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Abstract

Catalytic constant (Kcat) is to describe the efficiency of catalyzing reactions. The Kcat value of an enzyme-substrate pair indicates the
rate an enzyme converts saturated substrates into product during the catalytic process. However, it is challenging to construct robust
prediction models for this important property. Most of the existing models, including the one recently published by Nature Catalysis (Li
et al.), are suffering from the overfitting issue. In this study, we proposed a novel protocol to construct Kcat prediction models, introducing
an intermedia step to separately develop substrate and protein processors. The substrate processor leverages analyzing Simplified
Molecular Input Line Entry System (SMILES) strings using a graph neural network model, attentive FP, while the protein processor
abstracts protein sequence information utilizing long short-term memory architecture. This protocol not only mitigates the impact of
data imbalance in the original dataset but also provides greater flexibility in customizing the general-purpose Kcat prediction model to
enhance the prediction accuracy for specific enzyme classes. Our general-purpose Kcat prediction model demonstrates significantly
enhanced stability and slightly better accuracy (R2 value of 0.54 versus 0.50) in comparison with Li et al.’s model using the same
dataset. Additionally, our modeling protocol enables personalization of fine-tuning the general-purpose Kcat model for specific enzyme
categories through focused learning. Using Cytochrome P450 (CYP450) enzymes as a case study, we achieved the best R2 value of 0.64
for the focused model. The high-quality performance and expandability of the model guarantee its broad applications in enzyme
engineering and drug research & development.
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Introduction
Catalytic constant (Kcat) is a crucial parameter in enzymatic
reactions [1]. It represents the maximum number of substrate
molecules that a single enzyme molecule can convert per
unit time under saturating substrate conditions, reflecting the
enzyme’s catalytic efficiency for a given substrate [2, 3]. In
biological and pharmaceutical fields, the knowledge of Kcat value
allows researchers to compare enzyme catalytic activity and the
potency of small molecules in different application scenarios
[4, 5]. However, obtaining Kcat value through various methods can
be challenging. Experimentally determining Kcat values requires
significant time and financial investment [6–9], also the measured
Kcat values are scattered in a variety of literature sources
[10–20]. Moreover, computational tools for predicting Kcat values
are limited [5, 21], primarily due to the complexity involved in Kcat

prediction, which depends on numerous intricate factors.

Researchers have explored various approaches for predicting
Kcat values and related enzymatic properties [22–29]. In a recent
study by Li et al. [30], a Kcat prediction model was constructed that
employs a convolutional neural network (CNN) to process protein
sequences and a graph neural network (GNN) to extract substrate
features. Following this publication, several researchers raised
concerns regarding the robustness of this model [31, 32]. We thus
conducted an in-depth analysis of their model and found that the
model performance is highly sensitive to the choice of random
seed in splitting the training and test set. In their reported results,
the final model used the random seed of “1234,” which produced
satisfactory outcomes with their protocol. To replicate their study,
we precisely followed their experimental steps and successfully
reproduced their results. However, when we changed the random
seed to “1357” and kept all other conditions unchanged, the
model’s performance deteriorated significantly. In their experi-
ment, the random seed was used to split the primary dataset
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(referred to as Dataset #1 hereafter) into training, validation, and
test sets, leading us to conclude that the quality of their model
heavily depends on how the dataset is partitioned. Furthermore,
they did not thoroughly examine or report the composition of the
training data.

A closer analysis of Dataset #1 revealed that, while it contains
16,618 records, sequences and substrates appear with varying
degrees of repetition when forming different pairs. That said,
this issue is understandable, as Kcat measurements are typically
obtained for reactions involving specific proteins or classes of
proteins with a series of substrates. As such, Kcat datasets often
contain substantial repetition of various substrates and proteins,
leading to an imbalanced dataset.

