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KEY WORDS Abstract Enzymatic reactions play an emerging role in a broad spectrum of scientific and industrial
applications. The inherent complexity of enzymes, such as their substrate specificity, conformational flex-
ibility, and the vast diversity of reactions involved, poses substantial challenges for the advanced compu-
tational prediction of enzymatic reactions with desirable accuracy. Moreover, existing approaches are
mostly tailored for a specific sub-task, such as substrate prediction or binding site annotation, which

Molecular representation;
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Multimodal relational

Pr(l)::irrrlnlr;%guage models; limits their applicability. In this study, we introduce ERAM, a task-agnostic multimodal learning frame-
Knowledge graph; work capable of addressing a broad range of downstream applications with both accuracy and efficiency.
Substrate prediction; ERAM aligns pre-trained molecular representations from Protein Language Model with the knowledge of
Binding site prediction; enzyme catalysis by modeling enzymatic reactions as multi-relational data. In enzyme retrieval tasks,
Enzymic reaction retrieval ERAM achieves an improvement of 28.31% in mean average precision compared with the state-of-

the-art (SOTA) method, CREEP. In substrate prediction tasks, ERAM outperforms the SOTA method
ESP, achieving average improvements of 35.53% and 22.97% in Matthews correlation coefficient across
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two datasets. Additionally, ERAM exhibits commendable interpretability by assigning higher attention
weights to binding sites, resulting in lower false-positive rates (42.36%) and higher overlap scores
(70.59%) in the unsupervised binding site prediction task compared to RXNAA Mapper. By learning
embeddings of substrates, enzymes, and products within a unified knowledge graph latent space, ERAM
demonstrates its potential as a versatile and effective tool for enzyme catalysis research.

© 2026 The Authors. Published by Elsevier B.V. on behalf of Chinese Pharmaceutical Association and
Institute of Materia Medica, Chinese Academy of Medical Sciences. This is an open access article under
the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Enzymes are a class of proteins that function as biological cata-
lysts, accelerating chemical reactions in living organisms without
being consumed. Recently, enzymes have emerged as crucial
components in contemporary organic synthesis, making a signif-
icant impact in both academia and chemical/pharmaceutical
industries, due to their remarkable efficiency, sustainability, and
precise control of regio-, chemo-, and stereoselectivity via
directing groups'™. Therefore, understanding the functions of
enzymes, such as Enzyme Commission (EC) numbers, substrate
scope, turnover numbers, and catalytic residues, is central for
innovations in enzyme rational design, metabolic engineering, and
synthetic biology”~’. However, traditional approaches of purifying
and characterizing one protein at a time, which is the foundation
for enzyme databases such as BRENDA®, are time-consuming,
costly, and labor-intensive’. Developments of high-throughput
technologies are underway but still in their infancy. As a result,
the scarcity of high-quality enzyme annotations poses a major
barrier to fully unlocking the potential of enzymatic reactions in
pharmaceutical research and bioengineering. For example, the
UniProt Knowledgebase'® contains over 25 million enzyme
sequences, yet only 0.91% of publicly accessible ones are
manually annotated.

To address this challenge, machine learning (ML) and data-
driven approaches have been introduced as viable alternatives for
automating the functional annotation of uncharacterized enzymes,
where a key step is to obtain an informative quantitative repre-
sentation of the target molecules''. In early works, handcrafted
features and experimental characterization were widely used to
represent molecules. Mou et al.'? developed models to predict
substrates of bacterial nitrilases using input features derived from
protein structures, active enzyme sites, and physicochemical
property calculation with experimental activity assays. Yang
et al." trained a decision tree-based model based on systemati-
cally varied combinations of physicochemical properties and
structural parameters to predict the substrate scope of plant gly-
cosyltransferases. These models rely on highly specialized
experimental training data and expert knowledge to achieve good
performance in modeling specific enzymes, but their generaliza-
tion and scalability are hindered by the narrow data distribution
and limited expressive power of classical ML models.

With the surge of biological data and computational resources,
deep learning (DL)-based methods have emerged as trans-
formative tools for automatically extracting information-rich
molecular representations, surpassing empirical or rule-based
features'*'®. Kim et al.'” integrated a transformer'® architecture
with protein sequence alignment to effectively predict EC
numbers. Teukam et al.'® employed a BERT?® model trained via
multi-task learning on a combination of organic and enzymatic

reaction SMILES to predict enzyme binding sites in an unsuper-
vised manner. Li et al.?! developed a DL-based approach that
utilizes substrate graphs and protein sequences as inputs for high-
throughput k., prediction in metabolic enzymes. However, the
generalization and flexibility of these models are limited due to
the data-intensive nature of DL, and moreover, the fact that
enzyme-related data are highly imbalanced with insufficient
coverage for the vast majority of enzyme families. To address this
issue, recent studies have adopted large pre-trained models to
represent enzymes and small molecules. For instance, Kroll
et al.”* developed a gradient boosting model, referred to as ESP, to
predict small molecule substrates of enzymes. This model utilizes
a fine-tuned ESM-1b>* protein language model and a task-specific
graph neural network (GNN) for generating informative molecular
representations. Yu et al.>* employed contrastive learning and
ESM-1b outputs to develop rich enzyme representations,
achieving superior performance and generalization in predicting
EC numbers.

Despite the remarkable progress, pre-existing methods are
mostly unimodal, by extracting protein representations exclusively
from enzyme information'”**®. Yet in nature, enzymes never act
alone—their biochemical functions are realized through catalytic
interactions with the substrates and products in enzyme-catalyzed
reactions. Given the high specificity of enzymes for the type of
substrates or reactions they catalyze, recent studies have shown
that the integration of multimodal knowledge from substrate
molecules and enzymatic reaction context can effectively enrich
enzyme representations with improved performance for down-
stream tasks such as binding site prediction'®?’ and enzyme
retrieval®®?°. However, these methods are task-specific, resulting
in enzyme representations highly attuned to a handful of problems
or downstream tasks, and therefore limited applicability.

