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Multi-modal deep learning enables efficient
and accurate annotation of enzymatic
active sites

XiaoruiWang 1,2, XiaodanYin1,2, Dejun Jiang 1, HuifengZhao1, ZhenxingWu 1,
Odin Zhang1, Jike Wang1, Yuquan Li 3, Yafeng Deng4, Huanxiang Liu5, Pei Luo2,
Yuqiang Han6, Tingjun Hou 1 , Xiaojun Yao5 & Chang-Yu Hsieh 1

Annotating active sites in enzymes is crucial for advancing multiple fields
including drugdiscovery, disease research, enzyme engineering, and synthetic
biology. Despite the development of numerous automated annotation algo-
rithms, a significant trade-off between speed and accuracy limits their large-
scale practical applications. We introduce EasIFA, an enzyme active site
annotation algorithm that fuses latent enzyme representations from the Pro-
tein Language Model and 3D structural encoder, and then aligns protein-level
information with the knowledge of enzymatic reactions using a multi-modal
cross-attention framework. EasIFA outperforms BLASTp with a 10-fold speed
increase and improved recall, precision, f1 score, and MCC by 7.57%, 13.08%,
9.68%, and 0.1012, respectively. It also surpasses empirical-rule-based algo-
rithm and other state-of-the-art deep learning annotation method based on
PSSM features, achieving a speed increase ranging from 650 to 1400 times
while enhancing annotation quality. This makes EasIFA a suitable replacement
for conventional tools in both industrial and academic settings. EasIFA can also
effectively transfer knowledge gained from coarsely annotated enzyme data-
bases to smaller, high-precision datasets, highlighting its ability to model
sparse and high-quality databases. Additionally, EasIFA shows potential as a
catalytic site monitoring tool for designing enzymes with desired functions
beyond their natural distribution.

As catalysts for biochemical reactions, enzymes play a crucial role in
accelerating chemical reactions both inside and outside living systems.
They are essential for facilitating life-sustaining processes such as
growth, metabolism, and disease prevention. The enzymatic activity is
primarily determined by the three-dimensional structures of the active
sites, which enable enzymes to specifically bind to certain substrates

and catalyze chemical transformations. Despite the advancement in
DNA sequencing technology that allows researchers to obtain a vast
number of enzyme sequences from different species and sources on a
daily basis, accurately annotating active sites remains a significant
challenge. The UniProt database reveals that despite the identification
of over forty million enzyme sequences, less than 0.7% of these

Received: 31 March 2024

Accepted: 9 August 2024

Check for updates

1Innovation Institute for Artificial Intelligence in Medicine of Zhejiang University, College of Pharmaceutical Sciences, Zhejiang University, Hangzhou 310058
Zhejiang, China. 2Neher’s Biophysics Laboratory for Innovative DrugDiscovery, State Key Laboratory of Quality Research inChineseMedicine,Macau Institute
for Applied Research in Medicine and Health, Macau University of Science and Technology, Macao 999078, China. 3College of Chemistry and Chemical
Engineering, Lanzhou University, Lanzhou 730000 Gansu, China. 4CarbonSilicon AI Technology Co., Ltd, Hangzhou 310018 Zhejiang, China. 5Faculty of
Applied Sciences, Macao Polytechnic University, Macao 999078, China. 6Department of Computer Science and Engineering, Chinese University of Hong
Kong, Hong Kong 999077, China. e-mail: tingjunhou@zju.edu.cn; xjyao@mpu.edu.mo; kimhsieh@zju.edu.cn

Nature Communications |         (2024) 15:7348 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0001-6893-2013
http://orcid.org/0000-0001-6893-2013
http://orcid.org/0000-0001-6893-2013
http://orcid.org/0000-0001-6893-2013
http://orcid.org/0000-0001-6893-2013
http://orcid.org/0000-0002-2035-5074
http://orcid.org/0000-0002-2035-5074
http://orcid.org/0000-0002-2035-5074
http://orcid.org/0000-0002-2035-5074
http://orcid.org/0000-0002-2035-5074
http://orcid.org/0000-0002-1060-5957
http://orcid.org/0000-0002-1060-5957
http://orcid.org/0000-0002-1060-5957
http://orcid.org/0000-0002-1060-5957
http://orcid.org/0000-0002-1060-5957
http://orcid.org/0000-0003-2756-0449
http://orcid.org/0000-0003-2756-0449
http://orcid.org/0000-0003-2756-0449
http://orcid.org/0000-0003-2756-0449
http://orcid.org/0000-0003-2756-0449
http://orcid.org/0000-0001-7227-2580
http://orcid.org/0000-0001-7227-2580
http://orcid.org/0000-0001-7227-2580
http://orcid.org/0000-0001-7227-2580
http://orcid.org/0000-0001-7227-2580
http://orcid.org/0000-0002-6242-4218
http://orcid.org/0000-0002-6242-4218
http://orcid.org/0000-0002-6242-4218
http://orcid.org/0000-0002-6242-4218
http://orcid.org/0000-0002-6242-4218
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-51511-6&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-51511-6&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-51511-6&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-51511-6&domain=pdf
mailto:tingjunhou@zju.edu.cn
mailto:xjyao@mpu.edu.mo
mailto:kimhsieh@zju.edu.cn
www.nature.com/naturecommunications


sequences have high-quality annotations on their active sites1. Given
the enormous annual growth rate of sequenced enzymes, it is unrea-
listic to annotate all of them through experimental techniques.
Although reliable methods have been developed for annotating
enzyme functions (e.g., predicting enzyme commission numbers)2,
and considerable research has been devoted to developing algorithms
for predicting protein active sites3, there remains a lack of a depend-
able, rapid, and robust tool for annotating enzyme active sites. This is
primarily due to the inherent complexity of predicting enzyme active
sites, because the tools need to precisely understand the relationship
between enzymes and their specific substrates, as well as the types of
reactions, and differentiate between various types of active sites, such
as binding sites and catalytic sites directly involved in reactions. Fur-
thermore, high-quality enzyme active site annotation data are scarce.
These above factors pose significant challenges to conventional pro-
tein active site prediction tools. Therefore, accurate methods for
predicting enzyme active sites are crucial for various scientific inves-
tigations in biology, pharmacology, and bioengineering. A proper
understanding of enzymatic reactions significantly contributes to
advancing drug design and discovery, clarifying disease mechanisms,
and facilitating progress in enzyme engineering.

The difficulty of building a reliable annotationmethodmay finally
see substantial progress due to recent AI-led profound transforma-
tions in computational biology4–8, as exemplified by the introduction
of protein language model (PLM) and AlphaFold2. PLMs treat amino
acid sequences as an analog to natural language and employ masked
language modeling methods under the framework of self-supervised
training on extensive protein sequence data to derive learnable fea-
tures that reflect the properties of proteins. The current state-of-the-
art PLMs, exemplified by the Transformer-based ESM model6, have
improved the performance of methodologies related to enzyme
function prediction. For instance, Yu et al. utilized ESM in conjunction
with contrastive learning strategies to develop an enzyme function
classification model, CLEAN, surpassing BLASTp in achieving optimal
accuracy for enzyme function classification tasks2. Furthermore, in
predicting enzyme specificity for substrates, Kroll et al. developed the
ESPmodel based on ESM, achieving the highest reported accuracy9. To
fully leverage the rich information encoded in protein structural fea-
tures, Zhang et al. proposed ESM-GearNet (PLMs-Structure), a feature
fusion network10,11. This network utilizes ESM to extract amino acid
residue node features in protein graphs, combined with the message-
passing mechanisms of graph neural networks for enhanced protein
feature extraction, thus leading to improved prediction accuracy in
enzyme function classification tasks (prediction of EC numbers)
compared to using PLMs representation models alone. The recent
successes of PLMs in predicting enzyme functions and substrate spe-
cificities have sparked further exploration into the more challenging
task of annotating enzyme active sites.

Existing algorithms for predicting enzyme active sites can be
broadly categorized into three groups: homology and template-
based methods12 (i.e., those based on empirical rules13,14), and
machine learning-based approaches15–18. For a long time, homology
and template-based methods have been the standard choice due to
their reliable performance in identifying active residues of enzymes.
A representative and robust algorithm in this category is BLASTp12,
which identifies enzyme sequences annotated in databases that
closely resemble the query sequence through sequence alignment,
thus providing critical reference information for the identification of
active sites. However, these methods require a large database that
covers most sequences similar to the queried enzyme sequence for
better prediction results. If the target enzyme differs significantly
from those in the knowledge base, accurate prediction becomes
challenging. Among methods based on empirical rules, a well-
established commercial algorithm is Schrödinger’s SiteMap13,14,
which predicts important catalytic sites and binding sites based on

the physicochemical characteristics of protein residues and sur-
faces. While SiteMap offers valuable reference information for pre-
dicting the active sites of enzymes to some extent, it is not
specifically tailored for the properties of enzymes. Furthermore, the
empirical rules it employs significantly differ from the task of
annotating enzyme catalytic sites. Therefore, its applicability for
enzyme active site annotation is rather limited, and cannot be
adjusted to different annotation databases.

In recent years, deep learning (DL)-based approaches have shown
initial success in annotating enzyme active sites. For example, Gligor-
ijević et al.18 proposed a graph convolutional neural network for pro-
tein function prediction based on structures. Although it was not
explicitly trained on active site datasets, the model trained on enzyme
function prediction datasets can use the gradient weighted Class
ActivationMaps (grad-CAMs)19 method to analyze the residue weights
related to enzyme function. This allows for the inference of enzyme
active sites. Since existing databases contain a substantial amount of
data on enzyme active sites, direct modeling of enzyme active site
issues could further enhance predictive performance. Subsequently,
Shen et al. proposed AEGAN, a structure-based protein graph network
DL method, which achieved the best prediction performance on
multiple enzyme active site benchmark datasets15. However, its
method of extracting enzyme features heavily relies on the computa-
tion of Positional Specific Scoring Matrix19 (PSSM), which requires
substantial amount of time and computational power, greatly limiting
its application in large-scale annotation tasks. Beyond these methods,
Teukam et al. have explored an approach using attention mechanism-
based self-supervised learning languagemodels to directly explore the
intrinsic relationship between enzyme sequences and their catalytic
chemical reactions20. By analyzing the distribution of attentionweights
across enzyme sequences and chemical reactions, the active sites of
enzymes can be unambiguously inferred. Although this scheme is
creative, the pure sequence-based self-supervised learning approach
struggles to capture some key structural information and overlooks
the knowledge accumulated over the years, leaving room for further
improvements. However, the approach taken by Teukam et al., which
integrates knowledge about enzymes and the specific reactions they
catalyze, is indeedworth further exploration. Given the high specificity
of enzymes for their substrates, certain enzymes are often responsible
for catalyzing only one or a few specific chemical transformations.
Therefore, information on enzyme-catalyzed reactions can serve as
additional features of enzymes in the prediction of active sites. This
data can be utilized to enrich the feature set available to deep learning
(DL) models.