In recent years, many other studies have also focused on
developing more effective Kcat prediction tools using various mod-
eling technologies. A Kcat prediction model recently developed
by Heckmann et al. [33] greatly enhanced our understanding of
Escherichia coli’s metabolism and proteome at the genome scale,
albeit the model is difficult to be applied to other species due to its
species-focused enzyme types and complex input features. Later,
UniPK developed by Yu et al. [5] utilized protein language models
(PLMs) and SMILES transformers to analyze protein and substrate
information to train models via various machine learning models
including CNN and recurrent neural network. Ultimately, the
authors identified the trees ensemble model, which achieved an
R2 of 0.65, as the best performer as it could distinguish mutation
effects on Kcat prediction. Moreover, the model was extended
to EF-UniPK to further incorporate pH and temperature effects.
TurNup was another Kcat prediction model developed by Kroll
et al. [34] which applied differential reaction fingerprints and a re-
trained transformer network model to process chemical reactions
and protein sequences, respectively. TurNup was robust as it
achieved an R2 of 0.33 for enzymes which lacked homologs, as
measured by sequence identity being equal to or larger than
40%, in the training set. Recently, MPEK was developed as a pre-
trained multi-task deep learning model to predict both Kcat and
Km simultaneously [35]. By applying protein language models
and substrate language models to extract protein and substrate
information, the constructed multi-task model achieved a Partial
Correlation Coefficients of 0.808 for Kcat. However, this model
required information on pH, temperature, and organism as addi-
tional input. Similarly, DLTKcat, a deep learning model developed
by Qiu et al. [36] achieved an R2 of 0.66 in temperature-dependent
Kcat prediction. Their approach leveraged a graph attention net-
work to extract features from substrates which were represented
by graphs, and CNN to process enzyme protein sequences. In
the same year, Wang et al. developed DeepEnzyme [37], Which
utilized a combination of transformers and graph convolutional
networks (GCNs) to extract features from the sequences and 3D-
structures of enzymes, and GCN to extract to process substrate
graphs. DeepEnzyme achieved an R2 of ∼0.6 for Kcat prediction,
outperforming the aforementioned TurNup and DLTKcat models.
CatPred is one of the most recently developed prediction models
by Boorla et al. for Kcat prediction [38]. The model achieved optimal
performance of an R2 of 0.608 and demonstrated strong predictive
performance on out-of-distribution samples. Their method uti-
lized a neural network to process substrate SMILES strings and
a sequence attention algorithm along with a pre-trained protein
language model to process protein sequences.

In this study, we propose a novel Kcat prediction protocol that
utilizes substrate structures and protein amino acid sequences
as input for the model. A key feature of our approach is the
development of separate processors for substrates and enzyme

sequences, utilizing attentive FP and long short-term memory
algorithm respectively. This design not only mitigates the impact
of data imbalance but also offers greater flexibility for partial
model adjustments and later customization. Our basic prediction
model demonstrates significantly improved stability and accu-
racy when compared to the performance metrics from publica-
tions using the same dataset. We also used Cytochrome P450
(CYP450) enzymes as a case study to demonstrate how to fine-
tune the general-purpose Kcat model into a more targeted pre-
diction model for a specific enzyme category through focused
learning. This case has highlighted the enhanced performance of
a focused learning model compared to a general-purpose model,
while still possessing stable performance reflected by parallel
experiment results. The high-quality performance and expand-
ability of the model guarantee its broad applications in enzyme
engineering and drug research & development, while minimizing
the need for extensive in vivo and in vitro experiments.

Result
Dataset distribution
The overall flowchart of this study is shown in Fig. 1. The distri-
bution of substrates and proteins is summarized in Table 1 and
shown in Fig. 2. Dataset #1 for model construction contains 16,618
different substrate-enzyme pairs with corresponding Kcat values
(Supplemental Table S1) and Dataset #2A (Supplemental Table S2)
consists of 161 substrate-enzyme pairs for external model val-
idation. Table 1 summarized the number of records (substrate-
enzyme pairs) contained within each enzyme commission (EC)
class [39], as well as the number of proteins and substrates
involved throughout the study.

The distribution of substrate molecular weight (MW) and
amino acid sequence length are shown in Fig. 2. In Dataset #1,
the maximum MW is 6176.02 g/mol, while most of the substrates
have their MW <2000. In Dataset #2A, the MW of all substrates
are within 2000, with the maximum value of 1578.66 g/mol.
Enzyme sequences in Dataset #1 are mostly within 1500 amino
acids, with the longest one having 3712 amino acids. Sequences
in Dataset #2A are all within 1200 amino acids. Even with the
above differences, the distribution patterns of the two datasets are
essentially similar for both MW and sequence length, suggesting
that Dataset #2A is suitable to validate the performance of the
models.