In addressing the aforementioned challenges, this study in-
troduces a multimodal learning algorithm to obtain task-agnostic
molecular representations for enhanced flexibility and accuracy
across a broad spectrum of enzymatic-reaction-related tasks. This
enzymatic-reaction-aware molecular representation learning
(ERAM) framework is realized via the following innovations: (1)
conceptualization of substrates, enzymes, and products involved in
enzymatic reactions as triplets (head, relation, tail) within a
knowledge graph, which enables the modeling of enzymes as
translations connecting the substrate and product entities in a
unified molecular embedding space, reminiscent of the classical
TransE*® method for modeling multi-relational data; (2) a
cross-attention information fusion mechanism for generating
substrate-aware enzyme representations, to capture reaction-
specific effects such as enzyme promiscuity and induced fit*'~?%;
(3) design of dual-grained contrastive learning scheme to perform
two-levels of representational alignment based on the essential
and mechanism of enzymatic reaction. Our model attains



Task-agnostic multimodal enzyme reaction modeling

4053

remarkable performances in various downstream tasks. For the
enzyme retrieval task, ERAM outperforms the state-of-the-art
(SOTA) enzyme retrieval method CREEP*, with a mean
average precision (MAP) increase of 0.181 (28.31% relative
improvement). Compared to the known SOTA substrate prediction
model ESP, ERAM achieves an average improvement of 0.185
and 0.133 in Matthews correlation coefficient (MCC) for nitrilase
and aminotransferase substrate prediction, respectively. Moreover,
our model exhibits commendable interpretability, assigning high
attention scores to the binding sites of enzymes and the reaction
sites of substrates. In the unsupervised binding site prediction task,
ERAM achieves a lower false positive rate (42.36%) and a higher
overlap score (70.59%) than the attention mechanism-based self-
supervised learning language models RXNAAMapper'®, among
other baselines. Our results demonstrate ERAM’s potential as a
multipurpose tool in solving a variety of biocatalysis and enzyme
engineering problems with enzymatic-reaction-aware molecular
representations, thus facilitating advanced applications in fields
including drug discovery, disease research, and synthetic biology.

converted to the Simplified Molecular-Input Line-Entry System
(SMILES) format and then processed using the pre-trained
molecule representation model Uni-Mol. The atom-wise embed-
dings are further processed by a self-attention block, an MLP
projector, and mean pooling to obtain final molecular represen-
tations. For the enzyme, the amino acid (AA) sequence is pro-
cessed using ESM-2 to generate AA-wise embeddings, which are
then processed through a transformer block with cross-attention,
an MLP projector, and mean pooling to produce the representa-
tion. Unlike the small molecule branch, a cross-attention block is
added to the enzyme encoder to integrate substrate knowledge into
the enzyme representation. Therefore, enzymes that exhibit broad
specificity can acquire distinct representations when they bind
with different substrates, accounting for well-known problems
such as enzyme promiscuity and induced fit.

2.2.  Dual-grained contrastive learning

In biocatalysis, enzymes serve as a bridge, accelerating specific
transformations of substrates to products, thereby ensuring the

2. Materials and methods proper functioning of intracellular metabolic processes*. There-
fore, we conceptualize substrates, enzymes, and products as trip-
2.1.  Model overview lets (head, relation, tail) within a multi-relational knowledge

The ERAM framework comprises two branches: a small molecule
encoder and an enzyme encoder, as shown in Fig. 1A. Specifically,
the small molecule involved in enzymatic reactions is first

graph. By mapping them to a unified feature space, the enzymes
(i.e., relations) can be interpreted as translations operating on the
substrate/product embeddings (i.e., entities)**. Through mini-
mizing the Euclidean distance between query embedding

A B Query Embedding ~ Target Embedding Target embedding
Enzy, i Product embedding o i o n
B # gusd s (o[ ] ]
t t t Bz,

& e g dyy | dz| dya| -+ o

Mean Pooling Mean Pooling gg W‘ g 11| 912|913 n
& 3 o1 | daa[ dos| [ don

MLP Qf a 4802 5 dy | ds| dsa| - | dan

S/ e 5§ ARE :

e}
/ Lo T T I T
Feed Forward

o
Il

&

o Q2LR33 N o
(EC4.24.41) | i
& JECARTIY, +  Ho—b—or
Q( o K,
o

5 Uni-Mol
ESM 2 D Mini-Batch Input. Mini-Batch Embedding
ey i1 i S e A =i
t t t & R P— LIl
"9 ™ Encoder _N ‘cﬁ: :
o 5 008 HEUU ! e HUUULL HE i
%o Al — g o, ST
I i Momentum
++ - 000 o o P Update
Enzyme Substrate Product I:| U |:] |:|

Figure 1

Framework and Methods of Model. (A) An overview of the model structure. The enzyme encoder comprises a frozen ESM-2

backbone, a self-attention block, a cross-attention block, MLP and mean pooling block. The small molecule encoder is composed of frozen
Uni-Mol, followed by a self-attention block, an MLP, and mean pooling. Both substrates and products share the same encoder. (B) Relationships
among reactants (substrates), enzyme, and products in a knowledge graph and the triplet loss for a minibatch. dj; is Euclidean distance between
query embedding (/1p;) and target embedding (/7). (C) Dual-grained contrastive learning method. Samples in which the product is permuted with
an incorrect product are classified as coarse-grained negative samples, with a large margin as the lower bound distance. Conversely, samples in
which the enzyme is removed or replaced by an incorrect enzyme are classified as fine-grained negative samples, with a small margin as the lower
bound distance. (D) Enzyme Prototype Learning Procedure. During one iteration, the encoder is updated by computing the cross-entropy of cosine
similarities between the enzyme embeddings and their corresponding prototypes within a mini-batch, which is then followed by updates to the
prototypes using a momentum-based method (e.g., exponential moving average).
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(Mreactant + henzyme) and target embedding (Aproduct) as illustrated in
Fig. 1B, we ensure that the learned representations adhere to the
translational principle where the head (substrate) plus relation
(enzyme) closely approximates the tail (product). The proposed
relational learning scheme effectively aligns multimodal molec-
ular representations with enzymatic reaction knowledge by
enforcing an equivalence of molecules with respect to reactions in
the shared embedding space®>*°. Since the alignment procedure is
not tailored for any specific task, it produces molecular repre-
sentations that are reaction-aware and task-agnostic, thus enabling
a wide array of downstream applications. Moreover, endowed with
task-agnostic geometric structure within the reaction triplets, the
aligned representations naturally induce a reaction and enzyme
retrieval model without additional training or fine-tuning.

