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Abstract

Peptide toxicity prediction holds significant importance in drug development and biotechnology, as accu-
rately identifying toxic peptide sequences is crucial for designing safer peptide-based drugs. This study
proposes a deep learning-based model for peptide toxicity prediction, integrating Evolutionary Scale
Modeling (ESM2), Bidirectional Long Short-Term Memory (BiLSTM), and Deep Neural Network (DNN).
The ESM2 model captures evolutionary information from peptide sequences, providing a rich context
for the sequences; the BILSTM network focuses on extracting contextual dependencies, thereby captur-
ing long-range dependencies within the sequence; and the DNN further classifies the extracted features to
achieve the final toxicity prediction. To enhance the reliability and transparency of the model, we also con-
ducted motif analysis to identify key patterns in the data, which helps to explain the model’s attention
mechanism and its classification performance. To address the class imbalance in the dataset, we
employed Focal Loss as the loss function, which enhances the model’s ability to identify minority class
samples by reducing the contribution of easily classified samples. Experimental results demonstrate that
the proposed model performs exceptionally well across multiple evaluation metrics, particularly in han-
dling imbalanced data, achieving significant improvements over traditional methods. This result highlights
the model’s potential to improve the accuracy of peptide toxicity prediction and its valuable role in drug
development and biotechnology research. The PLPTP web server is available at https://www.bioai-lab.
com/PLPTP.

© 2025 Elsevier Ltd. All rights are reserved, including those for text and data mining, Al training, and similar technologies.

Introduction acids. They occupy a unique position in biology
due to their length and complexity, which lie

Peptides are short chains of amino acids linked by between individual amino acids and longer
peptide bonds, typically consisting of 2-50 amino  proteins.’~* Over 7,000 naturally occurring peptides
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have been identified, each playing a crucial role in
various biological processes. For instance, peptides
can function as hormones to regulate physiological
processes, as neurotransmitters to transmit nerve
signals, or as antimicrobial agents to protect the
body from pathogens.> ® The simple structure and
ease of synthesis of peptides make them highly
valuable in biological research and medical applica-
tions. In drug development, many natural peptides
are utilized for their demonstrated biological activi-
ties, such as antimicrobial, antiviral, and
immunomodulatory properties.” ' These charac-
teristics make peptides promising candidates for
the development of new therapeutic agents.'®'*
Thus, understanding the structure and function of
peptides is essential for advancing drug discovery
and treatment strategies.

However, while peptides can perform their
biological functions, they may also pose toxic
effects on organisms, known as peptide toxicity.
Peptide toxicity refers to the phenomenon where
peptide molecules interact with cell membranes or
intracellular targets, leading to cell damage or
death. The toxicological properties of peptides are
influenced by various factors, including their
sequence, structure, dosage, and route of
administration.’®'® Therefore, despite the thera-
peutic potential of peptides, the evaluation of pep-
tide toxicity remains a crucial step in peptide
development, ensuring that therapeutic peptides
do not cause harmful side effects when adminis-
tered to patients.'”"°

Although the importance of peptide toxicity
prediction is increasingly recognized, existing
prediction methods still face several limitations.
Traditional experimental methods are often time-
consuming, labor-intensive, and costly, making
them unsuitable for high-throughput screening. In
recent years, with the advancements in
computational biology and artificial intelligence,
computational approaches for peptide toxicity
prediction have become a research hotspot.?®'
These methods primarily rely on machine learning
models to predict the toxicity of unknown peptides
by extracting and recognizing patterns from known
toxic peptides. For instance, ATSE is a peptide tox-
icity prediction tool based on graph neural networks
and attention mechanisms, utilizing peptide molec-
ular graphs and evolutionary information to predict
potential toxicity.”> ToxIBTL combines convolu-
tional neural networks (CNN)?>2° and bidirectional
gated recurrent units (BiGRU)?’ in a hybrid network
to automatically learn evolutionary information
within peptide sequences, and employs a model
based on graph and statistical features to generate
physicochemical features for predicting the toxicity
of peptides and proteins.?® ToxinPred2 integrates
multiple techniques, including BLAST-based simi-
larity searches, motif searches using the MERCI
tool, and machine learning prediction models, to
identify peptides and proteins.”® CSM-Toxin is a

peptide toxicity prediction model based on Trans-
former models that encode protein sequence infor-
mation using the deep learning natural language
model ProteinBert.*>°" CAPTP employs a novel
encoder combining convolutional modulation and
self-attention to automatically learn peptide
sequence representations, improving the accuracy
of peptide toxicity prediction from sequences.®*

Nonetheless, these methods still face challenges
in practical applications, such as insufficient model
generalization, limited quality and scale of
datasets, and uncertainty in feature selection.
These issues limit the accuracy and reliability of
peptide toxicity prediction methods, necessitating
further research and improvements.