Substrate processor
In this study, we first constructed substrate and protein proces-
sors separately to solve the problem of data imbalance, because
proteins and substrates can have different degrees of repetition
in Dataset #1 during forming pairs through different combina-
tions. We calculated the characteristic value for each substrate
in Dataset #1 to serve as the response of each substrate during
the construction of substrate processor model. The characteristic
value of a substrate, the mean Kcat value for all the records of the
given substrate, can indicate its overall activity when served as
a substrate to different enzymes. In total, 2647 substrates with
their characteristic values were obtained from Dataset #1, and
were divided into two groups in a 9:1 ratio for model training
and test purposes. As depicted in Fig. 3A, the best model was
achieved at the 10th epoch, which achieved the lowest root-
mean-square error (RMSE) on the test set, with a value of 4.297.
The corresponding RMSE on the training set for this model was
3.895. The detailed performance of this model on the training
and test sets are shown in Fig. 3B and C, respectively. This model
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Figure 1. A flowchart highlights the key components of Kcat model development in this work. We first constructed the substrate processor and protein
processor separately utilizing Dataset #1 and then conducted feature augmentation with both processors. Next, all the generated feature embeddings
are combined to train the general-purpose Kcat prediction models. Three parallel experiments are conducted during the training and testing the general-
purpose Kcat models. Last, Dataset #2A was further applied to objectively evaluate the general-purpose Kcat models.

Table 1. The distribution of substrate-enzyme pairs in dataset #1 and dataset #2A.

Dataset #1
(Model training and validation)

Dataset #2A
(External validation)

Oxidoreductases (EC = 1) 6528 90

Transferases (EC = 2) 4027 37
Hydrolases (EC = 3) 3147 29
Lyases (EC = 4) 1577 1
Isomerases (EC = 5) 790 2
Ligases (EC = 6) 542 0
Translocases (EC = 7) 7 2
Record total number 16 618 161
Unique Sequence 7787 144
Unique Substrate 2647 32

EC: The first part of the enzyme commission (EC) number of a sequence. E.g., EC number 1.14.14.2, is categorized to EC = 1 in this table.

was further developed in the following step to generate substrate
embeddings for general-purpose Kcat model construction.

Protein processor
Similarly, we obtained 7787 different protein sequences with their
calculated characteristic values from Dataset #1 for constructing
the protein processor using the randomly generated training and
test sets split at a 9:1 ratio. The model optimization process
is exhibited in Fig. 4A. The best-performing model on the test
set achieved an RMSE value of 4.895 at epoch 27, while the
corresponding RMSE on the training set was 3.699. The prediction
results of characteristic values for each protein sequence by this
model versus the calculated characteristic values (mean Kcat

value for each protein sequence) are displayed in Fig. 4B and C
for the training set and test set, respectively. Apparently, the
protein processor has better performance than the substrate pro-
cessor, indicating that the sequence information should influence
the Kcat values more significantly than the substrate structure

information. We also obtained the R2 value between the char-
acteristic values and the predicted values for sequences in both
training set and test set, which are 0.462 and 0.264, respectively.
This model was further developed in the following step to gen-
erate protein embeddings for the general-purpose Kcat model
construction.

Kcat prediction model: data augmentation and
model combination
After we have constructed and selected the top models as the
substrate and protein processers, we focused on exploring their
joint contribution to the general-purpose Kcat prediction model.
Specifically, we modified the model output from a specific value
to a multi-dimensional vector to convey more detailed informa-
tion on the characteristics of the substrate structures or enzyme
sequences [40]. We generated two 30-dimensional feature vectors
for all the entries in Dataset #1 (Supplemental Table S3), one for
substrate structures and the other for enzyme sequences. The two

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf212#supplementary-data
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Figure 2. The distributions of Dataset #1 and Dataset #2A. Left: Distributions of substrate molecular weights in two datasets. Right: Distributions of
amino acid sequence lengths of the proteins. The scatter and half-violin plots display the frequency distribution for each data group. Black dots in the
halfviolin plots represent the mean values for these groups. The box plots illustrate the central tendency of the data, highlighting the medians and
quartiles for both groups.

Figure 3. The performance of the substrate processor model. (A) The changing RMSE for the training and test sets during the model training process. The
marked numbers are RMSE values for the best model (epoch 10). (B) The performance on the training set of the best model (epoch 10). (C) The model
performance on the test set of the best model (epoch 10).

