the enantioselectivity of substrates and the deep analysis based on
molecular docking, we finally designed new variants and effectively
achieved a dramatic increase in the enantioselectivity of amidase-
catalysis.

Wet experimental validation toward new substrates
In the end, we experimentally measured the hydrolytic enantioselec-
ivity toward substrates 1b-k to confirm the accuracy ofML. As listed in
Table 2, most of experimental results (9 out of 12) are consistent
with ML predictions shown in Fig. 3. The enantioselectivity of sub-
strates 1e and 1 l was overestimated, whereas the enantioselectivity of
1 hwas underestimated. The incorrect prediction regarding 1 h and 1 l
may be related to the proximity of their measured �ΔΔG≠ values
(2.02 kcal/mol for 1 h and 1.83 kcal/mol for 1 l) to the classification
threshold (1.86 kcal/mol) of ML predictor. The disagreement has no
influence on the structure-property relationship of substrates
observed by ML. Regardless, the present ML model is able to capture
biocatalysis rules such as the beneficial effect of the para-substituents
on enantioselectivity, which further assists us in rational protein
engineering for highly enantioselective biocatalytic synthesis of chiral
compounds.

There is still much room to improve this research in our future
work. One is how to enhance and exploit the interpretability of fea-
tures used in machine learning. In protein engineering and enzyme
design, the chemical composition and stereostructure of substrates
typically have a critical impact on the reaction, making interpretable
features essential26,57. Some other descriptors, which have been enco-
ded using deep neural networks58,59 or designed for organic catalytic
reactions’ enantioselectivity60, can be employed as better candidates
in our futureworks. In thepresent research, however,more attention is
paid to improve the traditional variant design strategy based on wet
experiments and substrate engineering38,40, and rationally designing
enzyme variants through ML-assisted virtual screening of substrates,
which requires a set of features with good and balanced performance.
Therefore, we applied a specific combination of chemical descriptors
and 3D geometry descriptors. Another is how to collect and integrate
data and features involving amidase variants into existing MLmodels,
so as to build/upgrade them to ML models describing the correlation
between substrates structure, variants structure and catalytic stereo-
selectivity, and to explore their application in accelerating protein
engineering studies.

Fig. 4 | Molecular docking studies based on virtual screening results.Molecular
docking of the substrate (R)−1a (A), (S)−1a (B) and (S)−1i (C) into the active site of
amidase. protein inwhite cartoon, oxygen in red, nitrogen inblue, residues I198 and

W328 in green, and carbon of substrates in cyan. The key interatomic distances are
highlighted by red dashed lines with values. The figure was created using PyMOL67.
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Fig. 5 | Measured E values of biocatalysis toward substrate 1a by amidase var-
iants. The E values are displayed above the bars, while the variants are labeled
below. The detailed data was shown in Table S7.
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In conclusion, based on the collection of experimental biocata-
lytic data and the well-adopted descriptors of substrates, we have
developed machine-learning classification models to predict the
amidase-catalytic enantioselectivity towardnew substrates.We further
applied it to investigate the key structural factors of enantioselectivity
and demonstrated the observed structure-property rule in the guiding
of reaction route design and protein variants design. We believe that
this study will shed light on the ML-assisted substrate design and
protein engineering in biocatalysis.

Methods
Materials
All the restriction enzymes were purchased from Thermo
Fisher Scientific. High fidelity PCR DNA-polymerase, and dNTPs
were purchased from Vazyme Biotech Co., Ltd. PCR primers
were synthesized and DNA sequencing was conducted by TsingKe
Biotech Co., Ltd. Other common biochemical and media components
were obtained from standard commercial sources and used
directly. The plasmid pET22b for amidase expression is gifted
from Yapeng Chao and Shijun Qian from Institute of Microbiology,
Chinese Academy of Sciences. All the biochemical and commercial
chemicals were used without further purification. The protocol of the
synthesis of substrates and characterization data of compounds are
given in SI.