In addressing the challenges faced by existing algorithms for
annotating active sites of enzymes, this study introduces a DL-based
algorithm named EasIFA for annotating enzyme active sites. The
innovations of EasIFA are: (1) integrating PLMs with structure-based
representation information to generate a more comprehensive
description of enzyme structural information; (2) developing an atom-
wise distance-aware attention mechanism-based, lightweight graph
neural network, self-supervisedly pretrained on a broader dataset of
organic chemical reactions, to represent the relatively limited enzyme
reaction information; and (3) designing an attention-based, inter-
pretable information interaction network that combines the repre-
sentations of enzymes and their catalyzed biochemical reactions for
the task of active site annotation. Through multiple computational
validations, our proposed EasIFA algorithm not only outperformed all
benchmark algorithms in prediction accuracy for both (1) locating
active sites and (2) annotating their types, but it also demonstrated
exceptional prediction speed. Compared to the mainstream BLASTp
algorithm, EasIFA achieves a 10-fold increase in inference speed and an
additional 7.85% improvement in recall. Furthermore, compared to
graph network algorithms based on PSSM features that exhibit similar
performance in catalytic site prediction tasks, the EasIFA algorithm
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boasts an approximate 1400-fold increase in inference speed. Thanks
to the high quality and exceptional fast speed of EasIFA in annotating
enzyme active sites, this study has also developed a user-friendly web
server computational tool based on this algorithm, which is freely
available at http://easifa.iddd.group. Furthermore, to overcome the
significant differences in annotation trends and standards for the same
enzyme active sites across various databases, we have also employed a
transfer learning approach to attempt knowledge transfer among
enzyme active site repositories with distinct annotation characteristics
and tendencies. EasIFA was able to transition from training on large-
scale, relatively coarse annotation data to high-quality, manually
annotated datasets of enzyme catalytic site mechanisms, maintaining
high levels of prediction accuracy. The transfer-trained EasIFAmodel is
expected to work in conjunction with automatic enzyme catalytic
mechanism prediction methods like EzMechanism21, enhancing the
coverage of enzyme reactions catalytic mechanisms databases. This
method surpasses the limitations of sequence-based BLASTp, illus-
trating remarkable adaptability and transfer capabilities. We also
explored the potential of the EasIFA algorithm as a catalytic site
monitoring tool in enzyme design, and developed data augmentation
strategies to extend the knowledge of enzyme catalytic sites to a
broader protein space.

Results
Problem formulation for enzyme active site prediction
In previous studies of enzyme active site identification, the prediction
task was typically defined as either (1) amino acid residue token clas-
sification in a given enzyme’s amino acid sequenceAE = fa1, . . . ,ang, or
(2) graph node Vi classification in a given enzyme’s graph GE = V, Eð Þ.
These studies mainly emphasized the sequence or structural infor-
mation of the enzyme, while the consideration of reaction information
was insufficient. In this work, we aim to further improve the task of
enzyme active site identification by taking into account of the inclu-
sion of the corresponding enzymatic reactions. The input for this task
not only includes the structural information of the enzyme (stored in
PDB format) but also the chemical reaction sequence information
(stored in reaction SMILES22 format). The structural information of the
enzyme is converted into a graph representation through data pro-
cessing, denoted asGE = ðeVE

, EE ,RE Þ, where the VE
i node represents the

input feature of the i-th amino acid residue, incorporating its sequence
information ai. This can extract the amino acid sequence AE = faig
from the graph structure of the enzyme, and EE andRE denote the sets
of edges and edge relational types, respectively. The enzyme reaction
SMILES is processed and converted into a graph representation,
denoted asGR = fGS,GPgwhereGS is the substrates graphof the enzyme
reaction, denoted as GS = ðVS, ESÞ, and GP is the products graph of the
enzyme reaction, denoted as GP = ðVP , EP Þ.

In the context of the given enzyme structure graph GE and reac-
tion graph GR, the objective of the enzyme active site prediction task is
to train amodelM. Thismodel is capable ofmapping the joint feature
representation space GE × ðGS ∪GPÞ to a binary probability vector
P = ðp1,p2, . . . ,pnÞ, where pi 2 ½0, 1� and n represents the length of the
enzyme sequence. Alternatively, the model can map to a multi-class
probability matrix:

P =

p11 p21 � � � pn1

p12 p22 � � � pn2

..

. ..
. . .

. ..
.

p1m p2m � � � pnm

2
66664

3
77775,pij 2 0, 1½ �,

Xm
j = 1

pij = 1 ð1Þ

where m indicates the potential functional roles (including scaffold,
binding site, catalytic site, or other specific sites) for each amino acid
node, i is the index of the amino acid, and j is the index for the type of
functional role.

EasIFA framework
The EasIFA framework proposed is shown in Fig. 1. Given an enzyme-
reaction pair as the input, we use two branches to represent the fea-
tures of the enzyme and the reaction, respectively. The feature
representation of the enzyme is divided into three stages, as illustrated
in Supplementary Fig. S2a. In the initial stage, ESM-223 is used to con-
vert the sequence of amino acid residues into a protein language
representation. In the second stage, this protein language repre-
sentation of each amino acid residue serves as the node feature in the
enzyme graph GE , which is then input into GearNet24. Here, a message
passing mechanism updates the node features of the enzyme. Subse-
quently, the node features of the enzyme graph are created by con-
catenating the protein language representation of the amino acid
residues with the updated features of the enzyme graph. In the third
stage, BridgeNet25 is used to map these features to the same feature
size as that of the reaction information.

The feature representation of the reaction is divided into two
branches as displayed in Fig. 1, which independently represent the
features of substrate molecules and product molecules. After utilizing
an MPNN26 to update the features of the substrate and product
molecules, a substrate-product interaction network based on the
attentionmechanism is employed tomerge the features of theproduct
molecules with those of the substrate molecules, resulting in a sub-
strate molecule graph that carries product information. Following the
embedding of features from both the enzyme and the reaction, the
information on the substrate molecule graph is merged onto the
enzyme graph via an enzyme-reaction interaction network based on
the attention mechanism. It is worth noting that the enzyme-reaction
interaction network based on the attention mechanism differs from
the substrate-product interaction network, which uses atom-wise dis-
tance-aware global attention25,27 in its self-attention mechanism.

Once the information integration is complete, the amino acid
residue activity annotation network known as Multi-layer Perceptron
Residue Activity Predictor, as shown in Fig. 1, is utilized to predict the
activity type of each amino acid residue. We evaluated two variations
ofMulti-layer Perceptron Residue Activity Predictor for accomplishing
two tasks: (1) the identification of active sites and (2) the assignment of
active site types.

Performance evaluation strategies and metrics
To conduct the main benchmark test, we constructed the SwissProt-
ECReact enzyme-reaction active site annotation dataset (SwissProt
E-RXN ASA dataset) based on the UniprotKB/Swiss-Prot28 and ECReact
dataset29. Additionally, we retrieved all enzyme and reaction data from
the MCSA30 database to establish the MCSA enzyme catalytic site
annotation dataset (MCSA E-RXN CSA dataset) for knowledge base
transfer experiments. Using enzyme sequences from Swiss-Prot, we
selected experimentally validated structures (with PDB records) as the
validation and test sets for enzyme structures. To ensure the inde-
pendence of the training, validation, and test sets, we excluded any
enzyme structures withmore than 80% amino acid sequence similarity
to the enzymes in the training set. After dividing the ECReact dataset
into the training, validation, and test sets in an 8:1:1 ratio, we utilized
the EC Number as a bridge to match enzyme catalytic reactions with
enzyme structures. This matching process was conducted with a
maximummatch multiplier of 100, generating enzyme-reaction pairs.
The final dataset numbers were training set: validation set: test set =
102944: 4711: 892. We then collected and standardized the active site
annotations from UniProt, which includes three categories of enzyme
active sites and the index of the active sites as the prediction labels,
The three types of active sites are: binding sites, catalytic sites, and
other sites. It is worth noting that in UniProt, amino acid residues that
directly participate in chemical reactions are referred to as the ‘active
site’, which is synonymous with the ‘catalytic site’ mentioned in this
paper. In the test set, we evaluated and reported the model’s
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Fig. 1 | Architectural diagram of the EasIFA model, featuring the graph atten-
tion representation of chemical reactions (upper left branch) and the PLMs-
Structure fusion representation branch for enzymes (upper right branch), the
enzyme-reaction information interaction network (middle), and the two types
of multi-layer perceptron residual activity predictors (bottom). The black

dashed circled modules represent parts of this model that by default inherit the
pretrained model states. The reaction representation branch is pretrained on an
organic chemical reaction dataset, with ESM-2 inheriting model state from PLM
pretraining. The GearNetmodules were always trained from scratch, without using
pretrained model states.
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performance across different sequence identity intervals to the train-
ing set sequences (0~40%, 40~50%, 50~60%, 60~70%, and 70~80%), and
compared it with benchmark methods. Additionally, in the Supple-
mentary Section 5, we provided the evaluation results of the model’s
performance based on the maximum TM-Score31 intervals with the
training set (0~0.2, 0.2~0.5, and 0.5~1), and conducted comparisons
with benchmark methods as well.

The MCSA E-RXN CSA dataset was also divided into the training,
validation, and test sets with a maximum amino acid sequence simi-
larity threshold of 80%, and the validation and test sets did not
include any data with more than 80% similarity to the training set of
the SwissProt E-RXN ASA dataset. In this dataset, all categories of
active sites were classified as “catalytic site”, The MCSA E-RXN CSA
dataset was then divided into the training set: validation set: test
set = 781:88:82, serving as the evaluation dataset for the knowledge
base transfer experiment. Formore detailed dataset processing steps,
please refer to the Dataset Curation subsection in the Methods
section.

In the performance evaluation of algorithm, we conducted sepa-
rate assessments for the model on two tasks: the active site location
annotation task (a binary classification task to distinguish whether an
amino acid residue is an active site) and the active site type annotation
task (a multi-class classification task to predict the type of activity of
amino acid residues). For the active site location annotation task, we
utilized fivemetrics: precision, recall, falsepositive rate (FPR), F1 score,
and Matthews correlation coefficient (MCC). For the active site type
annotation task, we reported the recall for each activity category and
the average MCC across multiple activity categories. Each metric was
calculated individually for each validation/test sample, with the final
report presenting the average value across all samples. The specific
formulas used are as follows:

Active site location annotation task:

Precision=
TP

TP + FP
ð2Þ

Recall =
TP

TP + FN
ð3Þ

FPR =
FP

FP +TN
ð4Þ

F1 = 2 ×
Precision×Recall
Precision+Recall

ð5Þ

MCCbin =
TP ×TN � FP × FNffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

TP + FPð Þ TP + FNð Þ TN + FPð Þ TN + FNð Þ
p ð6Þ

Here, TP refers to the number of correctly predicted active sites in an
enzyme sample, FP represents the number of incorrectly predicted
active sites, TN stands for the number of correctly predicted inactive
sites, and FN is the number of incorrectly predicted inactive sites. The
final reported scores are the average values across all test set samples.