Figure 4. The performance of the protein processor. (A) The RMSE changing for the training and test sets during the model training process. The marked
numbers are RMSE values for the best model (epoch 27). (B) The performance on the training set of the best model (epoch 27). (C) The performance on
the test set of the best model (epoch 27).

feature vectors were then applied as descriptors to construct the
general-purpose Kcat model. In total, we generated three random
numbers to split Dataset #1 differently for model construction,
and the splitting details are recorded in Supplemental Table S4.
The selection of random numbers is explained in the Method part.

A close examination on the performance of the prediction
models using a variety of machine learning algorithms, the bagged
decision tree ensemble model consistently performed the best,
followed by the exponential Gaussian process regression (GPR),

and then the support vector machines (SVM). As shown in Fig. 5,
for each machine learning algorithm, the models of three random
splits exhibit similar performance in terms of RMSE and R2. The
mean RMSE values are 3.369, 3.521, and 3.658 for the top models
trained by ensemble, GPR, and SVM, respectively; while the mean
R2 values are 0.538, 0.495 and 0.455 for the three corresponding
algorithms. Apparently, the ensemble algorithm outperformed
the others, thus, their models were selected for Kcat prediction and
further expanded to predict specific enzyme classes.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf212#supplementary-data
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Figure 5. The model performance, measured by correlation coefficient square – R2 (left panel) and rootmean-square errors-RMSE (right panel) of
top machine learning models. Different random numbers were applied to divide dataset #1 into training and test sets. Higher R2 indicates better
correlation between predicted log 2 K cat values and the experimental ones in dataset #1. Lower RMSE value indicates lower prediction error of
log 2 K cat . GPR: Gaussian process regression; NN: Neural network; SVM: Support vector machine; tree: Decision tree.

Figure 6. The test set performance of the models generated under three random splits on the dataset #1. For a comparison purpose, the performance of
the Li et al.’s model constructed using the same dataset is listed as follows: Random number 1357: R2 = 0.203; random number 1234: R2 = 0.516; random
number 0103: R2 = 0.543. Note that we reproduced Li et al.’s model using the code they provided in GitHub.

We further investigated the model performance of the three
ensemble models. As illustrated in Fig. 6, the scatter plots demon-
strate similar patterns and exhibit similar performance, with the
very small standard deviations of RMSE and R2, which are 0.109
and 0.016, respectively. More importantly, our models perform
slightly better than the best model by Li et al. R2 values of our mod-
els are slightly better than that predicted by Li et al.’s [30] model.
As expected, the general-purpose Kcat prediction models show
clear improvement when combining the features from both the
substrate and enzyme processors (Figs. 4 and 6). Specifically, the
R2 increased from 0.264 of the protein processor to 0.538 (average)
and RMSE decreased from 4.895 of the protein processor to 3.402
(average). This suggests that the feature vector of the substrates
carries much valuable information for Kcat prediction, albeit the
model performance of the substrate processor is unsatisfactory.

In summary, the results from parallel experiments indicate
that models generated with our modeling protocol possess excel-
lent prediction accuracy and high stability, basically unaffected
by random data splitting. The three bagged decision tree ensem-
ble models are exported for further external validation using
Dataset #2A.

External application of Kcat prediction model
Dataset #2A includes 161 new yeast protein-substrate pairs, con-
taining 144 unique yeast proteins and 32 unique small molecule
substrates, as shown in Fig. 7. Considering that the protein plays
the main role in the prediction of Kcat value for a catalytic reaction,
we calculated the sequence similarity between each sequence
from Dataset #2A and its most similar sequence in Dataset #1 if it

doesn’t have an identical match. According to the sequence and
substrate similarity between the two datasets, we divided Dataset
#2A into three groups.

After dataset clean up (details were presented in the Method
section), Groups A and B have calculated protein sequence iden-
tity ranging from 34.6% to 100%. The protein sequences in Group C
have identical match in Dataset #1, but they form new substrate-
enzyme pairs with different new substrates in Dataset #2A. As for
sequences in Groups A and B, the difference from the most similar
ones in Dataset #1 fall into the following three scenarios as illus-
trated in Fig. 8: (1) deletion/addition at one end of the sequence; (2)
single/multiple mutation of the sequence; (3) deletion/addition in
the middle of the sequence. From the substrate perspective, only
Group A includes existing substrates in Dataset #1, while those
in Groups B and C are all new substrate entries. The inspection
of Dataset #2A revealed that our external test library contains
mostly new substrate entries and includes proteins with diverse
sequence identity compared to those in Dataset #1.