Dataset Construction
The whole dataset was classified into “positive” (higher enantioselec-
tivity) and “negative” (lower enantioselectivity) according to ΔΔG≠,
which is the difference of activation Gibbs free energies between two
processes for the generation of R- and S-products. Three classification
criteria, �ΔΔG≠ = 1.86, 2.40 or 3.00 kcal/mol (corresponding to
ee = 80%, 90%or 95%at 303 K),were used in this work. The numbersof
positive and negative samples were listed in Table S1. The dataset
under each criterion was respectively divided into training (80%) and
test sets (20%)with stratified random sampling. In order to address the
class imbalance problem, we performed a random oversampling
method to randomly duplicate samples in theminority class beforeML
training.

Descriptors
One type of descriptors was derived from the molecular structure of
substrates. First, the whole structure was represented by the SMILES
string and decomposed into fragments, which was also called as “cli-
ques”. Second, a vocabulary of molecular cliques can be created. As
shown in Figure S1, there are 32 cliques extracted from this dataset and
indexed as the i-th clique (i = 1, 2,…, 32). Finally, a 32-dimensional one-
hot vector was defined and converted into 32 descriptors. For a given
compound, the i-th component of the vector represents the number of
the i-th clique that appears in this molecule.

Another type of descriptors was obtained based on the weighted
atomic-centered symmetry functions (wACSFs). The radial and angular
wACSFs centered at atom i are defined as

Wrad
i =

X

j≠i

Z ie
�η rij�μð Þ2 f ij ð1Þ

Wang
i =

X

k≠i,j

X

j≠i

Z jZkð1 + λ cosθjik Þe�η rij�μð Þ2e�η rik�μð Þ2e�η rjk�μð Þ2 f ij f ik f jk

ð2Þ

where rij is the distance between atom i and j, θjik is the angle that
consists of atom i, j and k, Zi denotes the atomic number of atom i, η, μ
and λ are hyperparameters of symmetry functions, and f ij is the cutoff
function expressed as

f ij =
1
2

cos
πrij
Rc

� �
+ 1

h i
if rij ≤Rc

0, otherwise

8
<

: ð3Þ

Here Rc is the pre-defined cutoff radius, which was 6.0Å in this
work; the value of λ was set as 1 or −1 for different angular symmetry
functions; η and μ were determined as

η =
1

2 Δrð Þ2 ð4Þ

Table 2 | Measured results of biocatalytic hydrolysis of substratesa

Entry Substrate Product 1 (%)b(ee %)c Product 2 (%)b(ee %)c �ΔΔG≠ (kcal/mol)

1 1a (R)-1a (44) (61) (S)-2a (54) (52) 1.05

2 1b (R)-1b (57) (36) (S)-2b (25) (74) 1.35

3 1c (R)-1c (52) (64) (S)-2c (30) (80) 1.72

4 1d (R)-1d (45) (25) (S)-2d (50) (24) 0.43

5 1e (R)-1e (48) (15) (S)-2e (49) (13) 0.24d

6 1 f (R)-1f (42) (81) (S)-2f (51) (40) 1.01

7 1 g (R)-1g (41) (91) (S)-2g (52) (62) 1.54

8e 1 h (R)-1h (50) (59) (S)-2h (35) (88) 2.02

9 1i (R)-1i (47) (90) (S)-2i (37) (91) 2.52

10 1j (R)-1j (50) (51) (S)-2j (31) (91) 2.14

11 1k (R)-1k (47) (70) (S)-2k (32) (91) 2.28

12 1 l (R)-1l (50) (59) (S)-2l (32) (84) 1.83d

asubstrate 1 (0.5mmol)was incubatedwithamidase-containing Escherichiacoliwhole cell (0.5 gwetweight) inneutral phosphatebuffer (0.1M, 50mL), and thenwas incubatedat 30 °C. Thedetailed
data was shown in Table S7. bIsolated yield. cDetermined by chiral HPLC analysis, and the detailed data was shown in Table S8. dMismatch with the predicted results. eTo assign the absolute
configuration, a high-quality of single crystal of the recovered 1 hwas obtainedby slow evaporation of the solution in amixture of hexane and ethyl acetate. X-ray diffraction analysis unambiguously
revealed the R-configured stereogenic center in 1 h (Figure S10, Table S9-10). The composition of single crystal has been proved by HPLC.
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and

μ=0:5 Å+nΔr,n=0,1,2 . . . ,N � 1 ð5Þ

where

Δr =
Rc � 1:5 Å
N � 1

ð6Þ

and N is the number of wACSFs centered at atom i. Note that different
values of N can be applied to radial and angular symmetry functions,
denoted as Nrad and Nang , respectively. Since different substrates in
the dataset usually have different numbers of atoms or elements, a
histogram scheme is used to regularize symmetry functions, leading to
the histogram-wACSFs as “geometry” descriptors. The number of bins
to build the histogram is another hyperparameter (denoted as Nbin).