Active site type annotation task:

Recallk =
TPk

TPk + FNk
ð7Þ

FPRk =
FPk

FPk +TNk
ð8Þ

MCCmulti =
c× s �PK

k pk × tkffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2 �PK

k p
2
k

� �
× s2 �PK

k t
2
k

� �r ð9Þ

Here, for the calculation of MCC in multi-classification, it is necessary

to first define a confusion matrix C for K categories, where tk =
PK

i Cik

represents the number of times class k truly occurred, pk =
PK

i Cki

represents the number of times class k was predicted, c=
PK

k Ckk

represents the total number of samples correctly predicted, and

s =
PK

i

PK
j Cij represents the total number of samples. TPk represents

the number of samples belonging to category k that are correctly
predicted as category k. FNk , which represents the number of samples
from category k that are misclassified into other categories. FPk

represents the number of samples that do not belong to k but are
incorrectly predicted as category k. TNk , represent the number of
samples that are neither actually nor predicted as category k.

Improved annotation accuracy and speed
In this study, we compared the EasIFA-ESM and EasIFA-SaProt algo-
rithm with three other representative algorithms (as the baselines) on
the SwissProt E-RXN ASA dataset, namely, BLASTp12, AEGAN15, and
Schrodinger-SiteMap13,14. The primary difference between EasIFA-ESM
and EasIFA-SaProt lies in the enzymatic sequence representation
modules. Specifically, EasIFA-ESM utilizes ESM-2-650M as the model
for representing enzyme sequences, whereas EasIFA-SaProt employs
the SaProt-650M-AFmodel. The SaProt32 model, as an enhancement of
ESM-2, integrates 3D structural encodings calculated by Foldseek33.
Our evaluation encompassed not only the algorithms’ capability in
labeling the active site positions of enzymes (a binary classification
task for amino acid residues) but also their ability to predict the
categories of enzyme active sites (a multiclass classification task for
amino acid residues). The comparison results are concisely presented
in Table 1. It is worth noting that: (1) The EasIFA-ESM/EasIFA-SaProt
algorithm comes in two versions: EasIFA-ESM-bin/EasIFA-SaProt-bin,
which solely focuses on annotating the positions of catalytic sites in
amino acid residues, and EasIFA-ESM-multi/EasIFA-SaProt-multi, which
not only annotates active site positions but also identifies the cate-
gories of active sites, including binding site, catalytic site and other
sites; (2) Given the challenge associated with retraining AEGAN, we
utilized the model state published in the original paper for testing
purposes. Since a portion of our test set overlapswith their training set
(approximately 25.22% of the test set), we report not only the average
performance across the entire test set but also the average perfor-
mance on the non-overlapping test data. To compare the computa-
tional capabilities of the algorithms on large-scale annotation tasks, we
also compared the time consumption for inference by each algorithm
under the same conditions, with results presented in Table 2.

The results in Table 1 demonstrate that the EasIFA-ESM/EasIFA-
SaProt models outperform other baseline methods in annotation
quality. In the active site location annotation task, EasIFA displays
remarkable precision, recall, false positive rate (FPR), F1 score, and
Matthews Correlation Coefficient (MCC). In the active site type
annotation task, EasIFA-ESM/EasIFA-SaProt achieves recall compar-
able to the specialized AEGAN model for ‘catalytic sites’, but with a
significantly lower FPR, indicating a reduced number of false posi-
tives. In the enzyme binding site identification task, the performance
of EasIFA-ESM/EasIFA-SaProt is markedly superior to that of
Schrodinger-SiteMap. The performance of EasIFA relative to
Schrodinger-SiteMap is attributed to differences in algorithm
design, Schrodinger-SiteMap’s reliance on empirical rules, and var-
iations in the knowledge bases associated with the evaluation
datasets. Moreover, when utilizing sequence alignment, BLASTp,
which leverages larger databases and knowledge bases, significantly
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reduces FPR and notably enhances precision, f1 score, and MCC.
However, it still lags significantly behind the EasIFA-ESM/EasIFA-
SaProtmodels, with a 10.15% gap in f1 score and a 0.1012 gap inMCC.
Comparing the two variants of the EasIFA model, EasIFA-ESM and
EasIFA-SaProt, their performance in active site location annotation is
quite similar. EasIFA-ESM-bin shows slightly higher precision, FPR,
F1 score, and MCC, albeit with a marginally lower recall. In com-
parisons between the multi-class versions of the models, EasIFA-
SaProt-multi demonstrates a slight advantage over EasIFA-ESM-
multi in FPR, but EasIFA-ESM-multi slightly outperforms in other
metrics. For the active site type annotation task, EasIFA-ESM-multi is
slightly superior to EasIFA-SaProt-multi in all metrics except FPR.

To more clearly demonstrate the predictive capabilities of the
EasIFA model and baseline methods across various sequence identity
levels between the test and training samples, we used CD-HIT (version
4.8.1) to divide the test set into five subsets, each with a different level
of sequence identity compared to the enzyme sequences in the
training set: 0~40%, 40~50%, 50~60%, 60~70%, and 70~80%. We sub-
sequently calculated the F1 scores, MCC, Recall, and FPR for each test
subset, and the results are displayed in Fig. 2a–d. It is evident from the
figures that the predictive performances of EasIFA-ESM-bin, EasIFA-
SaProt-bin, and BLASTp are significantly better than those of AEGAN
and Schrodinger-SiteMap across all sequence identity intervals.
Moreover, the performance of these three algorithms declines as

Table 1 | Performance comparison between EasIFA and the baseline models in SwissProt E-RXN ASA test seta

Methods Note Binary-classification (active site location
annotation task)

Multi-classificationd (active site type annotation task)

Precision Recall FPR F1 MCC-bin Recall
(Binding)

FPR
(Binding)

Recall
(Catalytic)

FPR
(Catalytic)

Recall
(Other
Site)

FPR
(Other
Site)

MCC-multi

EasIFA-
ESM-binb

① 85.78% 79.03% 0.41% 79.15% 0.8010 na na na na na na na

EasIFA-
SaProt-binc

83.87% 80.57% 0.55% 78.68% 0.7971 na na na na na na na

EasIFA-
ESM-multi

85.65% 80.83% 0.48% 80.09% 0.8101 64.85% 0.48% 48.99% 0.02% 8.03% 0.01% 0.8029

② 85.09% 81.77% 0.51% 80.56% 0.8139 68.47% 0.51% 36.44% 0.02% 7.12% 0.01% 0.8093

EasIFA-
SaProt-multi

① 85.39% 80.05% 0.46% 78.85% 0.8006 64.35% 0.46% 48.78% 0.02% 7.77% 0.01% 0.7932

② 84.38% 80.96% 0.51% 78.97% 0.8012 67.93% 0.50% 36.47% 0.02% 7.20% 0.01% 0.7957

AEGAN ③ 16.84% 56.73% 7.87% 22.15% 0.2449 na na 50.81% 8.70% na na na

② 16.82% 54.96% 7.73% 21.82% 0.2394: na na 36.17% 8.62% na na na

BLASTp ① 64.97% 73.13% 1.21% 65.68% 0.6634 59.31% 1.12% 45.71% 0.07% 8.50% 0.03% 0.6618

④ 72.57% 73.26% 0.76% 70.41% 0.7089 59.30% 0.71% 46.12% 0.04% 8.28% 0.02% 0.7073

Schrodinger-
SiteMap

① na na na 12.21% 0.1096 45.28% 20.69% na na na na na

aThe bold represents the best.
bUse the ESM-2 for enzyme residue sequence representation.
cUse the SaProt for enzyme residue sequence representation.
dBinding: Consistent with the definition of “Binding Site” in UniProt, they are the amino acid residues that bind to substrates, products, and cofactors., Catalytic: Consistent with the “Active Site” as
defined in UniProt, it refers to the residues that directly participate in catalysis., Other site: Consistent with the definition of “Site” in UniProt, Other interesting amino acid sites, such as the inhibitory
sites of proteases.
Note:
①Use the trainingset of theSwissProt E-RXNASAdataset as knowledgebase andsequence alignment database, containingenzymes sequence andstructural data of 44,341, andscoreon its test set,
which includes 892 samples. (Empirical rule-based methods do not use this knowledge base).
② EasIFA utilizes the training set of the SwissProt E-RXN ASAdataset as knowledge base. AEGAN employs themodel state reported in the literature. Both score on the test set of the SwissProt E-RXN
ASA dataset, but the scoring does not consider the 225 samples in the test set that overlap with AEGAN’s training set, resulting in 667 samples in the test set.
③AEGANuses themodel state reported in the literature to score on the test set of theSwissProt E-RXNASAdataset,without removing the 225 samplesoverlappingwith AEGAN’s training set,making
a total of 892 samples in the test set.
④ Use the entire SwissProt as sequence alignment database, comprising 569,516 sequence samples. Employ all enzymes in SwissProt as a knowledge base, totaling 139,469 samples, and score on
the SwissProt E-RXN ASA test set, which includes 892 samples.

Table 2 | Inference speed comparison on SwissProt E-RXN ASA test set between EasIFA and the baseline algorithmsa

Methods GPU/CPU Knowledge base size Number test set
samples

Inference Time Timepre sample

EasIFA-NGb 1 RTX3060 GPU SwissProt E-RXN ASA dataset:
44,341sequences

892 113 s 0.127 s

EasIFA-ESM 129 s 0.144 s

EasIFA-SaProt 146 s 0.164 s

BLASTp CPU 1 threads 225 s 0.252 s

CPU 16 threads 131 s 0.146 s

CPU 1 threads SwissProt: 569,516 sequences 1212 s 1.359 s

CPU 16 threads 262 s 0.294 s

AEGAN RTX3060 1GPU+CPU 16
threads

16,841 PDB >48h >200 s

Schrodinger-SiteMap CPU 16 threads na >24h >100 s
aThe bold represents the best.
bWithout GearNet enzyme representation.
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sequence identity decreases. Notably, the performance drop is more
pronounced for the two variants of BLASTp, each utilizing a different
sequence alignment database (see notes① and④ in Table 1), compared
to the other algorithms. In the0~40% sequence identity subset, the gap

in F1 score andMCCbetween EasIFA-SaProt-bin and BLASTpwidens to
15.23% and 0.1629, respectively. Except for the highest sequence
identity subset of 70~80%, where the performance of the two EasIFA
variants is comparable to that of BLASTp, EasIFA demonstrates a clear

Fig. 2 | Performance metrics in SwissProt E-RXN ASA test set. Comparison of
a F1 score, bMCC, c Recall, and d FPR between EasIFA and the baselinemethods in
test set subsets with different levels of sequence identity compared to enzyme

sequences in the training set, and comparison of (e) average ROC and (f) average
PRCof different EasIFA variants on the test set. The numbers in the square brackets
in the figures a–d represent the number of test samples in that subset.
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advantage in other sequence identity subsets. Additionally, EasIFA
maintains a significantly lower false positive rate across all sequence
identity intervals, consistently outperforming BLASTp and other
baseline methods. The performance data based on the protein topo-
logical similarity metric TM-Score for the test set reveals consistent
trends with the sequence identity-based analysis, as seen in the Sup-
plementary Information Fig. S3.