Applying our previously constructed substrate and protein
processor models, each protein-substrate pair in Dataset #2A
was converted into two 30-dimensional vectors as input features.
The Kcat value for each pair was then predicted using the three
general-purpose bagged decision tree ensemble models. As shown
in Fig. 9. The three models produced a similar pattern of the
observed vs. predicted scatter plots and maintained very good
prediction performance, with the average RMSE and R2 values
of 3.972 and 0.500, respectively. It is encouraging that the per-
formance of external validation using Dataset #2A only slightly
declined. As shown Fig. 9, scatters tend to distribute around the
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Figure 7. Similarity between substrates and protein sequences from dataset #2A and dataset #1. The sequence similarity is calculated by MUSCLE
software.

Figure 8. Illustration of sequence difference between Dataset #1 and Dataset #2A in three different scenarios. Top: Scenario 1; bottom left: Scenario 2;
bottom right: Scenario 3.

Y = X trendline, and there is no obvious trend for sequence length
to influence the model prediction performance. This indicates
that our models are applicable to proteins with varying input
sequence length. Furthermore, only two records from Dataset
#2A contain substrates existing in Dataset #1, suggesting that our
models can be applied to novel substrate entries.

Figure 9 shows that predictions for new Kcat records do not
display a distinct performance between different groups, A and
B versus C, as indicated by the distribution of scatter shapes
(circles for Groups A and B, triangles for Group C). We further
investigate the sequence identity’s impact on the model perfor-
mance focusing on only records in Groups A and B, allowing us to
objectively evaluate our models’ predictive performance when an
entry containing new sequence.

For each sequence in Groups A and B, the calculated sequence
identity with its most similar sequence in Dataset #1 using the
Clustal Omega and MUSCLE programs are listed in Supplemen-
tal Table S5. The calculation results indicate that the MUSCLE pro-
gram introduced fewer gaps during sequence alignment. There-
fore, we used the identity scores generated by MUSCLE for subse-
quent analyses. As shown in the Fig. 10, sequences with identity
>50% and those below 50% each account for roughly half of the
total. Most of the scatters are still distributed around the Y = X
trendline, while calculated sequence identity doesn’t show signif-
icant influence on model prediction performance, as illustrated
by the evenly distribution of the marker colors. This demonstrates
that our model performs robustly, even when predicting proteins
with low identity compared to proteins in Dataset #1.

Focused learning – CYP450 enzyme Kcat
prediction model
Here we present a case study to illustrate how to customize our
general-purpose model to improve its prediction accuracy of Kcat

prediction for a specific enzyme category. We first filtered out
all the Kcat records in Dataset #1 that involves CYP450 enzymes,

resulting in a sub-library containing 794 substrate-enzyme pairs.
This CYP450 Kcat sub-library will be applied to fine-tune our
general-purpose Kcat prediction model. The previously generated
substrate and protein processors remained unchanged, as well
as the feature vectors generated for training the general-purpose
models. Considering the size of the sub-dataset is small for the
focused learning, we split this sub-library into 8 groups and
performed leave-one-group-out training to reduce random effect
[41]. We also conducted three parallel experiments to randomly
split this library, with the aim of investigating the robustness of
our modeling protocol.

The data splitting results are exhibited through violin fig-
ures in Fig. 11A–C, with the model performance through parallel
experiments shown in Fig. 11D–F. Our model maintained stable
predictive performance, as evidenced by the similar R2 and RMSE
values across parallel experiments. Additionally, the model has
achieved an improvement in prediction accuracy. The focused
model achieved an R2 of 0.633 on average, representing a signifi-
cant improvement over the general-purpose models on both the
validation set (0.538 on average) and the external test set (0.500
on average). This indicates that the substrate and protein pro-
cessors can serve as pretrained models, and the general-purpose
Kcat prediction model can be personalized for a specific enzyme
category.

Discussion
This study aimed to develop robust Kcat prediction models. The
models we developed demonstrated stable performance, unaf-
fected by the random data splitting. We used the same dataset
used by Li et al. for model construction, allowing us to directly
compare the model performance of our models to theirs with
the RMSE and R2 performance metrics. As a result, our models
outperformed theirs according to R2 values from multiple parallel
experiments.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf212#supplementary-data
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Figure 9. The performance of the three models on Dataset #2A for external validation. Sequences length ranging from 174 to 1074 amino acids are
represented in different colors according to figure legend. The dash line represents the Y = X trendline. A total of 122 records from groups a and B, which
include new sequence inputs, are represented by circles (•). Records from group C, where all sequences have exact matches in dataset #1, are depicted
as triangles (�).