To further enhance the learned representations, we observe that
in chemical reactions, any changes in substrates or products can
significantly alter the chemical equilibrium and even render the
whole reaction invalid. In contrast, as with all catalysts, enzymes
only accelerate the reaction without affecting the equilibrium or
being consumed®*. To address this functional disparity between
the small molecules and enzymes, we propose a dual-grained
contrastive learning approach as displayed in Fig. 1C. We
generate coarse-grained negatives by replacing the product in a
reaction with an incorrect one, which alters the chemical equi-
librium. We also generate fine-grained negatives by removing the
enzyme or replacing it with an incorrect one, which preserves the
chemical equilibrium. To generate negative samples, reaction la-
bels and enzyme labels are assigned. Let ie/={1...N} be the
index of the sample within a mini-batch. Given the presence of
labels, (N, N) masks are generated to distinguish between positive
and negative samples. For coarse-grained negative sample gener-
ation, chemical reactions are treated as labels, with each unique
chemical reaction constituting a separate label. Reaction labels
within the mini-batch are utilized to create a coarse-grained
(N,N) mask, wherein differences in reaction labels signify mis-
matched products, corresponding to coarse-grained negative
samples. For fine-grained negative sample generation, the EC
number serves as the enzyme label; if an enzyme is devoid of an
EC number, it is substituted with the RHEA ID. Similar to the
coarse-grained approach, enzyme labels in the mini-batch are
employed to generate fine-grained (N,N) mask, wherein dis-
crepancies in enzyme labels identify mismatched enzymes, rep-
resenting fine-grained negative samples.

To distinguish the coarse-grained and fine-grained negative
samples, we maximize the distance between the query embedding
and the two types of negative embeddings using different margins.
Specifically, we use a large margin as the lower bound distance for
coarse-grained negative samples to ensure that these samples can
be distinctly separated in the embedding space. For fine-grained
negative samples, since the permutation of enzymes or removal of
enzymes preserves the correct chemical reaction and chemical
equilibrium, we employ a smaller margin to enhance the model’s
sensitivity to distinguish between the variations in catalytic ac-
tivity without confusing them with the more significant errors of
product mismatch.

For loss computation, Let ie/={1, ..., N} index samples in a
mini-batch. Define the positive set P(i)=qpel:y, =J; with
size |P(i)|, and the negative set N(i)={nel : y, #y;} with size
IN(i)]. We denote hs, h. and h, as the representations of the

substrate, enzyme, and product, respectively, and treat them as the
head, relation and tail in the triplet in the knowledge graph.

For positive samples, we minimize the Euclidean distance
between the query embedding (A5 +/.) and the target embedding
hp, as shown in Eqs. (1) and (2). This formulation enforces the
translational principle expressed as /nead + Arelation = /ail- For
coarse-grained negative samples, which relate to product substi-
tution, a large margin v; =12 is set as the lower boundary for
distances between samples of different classes, as illustrated in Eq.
(3). Conversely, for fine-grained negative samples, which involve
the substitution or removal of enzymes, a smaller margin v, =3
defines the lower boundary for distances between different classes,
as shown in Egs. (4) and (5).
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2.3.  Prototype learning

In the context of contrastive learning, utilizing a small batch size
can result in unstable and biased gradients and, consequently,
suboptimal solutions®’*°. However, computational constraints
such as GPU memory often limit the feasible batch size. To
address this issue, we propose a novel methodology that utilizes
prototype learning to indirectly augment the number of positive
samples and enhance the representational capacity of the model
without requiring larger batch sizes and additional model pa-
rameters, as illustrated in Fig. 1D. We generate prototypes for
enzyme classes and use the mean of the embeddings of all samples
within the same class as the initial value for the prototype. The
prototype embeddings are then updated using a momentum-based
approach during training. For the computation of the prototype
loss, we employ Cross Entropy as the loss function, shown as in
Eq. (6). Here, A(i)=1
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This process ensures that the embeddings of samples within the
same class become more similar, effectively augmenting the
number of positive samples by drawing embeddings closer to their
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respective class prototypes. This enhances the model’s capacity to
learn more robust representations.

The final loss function is defined in Eq. (7).
Ltrtir =L rviriercy 7L vririoyes L ptreneot ¥ L ftre 2
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2.4.  Data processing

To prepare the data for training, validating, and testing ERAM,
we compile a dataset containing chemical reaction SMILES,
enzyme amino acid sequences, and enzyme types (EC numbers
or RHEA IDs) based on UniProtKB/Swiss-Prot'® and RHEA*’.
Because the input of ESM-2 (650 M) encoder is limited to 1024
residues, we exclude sequences longer than 1024 amino acids.
Similarly, given the Uni-Mol model’s limit of 256 atoms for
small molecules, we filter out molecules exceeding this threshold
using RDKit. In order to ensure the translational principle, we
also exclude reactions where the substrate and product are
identical. To ensure a sufficient number of positive samples for
contrastive learning and the stability of training, we remove
samples where the EC number appeared fewer than ten times.
After processing, the final dataset contains 254,106 enzymatic
reaction data samples, which have 197,352 unique enzyme se-
quences, 1718 different EC numbers, and 3048 chemical re-
actions. It is worth noting that the chemical reactions in the
dataset are all balanced to preserve the atom conservation law,
therefore preserving the equivalence principle in enzymatic re-
actions. The dataset distribution of EC numbers is displayed in
Supporting Information Fig. S1. We randomly divide the dataset
into training, validation, and test sets in an 8:1:1 ratio.

2.5.  Experimental settings

To demonstrate that ERAM learns effective representations from
enzymatic reactions and is capable of handling a wide array of
downstream tasks, we evaluate it on three tasks: enzymatic-
reaction retrieval, substrate prediction, and binding-site prediction.

2.5.1.  Enzymatic reaction retrieval

We first conduct a series of retrieval tasks based on the enzymatic
reactions to evaluate our model’s ability to identify the correct
reactions. The process primarily involves calculating the
Euclidean distances of triples (substrate, enzyme, product) and
selecting the best matches based on the ranking of these distances.
We establish two specific tasks: product retrieval (finding correct
products given substrates and enzyme) and enzyme retrieval
(finding feasible enzymes given substrates and products). For the
product retrieval task, we utilize Mean Reciprocal Rank (MRR)
and Hit@1 as evaluation metrics, as shown in Egs. (8) and (9).

1 & 1
MRR=— 8
|0 ; rank; (8)

=i 9)
0]

Here, Q represents queries, and rank; denotes the ranking of the
first relevant product retrieved by a query. The term 1(r; =1) is an
indicator function that is set to one if the top recommended item
for the i-th test instance is the correct item, otherwise it is 0.