Table 2 demonstrates that the EasIFA algorithm has exceptional
inference speed, averaging only 0.144 s (EasIFA-ESM-bin) to annotate
active sites for one enzyme. The BLASTp algorithm also exhibits rela-
tively fast annotation speed, which can be significantly boosted by
increasing the number of CPU threads used for sequence alignment.
Nevertheless, even when utilizing the same structural database of
enzymes, it is stillmarginally slower compared to the EasIFA algorithm.
Although enhancing the annotation quality with a large-scale com-
parison database improves its quality, it still falls significantly short of
the EasIFA algorithm, and the time required is approximately 10 times
that of the EasIFA algorithm. The annotation quality of AEGAN is
similar to that of EasIFA for catalytic site annotation tasks, but it relies
heavily on the computation of PSSM, leading to lower inference effi-
ciency. It takes about 1300 times longer than the EasIFA algorithm.
Similarly, Schrodinger-SiteMap has significantly lower computational
efficiency compared to the EasIFA algorithm. These results highlight
the active sites annotation quality of the EasIFA algorithm, coupled
with its high inference efficiency. Moreover, althoughmost sequences
in UniProt can now be linked to 3D structures inferred by AlphaFold,
we still provide the inference speed of the EasIFA pure sequence ver-
sion (EasIFA-NG-bin) in Table 2. This variant requires only 0.127 s on
average to complete the inference of a single sample, offering a rapid
solution for annotating active sites without 3D structures. Although its
performance is not as high as that of EasIFA-ESM-bin and EasIFA-
SaProt-bin, it still significantlyoutperformsotherbenchmarkmethods,
achieving an F1 score 5.42% higher and an MCC 0.0588 higher than
BLASTp. In scenarios lacking enzyme 3D structures, one can either
utilize the swift EasIFA-NG-bin or rapidly infer 3D structures using
ESMfold2 and then apply the complete EasIFA-ESM-bin version. In such
cases, the average total inference time per sample in the test set
(including prediction of 3D structures and annotation of active sites) is
19.4 s. In most real-world scenarios, the 3D structures of enzymes
stored in the AlphaFold Protein Structure Database are readily acces-
sible for inference, eliminating the need for individual 3D structure
prediction. Although the EasIFA-ESM-bin model was trained on
AlphaFold2-inferred structures, using ESMfold2-inferred structures for
active site prediction only leads to a minor decline in annotation
quality (a 0.38% drop in F1 score and 0.0005 decrease in MCC com-
pared to EasIFA-ESM-bin). Specific performancedetails are provided in
the Ablation Study section. We also provided a comparison of the
number of trainable parameters for various variants of EasIFA and
AEGAN in Supplementary Table S3.

Ablation study
In this section, we conducted ablation experiments to evaluate the
influence of various factors on the annotation of enzyme active sites:
the inclusion or exclusion of chemical reaction information, the pre-
training of chemical reaction branches, different pretrained reaction
representation schemes, the utilization of 3D graph structures to
represent enzymes, and different sequence representations of
enzymes. The variations in model configurations for each ablation
experiment are illustrated in Supplementary Fig. S6. The results are
summarized in Table 3, and the ROC and PRC curves for different
EasIFA variants are visualized in Fig. 2e, f. To evaluate the predictive
capabilities of models without chemical reaction information, we
introduced EasIFA-E-bin, a variant that excludes the reaction repre-
sentation branch and the enzyme-reaction interaction network from
the EasIFA algorithm. We also examined EasIFA-RS-bin, a variant
trained solely on the SwissProt E-RXN ASA dataset for reaction repre-
sentation. Furthermore, to explore the impact of different pretrained
reaction representations, we replaced the reaction embedding branch
with RXNFP34, resulting in EasIFA-RXNFP-bin. Additionally, we
explored the importance of the enzyme’s 3D structure representation
module, GearNet, by excluding it to create EasIFA-NG-bin. Finally, to
investigate the impact of 3D structured sequence representations
calculated by Foldseek, we replaced the enzyme sequence repre-
sentation method with SaProt, yielding the variant EasIFA-SaProt-bin.

Our study reveals that incorporating reaction branch information
significantly enhanced the predictive performance of the EasIFA
model, with a 3.79% increase in F1 score, 0.0388 improvement inMCC,
and 0.0375 gain in AUPRC. This indicates the value of reactions related
to enzyme specificity in annotating enzyme active sites, and the
effective integration of the enzyme-reaction interaction network also
improves the quality of model annotations. However, the ablation
experiments on the reaction branch trained from scratch (EasIFA-RS-
bin) suggest that inadequate representation of reaction information
could confuse the predictions of the EasIFA model, leading to a sig-
nificant decline in active site annotation quality. Specifically, this
configuration achieves the lowest performance among all variants,
with F1 score, MCC, and AUPRC lower by 4.27%, 0.0602, and 0.0666
respectively compared to EasIFA-ESM-bin. This suggests that accu-
rately representing reactions based solely on a limited set of enzyme
reactions may be challenging. Therefore, pretraining on a broader
dataset of organic reactions is crucial for enhancing the representa-
tional capabilities of the reaction branch in annotating enzyme active
sites. For the EasIFA-RXNFP-bin variant, where the reaction repre-
sentation was switched to RXNFP, its performance is very close to that
of EasIFA-E-bin, which does not include a reaction representation
branch. This suggests that the RXNFP representation neither aug-
mented nor hindered the model’s capabilities, indicating that a pre-
trained graph network representation based on atom-wise distance
awareness is more suitable for this prediction task compared to the

Table 3 | Ablation study: performance comparison between EasIFA and a modified version of EasIFA with certain modules
removed on the SwissProt E-RXN ASA test seta

Methods Methods note Dataset note Precision Recall FPR F1 MCC

EasIFA-ESM-bin All Features SwissProt E-RXN ASA
dataset

85.78% 79.03% 0.41% 79.15% 0.8010

All Features, using ESMfold pdb for inference 85.40% 78.91% 0.42% 78.77% 0.7976

EasIFA-
SaProt-bin

All Features, using SaProt for sequence representation 83.87% 80.57% 0.55% 78.68% 0.7971

EasIFA-RS-bin Reaction representation branch train from scratch 79.40% 74.19% 0.63% 74.88% 0.7408

EasIFA-E-bin Without reaction representation branch and enzyme-reaction
interaction network

78.98% 78.41% 0.72% 75.36% 0.7622

EasIFA-NG-bin Without GearNet enzyme representation 80.52% 78.23% 0.68% 75.83% 0.7677

EasIFA-RXNFP-bin Using rxnfp-ft for reaction representation 79.57% 77.94% 0.75% 75.07% 0.7606
aThe bold represents the best.

Article https://doi.org/10.1038/s41467-024-51511-6

Nature Communications |         (2024) 15:7348 8

www.nature.com/naturecommunications


purely sequence-based RXNFP representation. The EasIFA-NG-bin
model, which lacks the GearNet, exhibited a decline in performance
compared to EasIFA-ESM-bin, with drops of 3.32% in F1 score, 0.0333 in
MCC, and 0.0326 in AUPRC. However, this reduction was compen-
sated by a reduced computational load and faster inference speed,
with an average inference time per test sample reduced by 0.017 s. For
the EasIFA-SaProt-bin variant, which changed the sequence repre-
sentation to SaProt, the recall improved by 1.54% compared to EasIFA-
ESM-bin. While other scores were slightly lower, the differences were
negligible, indicating that the 3D structured representation informa-
tion from Foldseek had a minor impact on EasIFA, which already
included GearNet.

Beyond examining the aforementioned EasIFA variants, we also
investigated the impact of using different PDB structure sources that

represent the same structure. We replaced the structures of enzymes
inferred by AlphaFold2 in the test set with the structures inferred by
ESMFold2. The test results, shown in Table 3, indicate a slight decrease
in model performance. However, the decline is negligible, demon-
strating the strong robustness of EasIFA against variations in structural
data distributions.

Moreover, we compared the differences of the ROC and PRC
curves between EasIFA-ESM-bin and EasIFA-E-bin for the test samples
with varying levels of sequence identity to the enzymes in the training
set. As shown in Fig. 3, the AUPRC gap between EasIFA-ESM-bin and
EasIFA-E-bin widens as enzyme sequence identity increases. This sug-
gests that the enzyme-reaction interaction network can improve
model performance more effectively when it can assess more similar
information from the reaction branch. This is due to the fact that as

Fig. 3 | Ablation study on the role of enzymatic reaction information. Com-
parison of (a) average ROC and (b) average PRC between EasIFA-ESM-bin and
EasIFA-E-bin in test set subsets with different levels of sequence identity compared
to enzyme sequences in the training set, and (c) the difference in AUPRC between

the two models in test set subsets with different levels of sequence identity com-
pared to enzyme sequences in the training set. “Enzyme Sequence Identity” is
abbreviated as “E.S.I.”.
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enzyme sequence identity increases, the reaction patterns catalyzed
by the enzymes also become more similar. The attention mechanism
within the enzyme-reaction interaction network can then extract this
information more easily, thereby enhancing model performance.
Therefore, reaction information not only aids in identifying distant
relatives but also enhances performance for all samples. In fact, the
higher the enzyme similarity, the more valuable the information

extracted by the interaction network, thereby further improving active
site annotation performance.

Case study
We visualized the active site annotations generated by the EasIFA
algorithm on the Swiss-Prot E-RXN ASA test set, presented in Fig. 4a.
The left panel of Fig. 4a depicts the model’s annotation of protein

Article https://doi.org/10.1038/s41467-024-51511-6

Nature Communications |         (2024) 15:7348 10

www.nature.com/naturecommunications


tyrosine phosphatases (UniProt ID: Q4G0W2, EC Number: 3.1.3.48),
enzymes that catalyze tyrosine dephosphorylation. The EasIFA model
(default as EasIFA-ESM-bin) accurately predicted the active site
cysteine residue at position 103, which is recorded in the UniProt
database and functions as a nucleophile that reactswith the phosphate
group. The right panel illustrates the annotation results for carnosine
N-methyltransferase (UniProt ID: P53934, EC Number: 2.1.1.22), a
transferase enzyme that catalyzes the conversion of S-adenosyl-L-
methionine and carnosine to S-adenosyl-L-homocysteine. For this
enzyme, UniProt only provides information on its binding sites, which
arewidely distributed across the amino acid residue sequence, but our
model was able to accurately identify all the substrate binding sites
within the active pocket. Notably, even though the ASN274 residue is
not annotated in the UniProt database, it also positioned in the active
pocket and holds some relevance.