Figure 10. Application of three general-purpose models on Dataset #2A for records in group A and B. The sequence identity of a sequence in Dataset
#2A and it most similar sequence in Dataset #1 was colored according to the figure legend. The sequence identity is from 34.6% to 100%.

We have successfully come up with a solution for a challenging
issue in machine learning, i.e., data imbalance. Our solution is
not limited to Kcat prediction, but also applicable in many other
machine learning projects. The data imbalance issue is more crit-
ical in this project as there are many repeated protein sequences
and substrates in the enzyme-substrate pairs, and the occurrence
of repeated protein sequences and substrates is different from

one sequence to another or one substrate to another. Thus, it is
very difficult to generate random datasets which all have similar
occurrence distributions for those repeated protein sequences
and substrates.

To efficiently address this issue, we preprocessed the protein
sequences and substrates separately. By obtaining the mean Kcat

value for an enzyme or a substrate as the characteristic value,
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Figure 11. The performance of focused learning models from three parallel experiments. Each column represents an individual experiment. Panels
A, B, and C display the distributions of Kcat values for the sublibrary which was randomly split into eight groups. Panels D, E, and F show the model
performance under different data splitting conditions, with the axis label on the left for RMSE and the axis label on the right for R2. Each individual
RMSE and R2 value reflects the model performance when a specific group is used as the validation set in the leave-one-group-out approach. The average
RMSE and R2 values represent the summary statistics when each group is sequentially used as the validation set.

we were able to estimate the overall ability of each enzyme to
catalyze reactions or the susceptibility of a substrate to enzyme
reactions. The characteristic values served as the response of each
enzyme or substrate during the construction of separate pro-
cessors. This treatment effectively addressed the data imbalance
issue in Dataset #1.

Building separate processors not only addressed the data
imbalance issue but also increased the flexibility of our Kcat

model. Each processor can translate an entry into a multi-
dimensional vector that thoroughly characterizes it, with
adjustable output dimensions to guarantee the general-purpose
Kcat models not only accurate, but also robust. Additional
descriptors can also be incorporated into current prediction
model if those features are relevant to the catalytic reaction.
In future work, we will develop additional descriptors to more
comprehensively capture the properties of catalytic reactions,
which can further enhance our model’s performance.

Finally, our general-purpose Kcat prediction models exhibit sta-
ble performance on the validation set of Dataset #1 and external
test set, Dataset #2A. Parallel experiments have demonstrated
that our modeling protocol perfectly addressed a limitation of
prior work that used the same dataset for model construction,
and generated models whose performance was unaffected by
random splits of the dataset. Additionally, using CYP450 enzymes
as an example, we demonstrated that the general-purpose models
can be refined for a specific enzyme category with significantly
improved prediction accuracy. This focused learning strategy
addressed another challenge in machine learning, data scarcity.
One of the main challenges in machine learning projects is the
availability of large, high-quality datasets for model training. It is
known that available Kcat data for CYP450 enzymes are quite
limited, making it difficult to develop highly reliable models
purely relying on the small CYP450 dataset. This focused learning
protocol can also be applied to other major enzyme categories
collected by Dataset #1. By using the pretrained substrate and
protein processors and fine-tuning the general-purpose models
against a filtered subset of Dataset #1, we can efficiently adapt
the models to specific needs. In recent years, physiologically
based pharmacokinetics (PBPK) modeling plays a more and more

important role in drug development [42–46]. One needs enzymatic
parameters including Kcat and Km to construct a high-quality
PBPK model. However, those metabolic parameters are frequently
unavailable for drugs or drug candidates. Our model can assist
by predicting these essential parameters, thus supporting both
preclinical and clinical studies. Moreover, our models can benefit
other research areas, including drug lead prioritization and drug
candidate selection, and enzyme engineering.