In brief, themolecular clique descriptors reflect the “chemistry”of
substrates, while the histogram-wACSF descriptors capture the three-
dimensional information about substrates. Three hyperparameters in
histogram-wACSFs, that is, Nrad , Nang and Nbin, should be tuned. The
geometry of substrate was optimized in vacuum using the B3LYP
density functional61–63 and 6-31 + +G(d,p) basis set. Note that
“descriptor” was also called as “feature” in this paper.

Feature selection
Feature selection in prior toML training was designed as follows. First,
the features with a variance lower than a given threshold (e.g., 0.025)
after normalization were removed. Second, the Pearson correlation
map between the remaining features was calculated. If the coefficient
of a feature pair is larger than a given threshold (e.g., 0.98), one of the
features is removed. Third, recursive feature elimination64 (RFE) was
performed to filter the remaining features. After several attempts, we
employed support vector machine as the estimator of RFE according
to the final performance of ML classification model with the selected
features. This procedure was implemented under the classification
criteriaof 1.86and 2.40. However, under the criterion of 3.00, the third
step was omitted. Instead, after the second step, the correlation
coefficients between the remaining features and the training labels
were examined, removing the features with a coefficient lower than a
given threshold (e.g., 0.15).

Hyperparameters
The dataset under the classification criterion of 2.40 was used to
search the best hyperparameters (Table S2). First, the hyperpara-
meters of four classifiers, that is, random forest (RF), support vector
machine (SVM), logistics regression (LR), and gradient boosted deci-
sion tree (GBDT), were tuned with a five-fold cross-validated grid-
search on the training set. Second, these classifiers were retrained on
the training set with the above optimized hyperparameters and eval-
uated on the test set. The RF model was selected as the best classifier.
Finally, the RFmodel was rebuilt under two other classification criteria
(1.86 and 3.00) with the same procedure, except for the fixed hyper-
parameters in histogram-wACSFs (Nrad , Nang and Nbin).

Evaluation on Performance
The quality of ML classifiers is always evaluated using the accuracy,
precision, recall, F-score and the area under receiver operating char-
acteristic curve (AUC) (Table S3). They are defined as

accuracy =
TP+TN

TP+FP+TN+FN
ð7Þ

precision=
TP

TP+FP
ð8Þ

recall =
TP

TP+ FN
ð9Þ

and

Fβ =
ð1 + β2Þ×precision× recall

β2 × precision+ recall
ð9Þ

Here TP, FP, FN, and TN represent the number of positive samples
correctly classified, the number of negative samples that are mis-
classified as positive, the number of positive samples that are mis-
classified as negative, and the number of negative samples correctly
classified, respectively. The value of β in F-score determines the rela-
tive importance of precision and recall on the evaluation. In this work,
it was set to be 1 as usual. A receiver operating characteristic curve is a
plot of TP

TP+FN in function of FP
TN+FP. A larger area under this curve (AUC)

indicates better classification performance.

Protein engineering and expression
The PCR mixture (50μL) contained 25μL 2 × Phanta Max Master Mix,
17μL H2O, 2μL DMSO, 2μL (about 50 ng) template DNA and 2μL
(about 10μM) each primer mix. The PCR was performed as follows: (i)
98 °C, 30 s; (ii) 30 cycles: 98 °C, 10 s; 50-72 °C, 30 s; 72 °C, 0.5min/kbp;
(iii) 72 °C, 2min. The resulting PCR product was directly treated with
the kinase, ligase &DpnI (KLD enzymemix) (100μLmL−1; NEB) at room
temperature for 30minutes and then used for the transformation of
chemically competent E. coli TOP10 cells. After confirming the intro-
ducedmutation(s) by single colonies sequencedetection, theplasmids
were used for the transformation into chemical competent E. coli
BL21(DE3) cells by the heat shock method. Primers used in this work
include I198H Fw (AAGGCGGATCGATCCGGCACCCGGCGGCAT),
I198H Rv (CCGCAGAATGCCGCCGGGTGCCGGATCGAT), I198F Fw
(AAGGCGGATCGATCCGGTTCCCGGCGGCAT), I198F Rv (CCGCA-
GAATGCCGCCGGGAACCGGATCGAT), W328F Fw (ATCTGCATGCTT
TCCACATCTTTAACGTGATCGCC) and W328 Rv (CCGTCCGTGG
CGATCACGTTAAAGATGTGGAAAG). They are also listed in Table S6.