EasIFA can accurately identify the catalytic active residues in TIM
Barrel structures with different catalytic functions. The TIM Barrel,
composed of eight strands and eight helices, is one of the most
abundant folds in nature and participates in numerous biological
processes.We visualized all EasIFApredictions for the SwissProt E-RXN
ASA test set containing TIM Barrel structures. Figure 4b shows two
enzymes with significantly different functions but shared TIM Barrel
structures. The active sites predicted by EasIFA are marked on the
enzymes’ 3D structures, and detailed information on the active resi-
dues is displayed in the table in the middle of Fig. 4b. The left panel
shows the EasIFA’s annotation for Malate synthase A (UniProt ID:
P08997, EC Number: 2.3.3.9), which catalyzes malate synthesis. This
enzyme has two crucial catalytic sites: ARG166 and ASP447 residues,
respectively acting as the proton acceptor and proton donor in the
reaction, respectively. EasIFA accurately predicted these two key cat-
alytic residues. The right panel displays the EasIFA’s active site anno-
tation for Ketose 3-epimerase (UniProt ID: A0A1L7NQ96, EC Number:
5.1.3.-), which catalyzes the reversible C-3 epimerization of several
ketoses (the enzymatic reaction visualized here is the conversion of
L-ribulose to L-xylulose). Similarly, EasIFA accurately predicted all
binding sites and catalytic residues.We also provide visualized cases of
the EasIFA prediction results for four other enzymes containing TIM
Barrel structures in Supplementary Fig. S7. Overall, EasIFA exhibits
remarkable precision in annotating the active sites of enzymes with
different functions but similar 3D structures.

Furthermore, we constructed an enzyme and pseudokinase pair-
ing dataset to assess the discriminatory ability of EasIFA against
unknownpseudoenzymes. In this experiment, we used “Pseudokinase”
as a keyword to search for pseudoenzyme sequences with a length of
less than 600 in the SwissProt subset of the UniProt database. Next, we
used BLASTp, with an E-value threshold of 0.001, to locate the closest
matching enzyme for each pseudoenzyme in the SwissProt E-RXN ASA
validation and test sets. Pseudoenzymes without a similar enzyme
match were excluded. Through these steps, we assembled a paired
dataset consisting of pseudokinases and their corresponding true
enzymes. For each pair, we hypothesized that the enzyme’s catalytic

reaction could be attributed to the pseudoenzyme, and used EasIFA-
ESM-multi to predict active sites. The differentiation criteria were as
follows: 1. Successful differentiation was achieved when no active sites
were predicted for a pseudoenzyme. 2. If a binding site was predicted
for apseudoenzymeand its pairedenzymehad adocumented catalytic
site, differentiation was also considered successful. However, if the
paired enzyme did not have a recorded catalytic site, this data was
discarded due to uncertainty regarding whether the predicted protein
lacked a recorded catalytic site or if it was simply a pseudoenzyme. 3. If
a catalytic site was predicted for a pseudoenzyme, it was considered a
failure. This prediction task was treated as a binary classification pro-
blem, where pseudoenzymes were labeled as negative data and their
paired enzymes as positive data. The final dataset comprised 27 valid
pairs, including 27 pseudokinases and 27 enzymes. The confusion
matrix for classifier on this test set is shown in Fig. 4c, revealing that
EasIFA correctly identified all enzyme samples and 21 pseudoenzyme
samples. Further visualization of the EasIFA-ESM-multi’s predictions
for serine/threonine-protein kinase BIK1 (UniProt ID: O48814, EC
Number: 2.7.11.1) and inactive serine/threonine-protein kinase BKN1
(UniProt ID: Q9LFL7) is provided in Fig. 4d. These results demonstrate
that EasIFA precisely predicted all active sites of serine/threonine-
protein kinase BIK1 while making no such predictions for inactive
BKN1. These findings indicate that EasIFA possesses a certain ability to
discriminate between unknown pseudoenzymes.

Knowledge base transfer experiment
The primary source of enzyme active site annotation data currently
comes from the UniProt database. While UniProt offers comprehen-
siveness and extensive collection of manually annotated protein data,
its annotations in the specific field of enzymes are often lacking in
detail and significantly differ from specialized enzyme mechanism
databases. Professionally hand-annotated enzyme datasets like
MCSA30 boast high annotation quality and detailed catalytic mechan-
isms, but they are costly to annotate and cannot be rapidly expanded
to a wider range of enzyme entities on a large scale. Furthermore, the
MCSA dataset primarily comprises exemplar and iconic instances,
resulting in a limited number of entries under the same EC number.
This leads to low similarity among enzymes within the dataset. Con-
sequently, modeling on such small-scale, yet high-quality datasets like
MCSA poses significant challenges due to their representative but
limited data coverage.

In this study, we used the EasIFA algorithm, which was initially
pretrainedon the SwissProt E-RXNASAdataset, and employed transfer
learning to model the MCSA E-RXN CSA dataset. Prior to transfer
learning, the MCSA E-RXN CSA dataset underwent rigorous sequence
identity processing with CD-HIT to guarantee that no test set samples
had a sequence identity above 80%with those in the training set or the
SwissProt E-RXN ASA dataset. The detailed steps used to process the
MCSA E-RXN CSA dataset are described in the Experimental Setting
subsection within the Methods section. In our experiments, transfer
learning studies were conducted using both EasIFA-ESM-bin and

Fig. 4 | Case study. a Visualization of the enzyme active site annotation results of
the EasIFAmodel in the test set. The left panel shows EasIFA’s annotation results for
the active site of protein tyrosine phosphatases (UniProt ID: Q4G0W2, EC Number:
3.1.3.48), with the table below detailing the predicted active site amino acids
information. In the ‘Correct’ column, ‘Y’ indicates that the prediction completely
coincides with the recorded results in the dataset, while ‘R’ represents redundant
results not recorded in the dataset (same below). The right panel displays EasIFA’s
annotation results for the active site of carnosine N-methyltransferase (UniProt ID:
P53934, ECNumber: 2.1.1.22), with the table above showing the predicted active site
amino acids information. b Visualization of the enzyme active site annotation
results of the EasIFA model in the test set, which contain TIM Barrel structures but
have completely different functions. The left panel shows the annotation results of

the active site for Malate synthase A (UniProt ID: P08997, EC Number: 2.3.3.9), and
the table below provides detailed information of the predicted active site amino
acids. The right panel shows the annotation results of the active site for Ketose
3-epimerase (UniProt ID: A0A1L7NQ96, EC Number: 5.1.3.-), and the table above
shows the information of the predicted active site amino acids. c Confusion matrix
obtained using EasIFA on a test set of pseudoenzyme-enzyme pairs. d Visualization
of a differentiated pair of kinase and pseudoenzyme using EasIFA. For the kinase
(upper), serine/threonine-protein kinase BIK1 (UniProt ID: O48814, EC Number:
2.7.11.1), EasIFA accurately predicted all the active sites recorded inUniProt. For the
pseudoenzyme (lower), inactive serine/threonine-protein kinase BKN1 (UniProt ID:
Q9LFL7), EasIFA did not predict any catalytic active sites. The E-value between the
two proteins is 1:64× 10�58, calculated by BLASTp.
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EasIFA-SaProt-bin, where the model states trained on the SwissProt
E-RXN ASA dataset were directly utilized on the MCSA E-RXN CSA test
set. Furthermore, we compared the performance of EasIFA with the
sequence alignment-based BLASTp method, and the detailed results
are presented in Table 4.

The results on the MCSA E-RXN CSA dataset indicated that the
EasIFA-SaProt-bin model achieved the best performance with a preci-
sion of 66.59%, recall of 65.32%, a false positive rate of 0.54%, F1 score
of 61.33%,MCCof 0.6295, AUROCof0.9511, andAUPRCof 0.6798. The
EasIFA-ESM-bin model exhibited a precision of 61.09%, recall of
63.68%, a slightly higher false positive rate of 0.71%, F1 score of 58.56%,
MCC of 0.5977, AUROC of 0.9584, and AUPRC of 0.6479. When the
models trained on the SwissProt E-RXN ASA dataset were directly
applied to the MCSA E-RXN CSA test set, EasIFA-SaProt-bin recorded a
precision of 56.60%, recall of 57.63%, a false positive rate of 1.36%,
F1 score of 50.55%, MCC of 0.5271, AUROC of 0.9343, and AUPRC of
0.5501. Meanwhile, EasIFA-ESM-bin recorded a precision of 53.96%,
recall of 51.64%, a false positive rate of 1.36%, F1 score of 46.04%, MCC
of 0.4829, AUROC of 0.9449, and AUPRC of 0.5292. We have also
provided the ROC and PRC curves for EasIFA-ESM-bin and EasIFA-
SaProt-bin, obtained via transfer learning and directly using themodel
states trained on the SwissProt E-RXN ASA dataset (Supplementary
Fig. S13).

For the BLASTp method relying on sequence alignment, two
evaluation strategies were employed: (1) sequence alignment and
active site annotation on the MCSA E-RXN CSA dataset using the
MCSA’s enzyme catalytic site data for scoring; (2) sequence alignment
with the larger SwissProt database followed by annotation using the
SwissProt catalytic site data and scoring based on MCSA tags. How-
ever, the first strategy yielded poor predictive quality due to low
homologybetween the test set and the knowledgebase, achievingonly
a precision of 19.95%, recall of 18.54%, an F1 score of 18.12%, and an
MCC of 0.1838. The second strategy did not significantly enhance
annotation quality, hampered by notable differences in catalytic site
labels between SwissProt and MCSA, with an F1 score of only 22.99%
and an MCC of 0.2394. In contrast, the EasIFA algorithm, trained on a
large yet coarse dataset of enzyme activity site annotations, success-
fully transferred its knowledge to a high-quality, small-scale dataset.

These results clearly demonstrate that introducing 3D structure
data from Foldseek significantly enhances the EasIFA’s ability to
transfer knowledge across data spaces.Moreover, the transfer learning

strategy implemented on the MCSA E-RXN CSA dataset, which has
substantial differences in data distribution, notably improves the
model’s predictive performance on the test set. In this dataset with
considerable sample variability, the EasIFA algorithm shows a sig-
nificant advantage over the sequence alignment-based BLASTp
method, regardless of whether a transfer learning strategy is
implemented.

Exploration of potential as a catalytic sites monitor for artifi-
cially designed enzymes
In nature, enzymes with the same function typically exhibit structural
patterns and catalytic mechanisms. However, with significant
advancements in protein design and enzyme engineering, more arti-
ficial proteins and enzymes are being created. These artificially
designed enzymesmaypossess structural patterns that are completely
different from those of naturally occurring enzymes, posing chal-
lenges in predicting their properties of these artificial enzymes. To
address these challenges, reliable in silico activity validation methods
could greatly enhance the success rate of enzyme design, thereby
reducing experimental costs.