Since multiple candidate enzymes may exist in the enzyme
retrieval task, we use Mean Average Precision (MAP) as the
evaluation metric. MAP is a common metric used in information
retrieval and machine learning to evaluate the performance of
ranking algorithms over query sets. This metric is particularly
appropriate when multiple relevant items may exist per query, as
formalized in Eqgs. (10) and (11).

AP:]; (P(k) x rel(k)) (10)
Ntarget
1 Y
MAP=@ZAPq (11)

The Average Precision (AP) for a query is calculated by
summing the products of precision at each rank and the relevance
indicator, divided by the total number of relevant enzymes for that
query. Here, P(k) is the precision at cutoff &, Nyreer represents the
number of enzymes capable of catalyzing the queried chemical
reaction, and rel(k) is an indicator function that equals one if the
enzyme at rank k is relevant, and 0 otherwise. To compute MAP,
average the AP scores for all individual queries. O indicates the
queries.

To ensure a comprehensive assessment, we employ
MMseqs2*! to cluster amino acid sequences, thereby evaluating
our model’s generalization capability by testing it on sequence
sets that vary in identity to the training data. The test set is par-
titioned into stratified subsets based on sequence identity to the
training set. The sequence identity ranges are categorized into five
distinct groups: 0—40%, 40%—50%, 50%—60%, 60%—70%, and
70%—80%. The statistics of candidate samples in the test sets with
different sequence identities are displayed in Supporting Infor-
mation Table S1.

2.5.2.  Baseline setting for enzymatic reaction retrieval

We compare the enzymatic reaction retrieval performance of
ERAM against Reactzyme®® and CREEP*. In all Reactzyme
variants, we use pretrained embeddings from Uni-Mol (512-
dimensional) for molecules and from ESM (1280-dimensional)
for proteins as the official implementation. These embeddings are
first projected into a shared latent space of 128 dimensions
through multilayer perceptrons (MLPs). The projected molecular
and protein representations are then integrated using cross-
attention mechanisms and subsequently processed by one of the
following three network architectures: MLPs, transformers, or
recurrent neural networks (RNNs). The parameters of these
network architectures are consistent with those in the original
publication. All models are trained with the same set of hyper-
parameters: we use the AdamW optimizer with a learning rate of
le-4 and a weight decay of 5e-10. The models are trained for up to
50 epochs, with early stopping triggered after 30 epochs without
validation improvement. The batch size is set to 1024, and we use
binary cross-entropy loss combined with a contrastive loss to
encourage alignment between molecular and protein representa-
tions. All experiments are run on multiple GPUs using PyTorch
DistributedDataParallel (DDP), and we ensure reproducibility by
fixing all random seeds.

In the CREEP baseline configuration, we fine-tune the pre-
trained protein language model ProtT5 and the reaction model
rxnfp to learn aligned representations of reactions and proteins
using contrastive learning and generative tasks. The model is
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trained using the Adam optimizer with a learning rate of le-5 for
both protein and reaction encoders, with learning rate scaling
factors set to 1. The weight decay is set to 0. We use a batch size
of 16, with negative sampling for contrastive learning set to one
negative sample per batch. Training lasts for 40 epochs, with early
stopping based on the lowest loss observed. The contrastive loss is
computed using the EBM-NCE loss function, and the generative
loss is based on mean squared error (MSE) between the reaction-
to-protein and protein-to-reaction facilitators. To ensure repro-
ducibility, all random seeds are fixed across different stages of the
training process.

2.5.3.  Substrate prediction datasets

For the substrate prediction tasks, we choose the nitrilase data-
sets'? for evaluation, as it was previously employed in the SOTA
substrate prediction model ESP, which exhibits excellent perfor-
mance on this dataset?”. This dataset comprises 240 data points,
covering all possible combinations of 12 enzymes and 20 sub-
strates. The other dataset of aminotransferases*>*® is also
employed for external evaluation. This dataset includes 450 data
points, with each of the 25 aminotransferases tested against 18
identical small molecules. Given that aminotransferases exhibit
enzyme activity, we labeled samples with activity levels equal to
or greater than 0.1 U/mg as 1, and the others as 0. Additionally, we
excluded data that appeared during the training of our model,
ultimately retaining 444 data entries. The glycosyltransferase
substrate prediction dataset employed in ESP was excluded here
because nucleophilic acceptors of sugars have multiple glycosyl-
ation sites, leading to unfixed enzymatic products. We divide these
datasets into training, validation, and test sets in a 7:1:2 ratio. To
ensure a comprehensive evaluation, we implement three different
dataset partitioning strategies: random splitting, splitting by en-
zymes’ amino acid sequences, and by substrates.

2.5.4.  Baseline setting for substrate prediction

In substrate prediction, we first fine-tune our model on the training
set by minimizing the Euclidean distance between the enzyme and
the correct substrate, while maximizing the Euclidean distance
between the enzyme and incorrect substrates. Upon completion of
training, we establish a threshold for Euclidean distance based on
the Matthews Correlation Coefficient (MCC) derived from the
validation set. This threshold is subsequently applied to assign
labels to samples in the test set.

For benchmarking purposes, we assess our model’s perfor-
mance against ESP. For ESP, we consider two training regimes.
The first method, denoted as "ESP," performs hyperparameter
optimization on the training and validation sets of the downstream
task. Using Hyperopt*, we perform a random grid search to
optimize several hyperparameters, including learning rate,
maximum tree depth, lambda and alpha coefficients for regulari-
zation, maximum delta step, minimum child weight, training
epochs, and weight for negative data points. After optimization,
the selected configuration is used to train gradient-boosting
models. The training is conducted using the Python package
xgboost45. The second method, "ESP + extra data”, utilizes 5-fold
cross-validation to determine the best hyperparameters for the
gradient boosting model, applied on an experimentally validated
dataset of 55,878 entries. This dataset is subsequently integrated
into the downstream task’s training set, and all data are used to
train the gradient-boosting model. Evaluation is ultimately con-
ducted on the held-out test set. Hyperparameters for this setup
follow ESP’s released source code.

2.5.5. Binding site prediction
Understanding the binding sites of enzymes is crucial for eluci-
dating their catalytic mechanism and has profound implications
for directed evolution and enzyme engineering*®*’. To demon-
strate our model’s efficacy and potential in predicting binding
sites, we directly utilize the attention scores from the enzyme
encoder to predict the binding sites of enzymes. For this analysis,
we employ a dataset previously studied by Teukam et al.'®, which
originated from the Protein-Ligand Interaction Profiler (PLIP)*®.
This dataset comprises 777 co-crystallized ligand-protein pairs,
offering a rich resource for evaluating our model against enzy-
matic interaction sites. We benchmark our model against the
BERT-based RXNAAMapper'® model developed by Teukam
et al.'®, as well as the baseline models they identified. All models
are trained without information on binding sites.