To address these issues, this study developed a
peptide toxicity prediction method called Protein
Language Model-based and BiLSTM-enhanced
Peptide Toxicity Prediction (PLPTP), which utilizes
a combination of Evolutionary Scale Modeling
(ESM2)*® and Bidirectional Long Short-Term Mem-
ory (BiLSTM).** The ESM2 model, through deep
learning on a large corpus of protein sequence data,
captures evolutionary information within protein
sequences, demonstrating excellent performance
in processing biological sequences. BiLSTM, a type
of recurrent neural network suitable for sequence
data, effectively captures long-term dependencies
within sequences. By integrating protein sequence
embeddings generated by ESM2 with a BiLSTM
network, our model can better understand the com-
plex features within peptide sequences, thereby
improving the accuracy and robustness of peptide
toxicity prediction. Compared to traditional meth-
ods, the ESM2 with BILSTM model demonstrates
higher efficiency in handling large-scale sequence
data and possesses stronger generalization capa-
bilities, enabling more accurate predictions of the
toxicity of peptides.

Methods and Materials

Benchmark dataset

In this study, we used a dataset constructed by
Jiao et al.* This dataset was initially collected by
Shi et al. from the literature on CSM-Toxin,*®
ToxinPred2,?° and ATSE,** and the samples were
filtered to ensure that their lengths were all within
50 amino acids. To supplement the non-toxic sam-
ples, they also retrieved manually annotated and
reviewed non-toxic peptides from the UniProt®
database, excluding sequences containing non-
standard amino acids or those longer than 50 amino
acids. After merging these non-toxic peptides with
the existing dataset, samples with conflicting labels
were removed. Following the deduplication pro-
cess, the final dataset included 2,138 toxic peptides
and 5,375 non-toxic peptides. Of these samples,
85% were randomly allocated for training, while
the remaining 15% were used as an independent
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Table 1 The Training set and Test set for peptide toxicity.

Dataset Negative sample  Positive samples  Total

Training Set 4569 1818 6387
Test Set 806 320 1126

test set. Table 1 presents the Benchmark dataset
used for peptide toxicity prediction.

In this study, we performed statistical analysis on
the amino acid frequency distribution and peptide
length distribution in the dataset. First, we
observed significant differences in the amino acid
frequency distribution between positive and
negative samples, with certain amino acids
showing notably different frequencies across the
two groups. This suggests that these amino acids
may play an important role in distinguishing
peptide toxicity. Furthermore, we found that the
amino acid frequency and peptide length
distributions in both the training and test sets are
highly similar, demonstrating the rationality of the
dataset split. This consistency ensures the
reliability and validity of model evaluation, while
also mitigating potential biases from an
imbalanced or improperly divided dataset.
Figure 1 shows the distributions of amino acid
frequencies and peptide lengths in in the training
and test sets.

Focal Loss

In this study, the dataset has a significant class
imbalance issue, with a large disparity between
the number of positive and negative samples. This
imbalance may adversely affect the training
process of the model. Traditional cross-entropy
loss functions tend to be dominated by the
majority class when dealing with imbalanced data,
leading the model to favor predicting the majority
class and thus neglecting the correct classification
of minority class samples.

To address this issue, we have adopted Focal
Loss®® as an alternative to the traditional cross-
entropy loss function. Focal Loss is designed to
handle imbalanced classification problems by intro-
ducing a modulation factor that reduces the contri-
bution of easily classified samples to the loss and
puts more focus on hard-to-classify samples.®’
The definition of Focal Loss is as follows:

ey ) (1 =p)Tlog(p),  y=1
Hmo“m{ﬂmmﬂwﬁpm y=0

where p, is the model’s estimated probability for the
true class, a; is a weighting factor used to balance
class importance, and vy is a focusing parameter
that adjusts the weight of easy-to-classify
samples. Specifically, the Focal Loss dynamic
reduces the loss weight of correctly classified
samples, thereby allowing the model to focus

(1)

more on minority and hard-to-classify samples.
This approach effectively addresses the class
imbalance issue and improves model performance
on minority classes.

In practical application, adopting Focal Loss
significantly improved the model's performance on
minority class samples. Compared to traditional
cross-entropy loss, Focal Loss is more effective in
handling imbalanced sample distributions, leading
to more accurate predictions across different
classes. The test set results for various loss
functions are shown in Table 2.

The architecture of the proposed method
PLPTP

In this study, we propose a hybrid model
architecture based on ESM2, double-layer
BIiLSTM, and Deep Neural Networks (DNN)*° for
the task of peptide toxicity prediction. First, the
ESM2 model serves as a feature extraction module,
generating high-dimensional context-aware
embeddings from peptide sequences. Built on the
Transformer architecture, ESM2 leverages its self-
attention mechanism to capture long-range depen-
dencies between amino acid residues, producing
feature representations that encompass both local
characteristics and global semantic relationships.
Thanks to pre-training on large-scale protein
sequence data, ESM2 also encodes evolutionary
and structural insights, providing rich inputs for sub-
sequent layers.