In this section, we focused on the task of scaffolding active sites in
enzyme design, exploring the potential applications of the EasIFA
algorithm (default as EasIFA-ESM-bin) as a catalytic site monitor. The
object of scaffolding active sites task is to design and construct
enzymes with minimalist yet functional active sites. However, pre-
dicting the activity sites of artificially designed enzymes poses sig-
nificant challenges due to their distinct amino acid sequence
distribution compared tonatural enzymes.We refer to these artificially
designed enzyme structures as scaffolding enzymes. We tested the
performance of BLASTp and AEGAN in predicting the enzyme active
sites of four categories designed by Watson et al. using RFdiffusion,
categorized under EC2, EC3, EC4, and EC5. Due to the multifunctional
nature of the EC1 class enzymes used in the original study,we excluded
this category from our analysis. BLASTp requires alignment with
similar enzyme structures to predict active sites,whileAEGAN relies on
computing PSSM to represent enzymes. Since the scaffolding enzymes
designed by RFdiffusion differ significantly from natural enzymes with
the same function, except at the active sites, both algorithms struggled
to accurately predict these challenging active sites accurately. Neither
method detected any of the active sites in the four designed enzyme
classes. The detailed prediction results can be found in the Supple-
mentary Table S4.

To address the aforementioned issue, we developed a workflow
that enables the EasIFA algorithm to annotate catalytic sites of
enzymes that fall outside the natural distribution of enzymes. We
studied several enzymes, including 4-alpha-glucanotransferase (Uni-
Prot ID: O87172, EC Number: 2.4.1.25), ribonuclease alpha-sarcin (Uni-
Prot ID: P00655, EC Number M-CSA: 3.1.27.10, EC Number UniProt:
4.6.1.23), deoxyribose-phosphate aldolase (UniProt ID: P0A6L0, EC
Number: 4.1.2.4), and galactose mutarotase (UniProt ID: Q96C23, EC
Number: 5.1.3.3), along with their corresponding artificially con-
structed scaffolding enzyme structures designed by Watson et al.33

using RFdiffusion35. Figure 5a shows the structure of 4-alpha-
glucanotransferase and its triad active site Asp293-Glu340-Asp395.
Figure 5b displays the structural alignment of the same active site
across 20 other natural enzymes with the same EC number, revealing
high overlap, indicating similar structures among naturally occurring
enzymes with the same function. Figure 5c presents the overlapped
conformations of 7 artificially scaffolded enzymes designed for 4-
alpha-glucanotransferase by RFdiffusion, aligned at the triad catalytic
site, demonstrating low overlap and high diversity. Figure 5d displays
the sequence logo plot of the 20 natural enzymes surrounding the
triad catalytic site, revealing a relatively fixed pattern, while Fig. 5e’s
sequence logo plot of the artificially scaffolded enzymes exhibits
almost no fixed pattern. We also present similar analysis results for

Table 4 | Performance comparison between EasIFA-ESM-bin,
EasIFA-SaProt-bin and the sequence similarity-based algo-
rithm BLASTp on the MCSA E-RXN CSA dataseta

Methods Note Binary-classificationb (active site location annota-
tion task)

Precision Recall FPR F1 MCC

EasIFA-
ESM-bin

① 61.09% 63.68% 0.71% 58.56% 0.5977

③ 53.96% 51.64% 1.36% 46.04% 0.4829

EasIFA-
SaProt-bin

① 66.59% 65.32% 0.54% 61.33% 0.6295

③ 56.60% 57.63% 1.36% 50.55% 0.5271

BLASTp ① 19.95% 18.54% 0.26% 18.12% 0.1838

② 25.84% 30.62% 1.43% 22.99% 0.2394
aThe bold represents the best.
bIn the MCSA E-RXN CSA dataset, the labels for activity are collectively referred to as “Catalytic
Site”.
Note:
① Use the training set of the MCSA E-RXN CSA dataset as sequence alignment database and
knowledge base, containing enzymes sequence and structural data of 781, and score on its test
set, which includes 82 samples.
② Use the entire SwissProt as sequence alignment database, comprising 569,516 sequence
samples. Employ all enzymes in SwissProt as a knowledge base, totaling 139,469 samples, and
score on the MCSA E-RXN CSA test set, which includes 892 samples.
③ Directly use the model weights trained on the SwissProt E-RXN ASA dataset for testing.
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Fig. 5 | Differential analysis between enzymes artificially designed by RFdiffu-
sion and naturally occurring enzymes. a Structure and ternary active site of the
naturally occurring 4-alpha-glucanotransferase (UniProt ID: O87172, EC Number:
2.4.1.25). b Alignment results of 20 enzymes with the same catalytic site amino acid
types, all having EC Number 2.4.1.25. c Alignment results of 6 enzymes designed by

RFdiffusion. d Sequence logo of the catalytic site (index = 11) and surrounding 10
amino acids for 20 enzymes with the same catalytic site amino acid types and EC
Number 2.4.1.25. e Sequence logo of the active site (index = 11) and surrounding 10
amino acids for seven enzymes designed by RFdiffusion.
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ribonuclease alpha-sarcin, deoxyribose-phosphate aldolase and
galactosemutarotase in Supplementary Figs. S8–S10, all ofwhich show
huge differences between the artificially constructed enzymes and
natural counterparts. Furthermore, we employed CD-HIT to cluster
these artificially constructed enzymes with the MCSA E-RXN CSA
dataset and SwissProt E-RXN ASA dataset using a 40% sequence
identity threshold. All the artificial enzymes did not cluster with
sequences from the MCSA E-RXN CSA dataset and SwissProt E-RXN
ASA dataset, indicating a sequence identity of less than 40%. Addi-
tionally, sequence alignments conducted with BLASTp at an E-value
threshold of 0.001 failed to find any similar sequences. This explains
why BLASTp and AEGAN are unable to predict the active sites of these
unique artificial enzymes. To enhance EasIFA’s prediction capabilities
for artificial enzymes, we augmented the MCSA E-RXN CSA dataset
with sequence and structure-based data augmentation. Please refer to
the MCSA E-RXN CSA dataset augmentation subsection for detailed
dataset curation methods. Following the implementation of this aug-
mentation strategy, EasIFA proved effective in accurately identifying
the catalytic sites of artificially designed scaffold enzymes, thus
demonstrating its superiority over BLASTp and AEGAN in recognizing
the activity of the aforementioned four types of artificial enzymes. The
left panel of Fig. 6a illustrates the active sites annotated by the EasIFA
algorithmon an artificially scaffolded enzyme structure. The algorithm

accurately identified the key triad catalytic sites, and the additional
predicted Asp93 residue, located near these sites, holds potential
relevance. The right panel of Fig. 6a shows the active sites annotated
by the EasIFA algorithm on the artificially constructed deoxyribose-
phosphate aldolase structure, accurately identifying the ternary active
site of ASP35-LYS61-LYS82. We also added the prediction results of the
corresponding artificial enzymes of ribonuclease alpha-sarcin and
galacto-mutarotase in Supplementary Fig. S11. Th detailed predictions
of EasIFA, BLASTp and AEGAN on four types of artificial active scaf-
folding enzymes can be found in Supplementary Table S4. In general,
EasIFA has successfully identified the active sites of these artificial
enzymes through our tailored data enhancement process, which is
currently challenging for comparable algorithms.

Attention weight visualization of interpretable information
interaction network
The integration of an attention mechanism into the enzyme-reaction
information interaction network has greatly improved the high inter-
pretability of the EasIFA model. By analyzing a few cases in the vali-
dation set of MCSA E-RXN CSA, we identified attention layers and
heads that specifically focus on critical enzyme-reaction interactions.
We visualized the attention weights for enzyme active residue sites on
substrate atoms (marked in blue) that exceeded a threshold

Fig. 6 | Activity monitor for scaffolding active site enzyme design and Inter-
pretable case study. a EasIFA’s annotation results for the active site of an in silico
designed 4-alpha-glucanotransferase (left panel) and deoxyribose-phosphate

aldolase (right panel) by Watson et al.53 b Visualization of attention weights in the
enzyme-reaction information interaction network.
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(determined based on the validation set). This visualization offered
strong interpretability formany test set samples. Figure6bdisplays the
annotation results for cysteine lyase (left) and the visualization of the
active site weights on substrate molecules (right). We also visualized
the entire cystine cleavage reaction, highlighting the reaction center
(middle), using the RDChiral’s reaction template36). It is noteworthy
that His144 exhibited a high attention weight towards the reaction
center of the L-cystine zwitterion, particularly the amino group37. The
alignment with the enzyme’s catalytic mechanism highlights the cru-
cial role played by His144 in deprotonating the amino group of
L-cystine zwitterion. Due to the symmetrical structure of L-cystine
zwitterion, the EasIFA model focuses on both sides of the reaction
center. However, it is worth noting that the model’s interaction net-
work pays less attention to water molecules, a trend that was also
observed in other samples.

EasIFA webserver
We have developed a webserver for EasIFA (accessible at http://easifa.
iddd.group), which offers more than just the conventional input of
enzyme structure and corresponding enzyme-catalyzed reaction
equation to annotate catalytic active sites. It also features an auto-
mated workflow that retrieves enzyme structure and catalyzed che-
mical reaction equations from UniProt, followed by automatic
annotation of the enzyme’s active sites using EasIFA. This web-based
graphical interface provides users with a convenient way to obtain
higher quality annotations of enzyme active sites. Supplementary
Fig. S12a–d demonstrates the two modes of input and the results
interface. Supplementary Fig. S12a shows the interface for inputting
the reaction equation and uploading the enzyme structure. Users can
either paste the reaction’s SMILES in the left panel or draw the corre-
sponding enzyme-catalyzed reaction in the JSMEmolecular editor. The
right panel serves as an interface for uploading and previewing the
enzyme structure. After uploading, users can preview the enzyme
structure. Once all inputs are complete, click the ‘Start Prediction’
button, and users will be presented with the results interface as shown
in Supplementary Fig. S12b. The upper left of the interface displays the
enzyme’s sequence structure, with different types of catalytic active
site amino acid residues marked in different colors. The upper right
features an interactive enzyme structure viewing interface, with dif-
ferent types of active sites marked in different colors. In the center is
the catalyzed reaction equation, and the detailed information about
the active amino acid residues is provided at the bottom. Supple-
mentary Fig. S12c illustrates the prediction workflow starting from a
UniProt ID. Users can enter the UniProt ID of an enzyme they are
interested in, and after clicking the ‘Start Prediction’ button, EasIFA
Web will automatically retrieve the enzyme’s structure data and cor-
responding catalytic reaction data from the database for prediction.
The returned results interface, as shown in Supplementary Fig. S12d,
typically presents multiple sets of results, each set organized in a
drawer format, with content similar to that shown in Supplementary
Fig. S12b.

EasIFA’s structure-based prediction is rapid, requiring only a
few seconds to annotate an enzyme’s active site with GPU support.
Predictions starting from UniProt depend on the network environ-
ment of the server where EasIFA is deployed, typically resulting in an
annotated enzyme and all its catalyzed reaction combinations under
a UniProt ID within one minute. With sufficient database resources
and GPU computational power, EasIFA has the potential to provide
reliable active site annotation information for the majority of
enzyme structures.