Following Teukam et al.'®, we utilize the overlap score and
false positive rate as metrics.

TP
Overl = 12
verlap score == (12)
FP
False Positive Rate=———— 13
alse Positive Rate PTIN (13)

where TP is the number of true positives, TN is the number of true
negative, FP is the number of false negative and FN is the number
of false negatives.

3. Results and discussion
3.1.  Embedding visualization

In order to investigate whether ERAM has learned effective rep-
resentations of enzymatic reactions, we use our model to embed
molecules in the training set into a 512-dimensional latent space.
To visualize the enzyme embeddings, we utilize T-distributed
Stochastic Neighbor Embedding (T-SNE)** and randomly high-
light 15 enzyme classes by distinct colors. For comparison, we
also plot the 2D projections of pre-trained ESM-2 embeddings via
T-SNE. As depicted in Fig. 2A and B, for enzymes belonging to
the same class, representations learned by ERAM are effectively
clustered but appear dispersed for ESM-2, illuminating that the
model has learned more semantically compact and consistent
representations during training.

Since ERAM simultaneously models enzymes and small
molecules in the same representation space, we can jointly visu-
alize them via T-SNE. As shown in Fig. 2C, enzymes form tight
clusters, while the small molecule embeddings are more scattered,
encapsulating the enzyme clusters. The distinct boundary between
small molecules and enzymes indicates that the model, through
our proposed dual-grained contrastive learning, has successfully
captured the functional disparity between enzymes and small
molecules in enzymatic reactions by mapping them into disjoint
subspaces. Intuitively, switching product alone renders the whole
reaction infeasible, effectively leaving a large gap (mismatch) in
the knowledge graph triplet. In contrast, replacing the enzyme
only affects the reaction rate without changing its feasibility or
equilibrium, therefore creating a much smaller gap for the triplet
in the embedding space. Based on such reasoning, perhaps
counterintuitively, we expect the norm of small-molecule com-
pounds to be much greater than that of enzymes in the shared
feature space, which is confirmed by their norm distributions
shown in Fig. 2D and E, respectively. Fig. 2C also provides a 2D
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visualization of this phenomenon, where the bulk of enzyme
embeddings is fully enclosed by the substrate and product mole-
cules with a greater norm.

3.2.  Reaction retrieval evaluation

3.2.1.  Outstanding performance in all test sets with varying
sequence identity

In the enzymatic reaction retrieval task, our model demonstrates
exceptional performance across test sets with varying sequence
identities, as shown in Table 1. Notably, in test sets characterized
by low sequence identity (<40%), the model achieves higher
MAP and MRR than those observed in the complete test set,
indicating the model’s robustness. We further divide the test set
into subsets according to EC number and evaluate both product
retrieval performance (using MRR and Hit@1) and enzyme
retrieval performance (using MAP) for each subset. The distri-
bution of EC numbers at the first level in the test set can be found
in Supporting Information Fig. S2 and Table S2. As shown in

Supporting Information Table S3, our model achieves sound
performance across all EC subsets, including the one without EC
annotations. Some EC-subset variability in retrieval performance
can be observed, as expected, because of the sample size, enzyme
diversity, and candidate set complexity. For example, subsets like
EC1 and w/o EC with greater diversity among candidate products

Table 1  Enzymatic reaction retrieval performance on the

test sets with different sequence identity.
Sequence Product Product Enzyme
identity MRR 1 Hit@1 1 MAP 1
0—100% 0.9836 0.9701 0.8202
70%—80% 0.9980 0.9961 0.9684
60%—70% 0.9988 0.9980 0.9733
50%—60% 0.9982 0.9968 0.9752
40%—50% 0.9949 0.9898 0.9723
0—40% 0.9952 0.9903 0.9770
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tend to yield lower retrieval performance (MRR and Hit@1),
suggesting that increased candidate variability may introduce
additional challenges for the model.

To further investigate the performance of our model in reaction
retrieval, we identify several scenarios where the model exhibits
lower average precision (AP): First, enzymes that can catalyze
multiple chemical reactions, including both forward and reverse
reactions, present challenges; second, due to the hierarchical re-
action classification in the RHEA Database, chemical reactions
with hierarchical relationships often involve participants that are
identical or related, either directly or indirectly, which confuses
the model*°. Additionally, the SMILES notation, which represents
some variable groups as "R" groups, poses difficulties in dis-
tinguishing these reaction types during training. Lastly, enzymes
represented by a smaller number of training samples also expe-
rience decreased performance. Representative cases are shown in
Supporting Information Figs. S3—S5. Nevertheless, sequence
identity exerts a minor influence on the model’s effectiveness;
even in test sets with low identity, the model continues to perform
excellently in the reaction retrieval task.

3.2.2.  ERAM effectively distinguishes between isomers in the
product retrieval task

To further investigate ERAM’s product retrieval capability, we
analyze its performance in distinguishing between isomers.
Differentiating between isomers is challenging because they share
identical molecular formulas. We present product retrieval results
for enzymatic reactions classified as EC:1—EC:6 involving isomers.
EC:7 reactions, representing translocases that catalyze the transport
of ions or molecules across membranes or their redistribution within
membranes, are excluded since their substrates and products are
identical. As illustrated in Fig. 3A—F, ERAM correctly ranks the
appropriate isomer for various enzymatic reactions depending on
the enzyme type. For instance, as depicted in Fig. 3A, the model
accurately identifies chiral changes occurring during the oxidation
of methionine catalyzed by Methionine-R-sulfoxide reductase
(Q3MHL9). Moreover, ERAM identifies the chiral changes
resulting from the type B cyclization of geranylgeranyl diphosphate
(GGDP) catalyzed by Phyllocladan-16-alpha-ol  synthase
(B2DBFO0), as shown in Fig. 3E. These results demonstrate ERAM’s
accurate understanding of enzymatic reactions.