Our future studies will investigate alternative approaches to
construct the two types of processers. For example, chemical
bidirectional transformers [47], represented by ChemBERT [48],
can be applied to extract substrate information, while protein
language models, represented by ProtBERT and ESM2 model [49,
50], can be applied to characterize the protein sequences. We
will identify the combination which achieves the best model
performance. In addition, a great effort will be put to curate Kcat

data in the public databases, as we found that there are large
discrepancies of the measured Kcat values of the same substrate-
enzyme pairs in different databases. All the curated datasets from
different sources will be merged to construct one of the largest
Kcat datasets, to facilitate us to construct more robust models for
Kcat prediction.

Conclusions
In this study, we successfully resolved two major challenges in
enzymatic turn-over rate prediction, namely, data imbalance and
data scarcity. For the first challenge, we separately constructed
processors for enzyme proteins and substrates, to generate fea-
ture vectors for the construction of the general-purpose Kcat

models. This treatment enabled us to generate highly robust
prediction models for Kcat prediction, as the model performance
is basically independent from random data splitting. Our Kcat

models achieved the prediction R2 of 0.538 on average, which
is slightly better than the model constructed with the same
database from recent publication. Moreover, our models are very
robust as their performance is insensitive to the sequence length
and sequence identity of the enzyme protein and whether the
substrate structures exist in the training set or not. For the second
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challenge, we utilized a focused learning strategy to fine tune
the general-purpose models to enhance the model performance
for a specific enzyme category. Indeed, our focused model for
CYP450 enzymes achieved a very encouraging performance with
an average R2 of 0.633.

Methods
Dataset preparation
The overall dataset for model training, validation and external test
are extracted from the publication of Li et al. [30]. To ensure com-
parability between their study and ours, records in the datasets
were only reduced when necessary—primarily to remove dupli-
cates and occasionally to exclude conflicting records within the
dataset.

In this study, separate protein and substrate data libraries
were obtained from Dataset #1 to construct separate processor
models (Fig. 1). The separate libraries were created as follows:
for each unique substrate or sequence in the original dataset,
the average of all associated Kcat values was calculated. This
averaged value served as the characteristic value for the substrate
or sequence. The characteristic values were used as the response
or the dependent variables in training the processor model.

Substrate processor: Attentive FP model for small
molecules
The original attentive fingerprint model (AtFP) was proposed by
Xiong et al. [51, 52], which was a state-of-art graph-based neural
network modeling method aiming at the prediction of molecular
characteristics [53–56]. We implemented the code from GitHub
(https://github.com/OpenDrugAI/AttentiveFP) and constructed
prediction models to process substrate input in SMILES string
format. All the models were generated using the PyTorch package
[57]. Model performances were evaluated by using RMSE and
correlation coefficient square (R2) between the characteristic
values and model predicted values for substrates.

Protein processor: LSTM model for proteins
The protein sequence was processed using a long short-term
memory (LSTM) model to generate 30 sequenced descriptive fea-
tures. The LSTM model was built with a single layer and 128-
dimension hidden layer by Python with package PyTorch [57]. The
lengths of all input sequences were adjusted to the length of
the longest sequence by padding zeros. Loss function was set to
mean squared error (MSE) and stochastic gradient descent (SGD)
was chosen as the optimizer. The learning rate and weight decay
were set to 0.0001 and 0.011, respectively. Feature generation was
constructed by applying a linear transformation to the tensor in
hidden dimension, producing the specified number of descriptive
features. Model performances were evaluated by using RMSE and
R2 between the characteristic values and model predicted values
for protein sequences.

Kcat prediction model: Feature augmentation and
model combination
The construction of general-purpose Kcat prediction models uti-
lized the regression learner module in Matlab (version R2024a),
while the top-ranking models were chosen as the general-purpose
Kcat prediction models, whose performance was further validated
by the external test set (Dataset #2A). All models were evaluated
by calculating the RMSE and R2 between the experimental Kcat

values and the predicted ones for all substrate-enzyme pairs.
To ensure the robustness of the generated models, we divided

Dataset #1 into training, validation and test sets using three
different random numbers, with a splitting ratio of 8: 1: 1. The data
splitting ratio is the same to the original publication by Li et al. [30].
To facilitate cross-study comparability, we listed the three random
numbers below:

(1) Random number 1234. This random number is derived from
the publication by Li et al., ensuring that the split of Dataset
#1 matches exactly with the training, validation, and test
splitting results reported in their study.

(2) Random number 1357. This random number was used dur-
ing our reproduction of Li et al.’s experiments, where we
observed that the choice of random number significantly
affected their model performance. When we replaced the
random number with 1357 to split Dataset #1, their model’s
R2 value decreased from 0.5 to 0.2.