Discussion
In this study, we developed the EasIFA algorithm, an end-to-endmodel
for annotating enzyme active sites. Our approach incorporates several
key components: (1) using the PLMs-Structure fusion method to

represent enzymes; (2) introducing specific enzyme reactions as
additional features through a reaction representation branch based on
graph attention networks, pretrained on large-scale organic chemistry
datasets; (3) integrating enzyme reaction information into enzyme
representation using an explainable cross-modal interaction network
based on attention mechanism. Experimental results on the SwissProt
E-RXN ASA dataset demonstrate that EasIFA significantly outperforms
current mainstream algorithms (i.e., BLASTp, AEGAN, and SiteMap) in
annotating enzyme active sites. Furthermore, EasIFA offers rapid
annotation speed, being 1300 times faster than the state-of-the-art
model AEGAN and 10 times faster than BLASTp using the entire
SwissProt as the knowledge base. We developed a knowledge base
transfer scheme to address the disparities in enzyme catalytic site
databases. This allows the model trained on large, roughly annotated
databases to be transferred to smaller, meticulously annotated data-
sets. The EasIFAmodel, trained on high-quality databases likeMCSA, is
expected to synergize with automatic enzyme mechanism annotation
methods like EzMechanism21, expanding the knowledge domain of
enzyme reaction catalytic mechanism databases. Moreover, we
explored EasIFA’s potential as a catalytic site monitor in challenging
enzyme design tasks and developed a workflow to extend the active
site knowledge learnt from natural enzymes to the broader field of
artificial enzymes, which may come from a completely different dis-
tribution. The EasIFA algorithm’s enzyme-reaction information inter-
action network can extract mechanistic information between the
enzyme and its specific reactions through an attention mechanism.
The visualizationhighlights themost relevant reaction substrate atoms
to the catalytic residues, offering high interpretability. Overall,
according to our assessment, EasIFA can readily replace the standard
annotation tools commonly used in the industry and academic setting.
It can robustly handle large-scale enzyme active site annotation tasks
under most circumstances, reducing the burden and costs for
researchers, and advancing drug design, disease mechanism elucida-
tion, and enzyme engineering.

Methods
EasIFA architecture
Sequence and structure fusion representation branch of enzyme.
As illustrated in Supplementary Fig. S2a, the enzyme representation
branch comprises three computational stages: the sequence embed-
ding stage based on PLMs, the embedding stage using a GeomEtry-
Aware Relational Graph Neural Network (GearNet)9,10, and the node
representation linear transformation stage. In the first stage, the
enzyme is treated as a one-dimensional amino acid sequence similar to
natural language, and we compute the representations of amino acid
residues using PLMs models. These models learn evolutionary infor-
mation through self-supervised learning from billions of protein
sequences. In this study, we utilize the Transformer-based ESM-2
model (ESM-2-650M). This model processes the sequence of amino
acid residues through 33 self-attention layers and feed-forward neural
networks to capture the dependencies between residues. The input
enzyme structure is denoted as GE = VE , EE ,RE� �

, VE = xE
i

� �
, where xE

i
represents the input features of the i-th amino acid residue, including
its amino acid residue type ai and the amino acid sequence AE = faig
that can be extracted from the graph structure of the enzyme. EE and
RE represent edges and types of edges, respectively. We use x lð Þ

i to
denote the representation of the i-th amino acid residue in the l-th
layer of the ESM-2 model. Initially, the representation of this residue is
x 0ð Þ
i = Embedding ai

� � 2 Rd , where d represents the dimension of
hidden features. In the l-th layer, the process involves calculating the
attention coefficients Aij through the self-attention layer, which
represent the relevance between the i-th and j-th residues. Subse-
quently, a feed-forward neural network is used to update the repre-
sentations of the residues. Overall, the process of computing the PLMs
representation xi of the i-th amino acid using ESM-2 can be described
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as:
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1ffiffiffi
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p W lð Þ
q x lð Þ

i � W lð Þ
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j

� �T
	 


ð10Þ

x l +0:5ð Þ
i = x lð Þ

i +
X
j

A lð Þ
ij �W lð Þ

v x lð Þ
j ð11Þ

x l + 1ð Þ
i = x l +0:5ð Þ

i + FeedForward x l +0:5ð Þ
i

� �
ð12Þ

After the first stage of PLMs representation, we obtain an
updated enzyme representation graph GE = ðV̂E

, EE ,RE Þ, where
V̂E

= fx̂E
i g.W lð Þ

q ,W lð Þ
k ,W lð Þ

v represent the weights of queries, keys and
values, respectively.

In the second stage, we use GearNet to integrate the enzyme
representations based on sequence and structure. To construct the
structural graphof the enzyme, three types ofdirected edges are taken
into account: sequential edges, radius edges, and K-NN edges, repre-
sented as:

EE seqð Þ = i, jð Þ, j, i, j 2 V̂E
, j � i
�� ��<dseq

n o
ð13Þ

EE radiusð Þ = i, jð Þ, j, i, j 2 V̂E
, Posj � Posi
��� ���<dradius

n o
ð14Þ

EE knnð Þ = i, jð Þ, j, i, j 2 V̂E
, j 2 knnðiÞ

n o
ð15Þ

EE = EE seqð Þ ∪ EE radiusð Þ ∪ EE knnð Þ ð16Þ

Here, dseq =3 defines the sequence distance, dradius = 10Å defines the
spatial distance, and knnðiÞ represents the K-nearest neighboring
residues of the i-th amino acid residue, with k = 10. Posi is the
coordinate of the i-th amino acid residue’s α carbon. It is important to
note that the sequential distance is directional, and edges traveling in
different directions are considered as different types of edges.
Consequently, themessage passing process in the l-th layer of GearNet
can be represented as:

x̂ l + 1ð Þ
i =ReLU

X
r2RE

X
j2N r

i

W lð Þ
r x̂ lð Þ

j +W lð Þ
0 x̂ lð Þ

i

0
@

1
A ð17Þ

whereN r
i denotes the set of neighbor indices of node i under relation

r 2 RE .W lð Þ
r andW lð Þ

0 represent the linear layers, respectively, andReLU
stands for the Rectified Linear Unit (ReLU) activation function. Fol-
lowing the initial stage of GearNet representation, we obtain an
updated enzyme representation graph GE = ð�VE

, EE ,RE Þ,
where �VE

= f�xEi g.
The third stage involves a feed-forward network used for scaling

the dimensions of amino acid attributes, which can be represented as:

exEi = FeedForward x̂E
i jj�xEi

� �
ð18Þ

where jj represents the concatenation operator. At the end of this
branch, the enzyme can be represented as GE = ðeVE

, EE ,RE Þ,
where eVE

= fexEi g.
Atom-wise distance-aware global attention interaction repre-
sentation branch of reaction. As shown in Fig. 1, the representation
branch of reaction comprises two subbranches, utilizing MPNN to
represent the molecular graphs of the substrates (reactants) and the
products separately. The reaction can be represented asGR = fGS,GPg

where GS = ðVS, ES,DSÞ and GP = ðVP , EP ,DPÞ. Consequently, the com-
putation process for the substrates or products node features after the
t-th message passing can be expressed as:

xt + 1
i =MPNN xt

i , xt
j

n o
j2N i

, xij
n o

j2N i

	 

ð19Þ

whereN i denotes the set of neighbor indices for node i. The features
of all edges adjacent to node i are denoted as fxijg. Subsequently, the
node features of the substrates and the products are denoted as fxS

i g
and fxPi g, respectively.

Afterwards, we employed a reaction information interaction net-
workmodule utilizing the attentionmechanism, which consists of two
components: an atom-wise distance-aware self-attention network and
a reaction component cross-attention network. The computation
process for the substrates or products node features after l iterations
of information exchange can be represented as:

xtgt l +0:5ð Þ
i =AtomDistSelf AttnModule xtgt lð Þi , xtgt lð Þ

j

n o
j2Vtgt

, Dij

n o
j2Vtgt

	 

ð20Þ

xtgt l + 1ð Þ
i = SubstProdCrossAttnModule xtgt l +0:5ð Þ

i , xsrc 0ð Þ
j

n o
j2Vsrc

	 

ð21Þ

where tgt represents the molecular graph that receives the informa-
tion, and src denotes the molecular graph that sends the information.
During the pretraining of reaction representation branch, substrates
and products take turns acting as the recipients and senders of infor-
mation. When applying the EasIFA algorithm for embedding, only the
substrate molecular graph is treated as the recipient of information,
with the product molecular graph acting as the sender. In the reaction
component cross-attention network, we used the original node
features (calculated from MPNN and not yet updated), denoted
as xsrc 0ð Þ

j .
The architecture of the atomic-wise distance-aware self-attention

module is shown in Supplementary Fig. S2b. When the input atomic
features are denoted as xi , its computation process can be repre-
sented as:

Aij = Softmaxj

Wqxi � Wkxj

� �T
+Wqxi � rij

� �T

ffiffiffi
d

p

0
B@

1
CA ð22Þ

mi =
X
j2V

Aij WV2 ReLU WV1xj +b
V1

� �� �
+ bV2

� �
ð23Þ

xout
i = xi +W

out Sigmoid Wgatemi +b
gate

� �� �
+bout ð24Þ

where rij is the relative positional embedding, which can be obtained
from a look-up table according to the distanceDij between two atoms i
and j. Dij is obtained through the following division method:

Dij =

distance i, jð Þ, if distance i, jð Þ≤ 5

6, if distance i, jð Þ> 5 and i and j are in the same molcule

7, if i and j are in different molecules

8><
>:

ð25Þ
where distanceði, jÞ refers to the shortest number of bond linking
atoms i and j, which is the topological distance between these atoms
within the molecular graph.
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When the atomic features of the receiving molecular graph are
denoted as htgt

i and the original features of the sending molecular
graph are denoted as hsrc

j , the computational process of the substrate-
product cross-attention module, as shown in Supplementary Fig. S2c,
can be represented as:

Aij = Softmaxj
Wqx

src
j � Wkx

tgt
i

� �T

ffiffiffi
d

p

0
B@

1
CA ð26Þ

mij =
X
j2V

Aij WV2 ReLU WV1xsrc
j + bV1
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+bV2

� �
ð27Þ

xout, tgt
i = xtgt

i +Wout Sigmoid Wgatemij +b
gate

� �� �
+bout ð28Þ

In the EasIFA algorithm, reaction information is integrated into
the substrate molecular graph through the reaction representation
branch. At this stage, the substrate molecular graph can be repre-
sented as GS = ðeVS

, ES,DSÞ, where eVS
= fexS

i g.