3.2.3.  ERAM outperforms reactzyme and CREEP in the enzyme
retrieval task

To enable a systematic comparison of retrieval task performance,
we train two enzyme-reaction retrieval models, Reactzyme? and
CREEP?, using our dataset. Since neither Reactzyme nor CREEP
is designed for product retrieval, our evaluation is restricted to
enzyme retrieval performance. Reactzyme utilizes ESM-2 for
enzyme encoding and Uni-Mol for substrate and product encod-
ing, similar to ERAM; however, it relies only on binary cross-
entropy (BCE) or contrastive loss during training. In contrast,
CREEP leverages fine-tuning of the pretrained language models
rxnfp®® and ProtT5°! to learn aligned representations of reactions
and proteins through contrastive learning, instead of using frozen
pretrained models. For Reactzyme, we compare model perfor-
mance using two types of loss functions and different encoder
architectures—including multilayer perceptron (MLP), trans-
former, and recurrent neural network (RNN)—as described in the
Reactzyme methodology. For negative sample generation, 1000
negative samples are generated for each reaction based on Lev-
enshtein distance. For CREEP, we also follow the hyperparameter

configuration described in the original publication, and negative
samples are sampled within each batch. Subsequently, we
compare the enzyme MAP across all test sets. As shown in Fig. 4,
both Reactzyme and CREEP experience a dramatic decline in the
0—40% subset, although they can achieve sound performance for
sequence identities ranging from 50% to 80%. This suggests that
these two models may be difficult to retrieve correct enzymes
effectively in low sequence identity test sets, even when the
number of candidates is small. Notably, however, ERAM achieves
superior performance across all test sets, especially in low
sequence identity test sets, highlighting the robustness and
effectiveness of our approach.

We further compare the performance of enzyme retrieval
across all EC subsets. For Reactzyme, we adopt its best-
performing variant, which combines binary cross-entropy (BCE)
with a transformer encoder. As shown in Table 2, both baselines
are sensitive to EC-specific diversity and experience performance
drops in subsets such as EC1 and w/o EC. However, ERAM
consistently achieves the highest MAP across all EC subsets.
Notably, for the most challenging w/o EC subset, ERAM achieves
MAP improvements of 93.01% over Reactzyme and 63.86% over
CREEP, further underscoring its superior generalization and
robustness in scenarios without EC annotations. These results
collectively indicate that although variability in retrieval perfor-
mance exists across EC subsets, driven by factors such as sample
size, enzyme diversity, and candidate set complexity, ERAM
demonstrates strong generalization across both common and rare
enzyme families. Its limited sensitivity to data imbalance, com-
bined with superior retrieval accuracy, highlights the effectiveness
of the dual-grained contrastive learning strategy in capturing
enzymatic specificity.

3.2.4. Ablation study proves the effectiveness of ERAM
To validate the efficacy of our model design, we conduct a series of
ablation experiments on both the product retrieval and enzyme
retrieval tasks within the test set. To demonstrate the effectiveness of
dual-grained contrastive learning, we set identical margins in the
contrastive loss and do not distinguish between coarse-grained and
fine-grained negative samples. Here, we introduce the term Margin-
Coarse, which assigns all margins as coarse-grained. Similarly, we
define Margin-Fine, which assigns all margins as fine-grained.
Additionally, we ablate the prototype learning to assess its impact.
Moreover, to examine the effect of substrate-dependent enzyme
representations enabled by the cross-attention module, we replace
the cross-attention block in the enzyme block with a self-attention
block. This is referred to as the Self-Attn control group.
Compared to ERAM, the results of Margin-Coarse and Margin
Fine control groups in Table 3 are clear indications of the ne-
cessity of our proposed dual-grained learning strategy. The per-
formance of ERAM is comparable to that of Margin-Fine. This
can be attributed to the fact that, in contrast to models trained
under contrastive learning frameworks with two distinct margins,
the optimized training objective with a reduced margin is simpler
and may yield similar results in retrieval tasks. ERAM out-
performs the model trained with Margin-Coarse, as maintaining a
substantial margin across all types of negative samples is chal-
lenging and may hinder the model from learning effective repre-
sentations. Another pronounced shortcoming of uniform
contrastive margin for enzymatic reaction is that the model can no
longer accurately capture the functional disparity between sub-
strates/products and enzymes by separating them into disjoint
subspaces in their shared embedding space, which is evident by
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comparing Supporting Information Fig. S6 with Fig. 2C. More-
over, ERAM’s MRR and Hit@1 performance exhibit minimal
differences compared to model lacking prototypes. However,
ERAM demonstrates a significant advantage in the MAP for en-
zymes, suggesting that prototype learning effectively enhances the

similarity of representations among enzymes within the same
category, while implicitly increasing the number of positive
samples in contrastive learning. This enhancement notably im-
proves the model’s performance on enzyme retrieval tasks.
Furthermore, ERAM outperforms Self-Attn in both product
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Comparison of Enzyme MAP by Sequence Identity
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Figure 4  Performance comparison of Reactzyme model, CREEP
and ERAM in the enzyme retrieval task. BCE denotes training with
binary cross-entropy loss, whereas Contra denotes training with
contrastive loss.

retrieval and enzyme retrieval tasks, which indicates that the
cross-attention block successfully models the interactions between
substrates and enzymes, thereby enhancing the performance of the
reaction retrieval task.

3.3.  Enzyme substrate prediction

3.3.1. ERAM outperforms ESP in substrate prediction

In the substrate prediction task, our model achieves SOTA per-
formance across nearly all metrics and split settings in both
nitrilase and aminotransferase substrate predictions, surpassing the
performance of the ESP model, as shown in Fig. SA—F. Although

Table 2 Enzymatic reaction retrieval performance on the
test sets across different EC numbers.

EC Number Enzyme MAP 1

Reactzyme CREEP ERAM
EC1 0.5688 0.7246 0.7874
IEC2 0.7033 0.8089 0.8913
EC3 0.6747 0.7708 0.9465
EC4 0.7388 0.7858 0.8102
ECS5 0.7801 0.8037 0.8433
EC6 0.8627 0.8075 0.9513
EC7 0.7794 0.6866 0.9395
W/o EC 0.4238 0.4992 0.8180

Table 3  Enzymatic reaction retrieval results on the ablation

study.