(3) Time-dependent random seed. This was a random order
generated based on the timestamp during the experiment
and was used for splitting Dataset #1. The generated order
was recorded to enable reproducibility of the experimental
results. In subsequent experiments, for ease of reference, this
order was named “random number 0103” (R2 for test set is
0.52 for Li’s model under this order).

The evaluation of model performance
The performances of both independent substrate and protein
processors, as well as the comprehensive Kcat prediction model,
was assessed by overall RMSE and R2 value between the charac-
teristic/ Kcat values and the model predicted values as previously
described, based on the equations below [58–60]:

RMSE =
√

1
n

∑(
ypred − yobe

)2.

Where n is the number of records, yobe represents the character-
istic value for a single substrate, a protein entry or the Kcat value of
a substrate-enzyme pair, and ypred stands for the predicted value
for each input/pair. R2 will be calculated by the equation below:

R2 = 1 −
∑(

yobe − ypred
)2

∑(
yobe − y

)2

Where yobe and ypred represents the same with previous, y is the
mean of all yobe values involved in respective calculation.

External test of Kcat prediction model
In Li et al.’s publication, they mentioned another dataset (Dataset
#2) involving 343 yeast/fungi species, which they used for the
external application of their Kcat prediction model. We also uti-
lized this dataset as an external test set to critically validate
our models. However, during our experiments, we discovered
that many records in Dataset #2 were duplicated with entries
in Dataset #1, with identical substrate-enzyme pairs and corre-
sponding Kcat values. Therefore, we removed all duplicate records
from Dataset #2, resulting in a clean external dataset (Dataset
#2A), which allowed us to objectively evaluate the model perfor-
mance [61].

We compared the sequences from Dataset #2A with the pro-
teins contained in Dataset #1 to assess their identities. For those
protein sequences only occurring in Dataset #2, we calculated
its sequence identity to every sequence in Dataset #1. Sequence
alignment and subsequent sequence identity calculations were
performed using two programs: Muscle and Clustal [62–68]. Note
that a short protein sequence in Dataset #1 which has fewer than
50 amino acid residues were neglected during the above sequence

https://github.com/OpenDrugAI/AttentiveFP
https://github.com/OpenDrugAI/AttentiveFP
https://github.com/OpenDrugAI/AttentiveFP
https://github.com/OpenDrugAI/AttentiveFP
https://github.com/OpenDrugAI/AttentiveFP
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comparison and sequence identity calculations. Sequence iden-
tity was calculated as the ratio of the number of identical amino
acids at aligned positions to the number of all non-gap aligned
positions [69–72]. The sequence identity value obtained for a
pair of sequence alignment containing gaps >20% of the shorter
sequence length was also discarded [73–75]. Subsequently, we
collected and ranked all the sequence identity results with an
aim to identify the most similar sequence in Dataset #1 for each
protein sequence in Dataset #2A. To judge if two substrates are
actually the same molecule, we converted all substrates into
canonical SMILES strings prior to comparison [76, 77], as every
substrate has an unique canonical SMILES string.

Focused learning
We applied the focused learning strategy to fine-tune the general-
purpose Kcat prediction models obtained in the previous step to
enhance the prediction accuracy for a specific enzyme category,
such as Cytochromes P450. To conduct focused learning, one
needed to first either extract a subset from Dataset #1 or pre-
pare a separate dataset for the targeted enzyme category. Next,
protein and substrate embeddings should be generated using the
developed protein and substrate processers, respectively. Last, the
new model was trained solely using the dataset of the enzyme
category.

Key Points

• We proposed a novel protocol to construct Kcat prediction
models, introducing an intermedia step to separately
develop substrate and protein processors.

• The separation of the substrate processor and protein
processor addressed the problem of data imbalance in
the original dataset, caused by varying degrees of repe-
tition of enzyme proteins and substrates when forming
different pairs.

• The separation of the processors also provides greater
flexibility in customizing the general-purpose Kcat pre-
diction models to enhance the prediction accuracy for
specific enzyme classes.

• The fine-tuned Kcat models for a specific enzyme cat-
egory through focused learning address the challenge
of data scarcity during the construction of prediction
model for an individual enzyme category.

• The general-purposed Kcat prediction models, including
the separate processors, are available for application and
customization upon request.
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