Attention mechanism-based enzyme-reaction information interac-
tion network. The architecture of the enzyme-reaction information
interaction network is shown in Fig. 1. Similar to the method of infor-
mation interaction with substrates and products, we use an attention
mechanism-based information interaction network to integrate reac-
tion information into the graphical representation of the enzyme. This
interaction network comprises the enzyme self-attention module
shown in Supplementary Fig. S2d and the enzyme-substrate cross-
attention module shown in Supplementary Fig. S2e. After completing
the computations of the enzyme branch and the reaction branch, we
obtain the enzyme’s integrated representation graph GE = ðeVE

, EE Þ,
where eVE

= fexEi g, and the substrate molecular graph with enzyme

reaction information GS = ðeVS
, ESÞ, where eVS

= fexS
i g. Then, the enzyme

node attributes at the l-th layer can be calculated using the following
formula:

exE l +0:5ð Þ
i = Self AttentionModule exE lð Þ

i , exE lð Þ
j

n o
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ð29Þ

exE l + 1ð Þ
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j
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ð30Þ

The calculation process in the self-attention module of the
enzyme can be expressed as:

Aij = Sof tmaxj
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The calculation process in the cross-attention module of enzyme
and substrate can be expressed as:

Aij = Softmaxj

WqexE
i � WkexS

j
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We denote the enzyme structure that has been integrated with
enzyme reaction information, obtained through the computation of
the enzyme-reaction information interaction network computation, as

GE =
�e�VE

, EE ,RE�, where e�VE
= fe�xE

i g.

Multi-layer perceptron residue activity annotation network. The
multi-layer perceptron residue activity annotation network includes
both binary andmulti-class versions. In the binary version, the network
predicts whether the residue is an active site, whil the multi-class
version predicts the type of activity of the residue. Its computation
process can be represented as:

logici =W
V2 ReLU WV1e�xEi +bV1

� �� �
+ bV2 ð37Þ

Due to the significantly higher number of negative residues
compared to positive residues, we employ weighted cross-entropy to
optimize the parameters of the EasIFAmodel. The hyperparameters of
the model are provided in the Supplementary Section 3.

Experimental setting
Dataset curation
USPTO reaction dataset curation. The USPTO-STEREO reaction
dataset35,37,38 is used to pretrain the atom-wise distance-aware global
attention interaction representation branch of reaction. We convert
the original reaction SMILES to canonical SMILES and treat both
reactants and reagents as reaction substrates. For example, ‘CS(=O)
(=O)Cl.OCCCBr>CCN(CC)CC.CCOCC>CS(=O)(=O)OCCCBr’ is con-
verted to ‘CCN(CC)CC.CCOCC.CS(=O)(=O)Cl.OCCCBr»CS(=O)(=O)
OCCCBr’ for pretraining input. Ultimately, the dataset for pretraining
the reaction representation branch contains 791,168 training samples,
43,932 validation samples, and 43,970 test samples.

SwissProt E-RXN ASA dataset curation. We downloaded the original
SwissProt data from the UniProt database, selecting entries that
include ECNumbers and also include information about “Binding Site”,
“Active Site”, and “Site” (other site) to retrieve their amino acid
sequences and structures predicted by AlphaFold2. To conserve
computational resources, we selected enzymes with sequence lengths
not exceeding 600 amino acids.We standardized the activity labels for
the three types of sites, recording their active site residue indices and
active site types. Ultimately, we obtained data on approximately
170,000 enzyme sequences/structures and their corresponding active
activity labels. For the validation and test sets, we chose data with
experimentally verified structures. Then, we used CD-HIT39 to cluster
enzyme sequences with a threshold of 80% to prevent data leakage by
discarding the training set data belonging to the same cluster as the
validation and test sets. The enzymecatalysis reaction dataset ECReact
was compiled by Probst et al.29, sourced from Rhea40, BRENDA41,
PathBank42, and MetaNetX43. It comprises 62,222 enzyme catalysis
reaction data. We randomly divided it into the training, validation, and
test sets in an 8:1:1 ratio. Then, using the EC Number as a bridge, we
matched this dataset with the divided SwissProt enzyme active site
dataset. The maximum match for the training and validation sets was
100 entries. After matching, we obtained the SwissProt E-RXN ASA
dataset, with the training set containing 102,944 enzyme-reaction
pairs, the validation set containing 4,711 pairs, and the test set con-
taining 892 pairs. Each enzyme-reaction pair includes the enzyme’s
sequence, AlphaFold2 predicted PDB (44341 PDB files), the enzyme
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catalyzed reaction’s SMILES, as well as the index and active site type of
the enzyme’s active site amino acid residues. Following the partition-
ing of the test set, CD-HIT was used again to divide it into five subsets,
each representing a different level of consistency with the training set
sequences: 0~40%, 40~50%, 50~60%, 60~70%, and 70~80%. We eval-
uated the predictive capabilities of EasIFA, its variants, and baseline
methods across five subsets and the entire test set. Additionally, as a
supplementary analysis, we used the TM-Score metric to assess the
protein topology similarity between the test set and the training set.
The test set was further divided into three subsets based on the
maximum TM-Score values with the training set: 0~0.2, 0.2~0.5, and
0.5~1. The performance of each predictive method was then indivi-
dually evaluated within these three subsets.

MCSA E-RXN CSA dataset curation. We further processed the
MechanismandCatalytic Site Atlas dataset30 to create theMCSAE-RXN
CSA dataset. We downloaded the original data using its API and
extracted the amino acid indices of the enzyme’s catalytic sites. Sub-
sequently, we converted the recorded enzyme catalysis reactions into
SMILES format using their corresponding ChEBI IDs. To divide the
training, validation, and test sets, we clustered all enzyme sequences
along with the SwissProt E-RXN ASA dataset using CD-HIT with a
threshold of 80%. After division, the validation and test sets contain
enzymes that are not in the same cluster as the training set of the
SwissProt E-RXN ASA dataset or theMCSA training set. The finalMCSA
E-RXN CSA dataset consists of 781 enzyme-reaction pairs in the train-
ing set, 88 pairs in the validation set, and 82 pairs in the test set. Each
enzyme-reaction pair includes the enzyme’s sequence, AlphaFold2
predicted PDB, the enzyme catalyzed reaction’s SMILES, and the index
of the enzyme’s active amino acid residues.

MCSA E-RXN CSA dataset augmentation. To expand the knowledge
base of the enzyme catalytic site prediction model and adapt it to the
task of enzymedesign for scaffolding enzyme active sites, weperformed
data augmentation on the training and validation sets of the MCSA
E-RXN CSA dataset5. The process of data augmentation is as follows: 1.
Firstly, all protein sequences from the MCSA E-RXN CSA training and
validation sets are retrieved from UniProt. Active site residues are pro-
tected, ensuring nomutations are introduced at these positions. On the
remaining residues, three types of mutations are sequentially executed
to generate new amino acid sequences, with a maximum length of 150
residues. Each original sample can generate 20modified sequences, and
the mutations include: a. Replacing 20% of the residues: for the chosen
residues, a random amino acid is selected from the 20 natural amino
acids, with equal probability, to serve as the replacement; b. Randomly
inserting amino acids at intervals of 10% of the residues, with each
inserted amino acid also randomly selected from one of the 20 natural
amino acids; c. Random deletion at 10% of the residues. 2. Following the
sequencemutations, thenewlygenerated sequences arepredictedusing
ESMFold2 6 to determine their PDB structures. 3. Subsequently, these
PDB structures undergo hydrogen completion and energyminimization
using Amber20. 4. MDAnalysis is used to calculate the RMSD between
the active sites of the original andmutated structures. If themotif RMSD
(active site RMSD) is less than 1.5 Å, the active site is considered effective
and this structure is classified as positive data with active sites; other-
wise, it is regarded as negative data without active sites. 5. After data
augmentation, the imbalance in positive and negative data samples is
addressed by randomly undersampling structures without active sites.
As a result, we obtained a training set of 4,786 samples (1759 positive:
3027 negative) and a validation set of 592 samples (211 positive: 381
negative).

Pretraining of atom-wise distance-aware global attention interac-
tion representation branch of reaction. The pretraining strategy for
the atom-wise distance-aware global attention interaction

representation branch of reaction involves a masked graph network
node modeling approach similar to Grover44. A certain proportion of
nodes and their adjacent edges in the substrate and productmolecular
graphs of chemical reactions are randomly masked, enabling the
model to learn how to predict the chemical environment of those
nodes on the training set. Themasking ratio of nodes is set at 0.15. The
accuracy of atomic environment prediction on the validation and test
sets of the USPTO-STEREO dataset is 98.59% and 98.57%, respectively.
Detailed schematic diagrams and descriptions are provided in the
Supplementary Information Section 1.

Implementation. The EasIFA algorithm is implemented in Python 3.8
and Pytorch 1.12.145, leveraging DGL46, DGL-LifeSci47, and TorchDrug48

for constructing small molecular graphs and protein graphs, and
RDKit49 formolecular data processing tasks. In themodel architecture,
fair-esm was utilized, and the pretrained model weights from ESM-2-
650M were inherited. The web-based graphical user interface was
developed using Flask. During training, we used the Adam optimizer.
Additional hyperparameters related to the model architecture and
training are provided in the Supplementary Section 3. The model’s
performance is not sensitive to hyperparameter selection. The model
was trained in parallel on two NVIDIA Tesla A100-SXM4-80GB GPUs
and 64 core AMD EPYC 7742 CPUs @ 2.25 GHz based on the recall on
the validation set, achieving theperformance reported in this study.To
fairly compare the inference speed of various algorithms, we con-
ducted all inference tasks on the test set using a Dell OptiPlex-7090 PC
(8 core Intel(R) Core (TM) i7-11700 CPUs @ 2.50GHz, 32GB RAM)
equipped with a single NVIDIA RTX3060-12GB GPU. Additionally, we
utilized a singleNvidia RTX8000-48GBGPU to complete the structural
predictions using ESMFold2.

Baselines. In our comparative performance analysis for enzyme active
site annotation, the EasIFA algorithm was benchmarked against three
distinct methodologies. The first baseline method is BLASTp (version
2.9.0+), a mainstream homology and template-based approach. For its
predictions, active sites were aggregated from the dataset’s top five
aligned structures using Biopython50. The second baseline method is
AEGAN, notable for its utilization of graph DL techniques and its
advanced performance in multiple active site annotation tasks. The
third baselinemethod is an empirical rule-based approachprovidedby
Schrödinger (version 2023) computational suite, SiteMap (version
49012), for predicting enzyme binding sites. In this method, amino
acids within an 8Å radius of the predicted active pockets were iden-
tified as the predicted binding sites.

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

Data availability
The EasIFA webservice is available for free access at http://easifa.iddd.
group. The inference results of EasIFA and the benchmark model, as
well as the source data for Figs. 2a–f, 3a–c, Supplementary
Figs. S3a–d–S5a–d, S13a, b, and S14a–d, are available at https://doi.org/
10.5281/zenodo.1281967451. Source data are provided with this paper.

Code availability
All code of EasIFA and its GUI are freely available on GitHub at https://
github.com/wangxr0526/EasIFA and on Zenodo at https://doi.org/10.
5281/zenodo.1281944052 with anMIT license. It takes just a few steps to
make a prediction with EasIFA.
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