Method Product Product Enzyme
MRR 1 Hit@1 1 MAP 1

Margin-fine 0.9773 0.9655 0.8325

Margin-coarse 0.9669 0.9502 0.7525

W/o prototype 0.9829 0.9696 0.8014

Self-Attn 0.9781 0.9593 0.6755

ERAM 0.9836 0.9701 0.8202

the “ESP + extra data”, trained with an additional, experimentally
validated dataset, outperforms the standard “ESP” model, ERAM
achieves superior results without the need for additional data.
Moreover, as illustrated in Fig. 5C and F, the performance of ESP
notably declines under substrate-based splitting; in contrast, our
model exhibits minimal decline, indicating superior robustness.
Moreover, we evaluate two additional substrate prediction data-
sets: the OleA thiolase family and the DUF849 family. As shown
in Supporting Information Fig. S7, while baseline models such as
ESP and ESP + Extra data perform well in certain settings,
ERAM achieves the best or comparable results across most met-
rics, particularly in scenarios that demand better generalization.
Collectively, these results highlight the model’s generalization
capabilities and effectiveness, suggesting significant potential for
the development of reliable enzymatic substrate prediction tools.

3.3.2.  Ablation study demonstrates the effectiveness of ERAM
We conduct a series of ablation experiments on our model, as
shown in Supporting Information Tables S4 and S5. In addition to
the ablation settings in the reaction retrieval task, we replace
balanced chemical reactions with unbalanced ones, which violate
the laws of atom and mass conservation, and refer to this
configuration as Unbalanced. The results of Margin-Fine and
Margin-Coarse reveal that the performance in substrate prediction
decreases when the model does not differentiate between the hard
and the easy negative samples by using a uniform margin. This
suggests that dual-grained contrastive learning enhances the
model’s ability to learn effective molecular representations,
thereby improving performance and generalization in enzyme
substrate prediction. Additionally, the omission of prototype
learning from the model results in diminished substrate prediction
performance, highlighting the role of prototype learning in aug-
menting the efficacy of contrastive learning by increasing the
number of positive samples indirectly. Furthermore, training the
model with unbalanced chemical reactions instead of balanced
reactions leads to decrease performance in substrate prediction.
This is expected since balanced chemical reactions adhere to the
law of atom and mass conservation, while unbalanced reactions do
not, leading to biased representations learned by the model.

3.4.  Enzymatic binding sites prediction

3.4.1.  ERAM achieves superior results in the unsupervised
binding site prediction task

We evaluate performance using attention scores from different
heads in the unsupervised enzymatic binding sites prediction.
Results are shown in Supporting Information Table S6. Although
head seven yields the highest overlap score (70.85%), it also
comes with the highest FPR (45.28%), indicating a greater number
of false positives. In contrast, head five offers the best trade-off,
achieving a high overlap score (70.59%) while maintaining the
lowest FPR (42.36%) among all heads. Accordingly, we select
head five for downstream evaluation.

Using this setting, and as summarized in Table 4, ERAM
achieves a 70.59% overlap score and a 42.36% false positive rate.
Compared to the RXNAAMapper'® and the Pfam-based method™?,
our model exhibits a relatively low false positive rate while
attaining a higher overlap score. This indicates that our model has
a good understanding of the mechanism of enzymatic reaction and
can accurately identify binding sites, thereby validating its
effectiveness in recognizing critical enzymatic features.
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Performance of the model in substrate prediction tasks. (A—C) Displays the accuracy (ACC), area under the receiver operating

characteristic curve (ROC-AUC), and the matthews correlation coefficient (MCC) for nitrilase substrate prediction under different data splitting
methodologies: random split, sequence split, and substrate split. (D—F) ACC, ROC-AUC and MCC for aminotransferase substrate prediction

under different data splitting methodologies.

Table 4 Binding site prediction results on the PLIP dataset.

Method Overlap Score T False Positive Rate |
Random model 14.07% 13.80%
BERT-base 15.27% 14.92%
BERT-large + BPE 45.91% 42.71%
ProtAlbert 18.27% 16.23%
ProBert 20.03% 16.42%
RXNAAMapper 52.13% 47.89%
Pfam-based 67.37% 61.68%
ERAM 70.59% 42.36%

3.4.2.  Ablation study on the unsupervised binding site
prediction task

Furthermore, we conduct ablation experiments to evaluate the in-
fluence of specific design choices of our methods. The ablation
setting is identical to the substrate prediction task. The results are
shown in Supporting Information Table S7. The superior perfor-
mance of our model underscores the efficacy of the core design of
ERAM, including dual-grained contrastive learning (ERAM vs.
Margin-Fine, Margin-Coarse), cross-modal information fusion
(ERAM vs. Self-Attn), and enzymatic-reaction-aware loss (ERAM
vs. Unbalanced). All these techniques substantially enhance the
ERAM’s capacity in modeling the underlying mechanisms of
enzymatic catalysis. The proposed synergistic integration of these
design choices significantly enhances the model’s capability to
pinpoint critical enzyme structural regions essential for catalytic
activity.

3.4.3.  ERAM'’s attention scores accurately highlight enzyme
binding sites

To further demonstrate the application of ERAM in binding sites
prediction, we analyze the attention scores from our enzyme
encoder to determine whether the model captures information
pertinent to enzyme binding sites as labeled in UniprotKB'C. As
illustrated in Fig. 6, the enzyme encoder assigns high attention
scores to the amino acid sequences from position 124 to 132
(DDVITVGTA) in phosphoribosyltransferase (EC:2.4.2.10)
A1AXP4 and from position 88 to 96 (DDLVDTGGT) in phos-
phoribosyltransferase BSBDQ2. These regions correspond to the
binding sites for 5-phospho-alpha-p-ribose 1-diphosphate (PRPP)
in phosphoribosyltransferase. Similarly, the model assigns sub-
stantial attention to the ATP binding sites at positions 34 to 41
(GLSGSGKS) in Adenylyl-sulfate kinase (EC:2.7.1.25) A6KXG9.
The enzyme encoder also assigns high attention scores to the
amino acid sequences from position 204 to 209 (TAYAFES), which
correspond to the NAD + binding sites in NAD kinase
(EC:2.7.1.23) Q49897. Besides, we also visualize the attention
scores of enzymes from other EC numbers (EC:1, EC:3, EC:4,
EC:5, EC:6) in Supporting Information Figs. S§—S12. These re-
sults indicate that the model can identify key residues within
enzyme amino acid sequences during training, even without
explicitly being trained with supervised signals.