The pre-cultures were prepared by inoculating 5mL of Luria-
Bertani (LB) broth (composed of 1% Tryptone, 1% NaCl, and 0.5% yeast
extract) containing 100μg/mL ampicillin with a single colony of E. coli
BL21 (DE3)65. Following overnight incubation at 37 °C with shaking at
220 rpm, the pre-cultures were diluted 1:100 into 300mL of LB med-
ium supplemented with ampicillin and cultured until the optical den-
sity at 600nm reached approximately 0.6–0.8. After cooling at 4 °C
for 30minutes, protein expression was induced by the addition of
300μM isopropyl-β-D-thiogalactopyranoside (IPTG), followed by fur-
ther incubation for 6 hours at 25 °C. The cells were collected by cen-
trifugation at 7100 g for 5minutes at 4 °C, and the supernatant was
discarded. The cell pellets were re-suspended in phosphate buffer
(0.1M, pH 7.0) and stored at −20 °C. All resulting variant sequences
were verified through DNA sequencing.

General procedure for the biotransformations of substrates 1
and 3 catalyzed by amidase-containing or variant-containing
E. coli
In an Erlenmeyer flask (150mL) with a screw cap a suspension of E.
coli cells (0.05−0.5 g wet weight) in aqueous phosphate buffer
(pH 7.0, 0.1 M, 25mL) was activated at 37 °C for 0.5 h. Substrates 1a-l
or 3 (0.5mmol) was dissolved in aqueous phosphate buffer (pH 7.0,
0.1 M, 25mL) and added in one portion, and the resulting mixture
was incubated at 37 °C with orbital shaking (220 rpm). The reaction
process was monitored using TLC method. After a period of time,
the reaction was quenched by removing microbial cells through a
celite pad filtration. The filtration cake was washed consecutively
with water (3 × 15mL) and ethyl acetate (3 × 30mL). The organic
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phase of filtrate was separated and dried with anhydrous Na2SO4,
and then was removed under vacuum. The residue was chromato-
graphed on a silica gel column with ethyl acetate as the mobile
phase to give amide (R)−1a-l or 3. The aqueous phase was evapo-
rated under vacuum, giving a waxy solid which is a mixture of acid
product and salt. The residue was dissolved in DMF (5mL) followed
by the addition of K2CO3 (0.25mmol, 1 equiv.) and benzyl bromide
(0.5mmol, 2 equiv.). The mixture was stirred at room temperature
overnight, and the reaction was then quenched by adding water
(20mL). Extraction with ethyl acetate (3 × 15mL) and dried over
anhydrous NaSO4. After removing the solvent under vacuum, the
crudemixture was purified by flash column chromatography using a
mixture of petroleum ether and ethyl acetate (10:1 v/v) as the
mobile phase to give benzyl esters (S)−2a-l or 4. Enantiomeric
excess values were obtained from HPLC analysis using columns
coated with chiral stationary phases.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All the source data generated in this study have been deposited in
Supplementary Information files. The X-ray crystallographic coordi-
nate for structureof (R)-1h reported in this study has beendeposited at
the Cambridge Crystallographic Data Center (CCDC), under deposi-
tion number 2224210. These data can be obtained free of charge from
the Cambridge Crystallographic Data Center via www.ccdc.cam.ac.uk/
data_request/cif. The supplementary methods for synthesis and char-
acterization, crystallography, NMR, HPLC studies and additional data
supporting the findings of this study are available in Supplementary
Information files. The training data used in this study are provided in
the Source Data File. All data are available from the corresponding
author upon request. Source data are provided with this paper.

Code availability
The source code employed for generating descriptors and trainingML
models in this research are available at https://github.com/ZYChen33/
ML-assisted-amidase-catalytic-enantioselectivity-prediction-and-
rational-design and https://doi.org/10.5281/zenodo.1375970066.
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