3.4.4.  ERAM demonstrates significant potential for annotating
the binding sites of understudied enzymes

However, many enzymes still lack high-quality binding site an-
notations, and it is both complex and costly to annotate these
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Figure 6  Highlighted amino acid residues by our model vs. annotated binding sites. On the left, the enzyme amino acid sequence logos provide

a visualization of the attention scores, while the right side displays the binding sites of enzyme, as annotated in UniProtKB. (A, B) Phosphor-
ibosyltransferase (Uniprot ID: A1AXP4, BSBDQ2, EC:2.4.2.10). (C) Adenylyl-sulfate kinase (Uniprot ID: A6KXG9, EC:2.7.1.25). (D) NAD

kinase (Uniprot ID: Q49897, EC:2.7.1.23).

binding sites by experiment. Therefore, we utilize attention scores
from the enzyme encoder to predict binding sites for proteins that
are unannotated in UniProtKB. The protein under study, Squalene
synthase (UniProt ID: AOA1DSPI71, EC:2.5.1.21), functions as a
component of the third module in the ergosterol biosynthesis
pathway, covering the pathway’s later steps>>*. In the absence of
a crystal structure, we employ AlphaFold2* to predict the pro-
tein’s structure. Subsequently, we employ AutoDock Vina®® to
dock the protein with NADP and visualize the results using
PyMOL. As depicted in Fig. 7, the amino acid residues within the
binding pocket correspond to those with high attention scores in
ERAM. To further validate the accuracy of our prediction, we
employ the Basic Local Alignment Search Tool (BLAST)’ to
identify conserved domains within the protein. Consequently, the
protein AOA1DS8PI71 is identified as a member of the isoprenoid
biosynthesis enzyme family. Residues Y178, A183, V186, G187,
L190, G216, L219, and R226 are experimentally validated
conserved sites and constitute the binding pocket®®°, aligning
with the residues which ERAM assign high attention scores.
Furthermore, we provide additional examples of successful site
annotation by ERAM attention scores with experimental valida-
tion in Supporting Information Figs. S13—S15. For instance, the

amino acid residues of protein Q2FGDO0, which have high atten-
tion scores, correspond to the conserved sites in nicotinate-
nicotinamide nucleotide adenylyltransferase® . Similarly, the
amino acid residues of protein Q2FSD3, scoring high in attention,
correspond to the conserved sites in phosphoribosyl trans-
ferase® . These observations substantiate the model’s compre-
hensive grasp of the enzymatic catalysis mechanism.

3.5.  Small molecule encoder attention visualization

To further elucidate how ERAM comprehends enzymatic re-
actions, we visualize the attention scores generated by the small
molecule encoder. The visualization results reveal that the small
molecule encoder has learned to pay more attention to the reaction
sites within chemical reactions. As illustrated in Fig. 8, the model
assigns high attention scores to sites of bond cleavage, such as
RHEA:17653, RHEA:23436, and RHEA:14369. Additionally, the
model selectively emphasizes hydroxyl groups in elimination re-
actions at RHEA:20196, RHEA:11920, and RHEA:12460. Further
examples in Fig. 8 include sites of stereoisomer transformations at
RHEA:12813 and carbon-carbon double bonds involved in addi-
tion reactions at RHEA:12462, among others.
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and R226, which exhibit high attention scores, are located within the conserved domain of the isoprenoid biosynthesis enzyme family.

This pattern indicates that the model possesses a comprehen-
sive understanding of the underlying principles governing chem-
ical reactions. By emphasizing key functional groups and reactive
sites, the model effectively captures the dynamic nature of

chemical transformations within molecules. This focused attention
on critical reactive sites not only improves the model’s predictive
accuracy but also enhances its ability to generalize across various
chemical contexts.

1.c
OH
OH
0 H
/ \ HO, OH N, N
B, o \ N = YNHZ
=0
d == o
(4/ =0 O NG @ 2 I
o— \ ! & s >’N S 0.8
o i o
0
RHEA:17653 RHEA:21096 RHEA:23436 RHEA:11920
H 0.6
N o o .
l J N\ - ’
NH,
>\ : p © |
: W
o
04
RHEA:12813 RHEA:27982 RHEA:12462 RHEA:28370
0 0 \ .
& @& 0
\\ o | o 0.2
i g op =
o gt B & e H
\ & B o
" Bt )
0
RHEA:14369 RHEA:14265 RHEA:57304 RHEA:12460
]

Figure 8
occur and to the important functional groups involved in the reactions.

Visualization of small molecule encoder attention weight. The model allocates attention to the reactive sites where chemical reactions
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4. Conclusions

This study presents the development of a task-agnostic
Enzymatic-Reaction-Aware Molecular (ERAM) representation
learning framework that aligns multimodal molecular represen-
tations with enzymatic reaction knowledge. The ERAM frame-
work conceptualizes substrates, enzymes, and products involved
in enzymatic reactions as triplets within a knowledge graph. This
approach unifies the heterogeneous molecules involved in enzy-
matic reactions within a shared feature space. To further address
the functional disparities between enzymes and chemical com-
pounds, a dual-grained contrastive learning approach specifically
tailored for enzymatic reactions is developed. The results of
enzymatic reaction retrieval demonstrate that ERAM can accu-
rately predict the feasibility and the ideal enzymes for a given
reaction (and vice versa), based on the Euclidean distance in
enzymatic reaction triplets. Furthermore, we have fine-tuned
ERAM to predict the substrate scope of enzymes, outperforming
the specific substrate predictor ESP. Moreover, the model exhibits
commendable interpretability by assigning high attention scores to
the binding sites of enzymes and the reaction sites of substrates,
which results in a lower false positive rate and a higher overlap
score compared to an unsupervised state-of-the-art binding site
prediction model RXNAAMapper.

However, there is still room for improvement in ERAM. For
example, incorporating the structural information of enzymes into
the training process could help generate more representative em-
beddings, although this would require additional computational
resources. Moreover, for negative sample construction, we
employed dual-grained negative samples to model the enzymatic
reaction. While it is feasible to generate more challenging and
structured negative samples based on the hierarchical structure of
EC numbers, this approach could help the model learn more
nuanced embeddings.

In summary, our approach uniquely integrates knowledge from
biochemistry with advanced machine learning techniques, thereby
providing a deeper understanding of enzymatic functions. The
model’s success in these tasks underscores its significant potential
in various biocatalysis-related applications. We have developed a
web-based enzymatic reaction retrieval tool specifically designed
to be accessible to researchers without coding experience, such as
chemists and biologists. The platform is available at:
http://cadd.zju.edu.cn/eram/. We believe that our model will serve
as a valuable tool for advancing research in biocatalysis, offering
insights and capabilities that can facilitate breakthroughs in
enzyme engineering, drug discovery, and synthetic biology.
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