Next, the double-layer BIiLSTM module
processes the sequence features output by ESM2
through bidirectional modeling, capturing both
forward and backward temporal dependencies
within the sequence. Its memory cells and gating
mechanisms effectively address the vanishing
gradient problem encountered by traditional RNNs
in long sequences, enhancing the representation
of comprehensive global and local features while
preserving critical information.

Finally, the features processed by BiLSTM are
fed into the DNN, which performs nonlinear
transformations and integration through a multi-
layer fully connected network. The DNN
progressively increases the level of feature
abstraction, yielding highly expressive feature
representations, and outputs a probability vector
for peptide toxicity prediction. This architecture
combines ESM2’s sequence comprehension,
BILSTM’s temporal feature extraction, and DNN’s
deep integration capabilities to achieve precise
toxicity predictions.

Given the widespread use and proven efficacy of
ESM2, BILSTM, and DNN in sequence modeling
tasks, we provide only a brief overview here.
Detailed model structures and algorithmic
specifics can be found in the original
papers.®***3® And Figure 2 illustrates the PLPTP
framework.
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Figure 1. (A-B) The amino acid frequency distribution shows the prevalence of each amino acid in the dataset,
illustrating their occurrence across the peptide sequences. (C—D) The peptide sequence length distribution shows the
distribution of peptide lengths, revealing the range and distribution characteristics of the peptides.

Table 2 Performance of different loss functions.

Methods BACC SN SP MCC AUC
Focal-Loss 0.976 0.975 0.978 0.944 0.997
Cross-Entropy Loss 0.929 0.903 0.956 0.969 0.969

Note: The highest score in each column is shown in bold.

Evaluation metrics

To comprehensively evaluate the model’s
performance in peptide toxicity prediction, this
study employed five key evaluation metrics®®“°:
Sensitivity (SN), Specificity (SP), Balanced Accu-
racy (BACC), Matthews Correlation Coefficient
(MCC), and Area Under the Curve (AUC). These
metrics offer a multifaceted view of the model's

performance, ensuring that the results are broadly
applicable and reliable. The formula is as follows:

SN =

TP+FN
SP = TN+FP
BACC = (SN + SP) 2
MCC — (TPxTN)—(FPxFN)

\/(TP<FP)x(TN+FN)x (TP-+FN)x (TN+FP)

SN reflects the model's ability to identify toxic
peptides by calculating the proportion of actual
toxic peptides that are correctly predicted as toxic.
This metric is crucial as it helps minimize the
number of missed detections, thereby enhancing
the model's practical utility. SP assesses the
model's ability to identify non-toxic peptides,
calculating the proportion of actual non-toxic
peptides that are correctly predicted as non-toxic.
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Figure 2. The model architecture of PLPTP contains four main modules. (A) Dataset module. (B) ESM2 module.
(C) Double-layer BiLSTM module. (D) Classification module. (E) Web Server module.

High specificity indicates that the model effectively
distinguishes non-toxic peptides, reducing the
likelihood of misclassifying non-toxic peptides as
toxic.

BACC combines sensitivity and specificity to
provide a comprehensive evaluation of the
model’'s performance in situations with class
imbalance. This metric is particularly important as,
in real-world applications, there is often a
significant disparity between the number of toxic
and non-toxic peptides. BACC balances the
assessment of both positive and negative
samples, offering a fair evaluation of the model’s
ability to handle imbalanced datasets. MCC

provides a more comprehensive assessment by
considering all four types of predictions: true
positives, true negatives, false positives, and false
negatives. MCC ranges from —1 to 1, with 1
indicating  perfect prediction, 0 indicating
performance equivalent to random chance, and
—1 indicating completely incorrect prediction.
MCC is particularly valuable for imbalanced
datasets as it provides an accurate evaluation of
the model’s performance across both positive and
negative classes.

AUC measures the model’s discriminative ability
by assessing the area under the ROC curve. AUC
values range from 0 to 1, with values closer to 1
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indicating a stronger ability to differentiate between
positive and negative classes. AUC is a
comprehensive metric that evaluates the model’s
performance across various classification
thresholds.

By integrating these evaluation metrics—SN, SP,
BACC, MCC, and AUC—this study provides a
thorough analysis of the model’'s performance in
peptide toxicity prediction from multiple angles.

Experiment and Discussions

Comparative analysis of PLPTP with classical
models

In this study, we compared various classical deep
learning models, including Transformer,
Transformer with GRU, ESM2, and combinations
of ESM2 with different feature extraction modules
such as CNN, GRU, and BIiLSTM. Each model
exhibited varying degrees of performance
improvement in the task of peptide toxicity
prediction from protein sequences. The classical
Transformer model effectively captures global
features in sequences, but its ability to model
structural information is limited, leaving room for
improvement in fine-grained feature extraction.

To address this limitation, we combined the
Transformer with modules like GRU and CNN to
further enhance the model's ability to capture
temporal dependencies. The transformer with
GRU excelled in capturing long-range
dependencies, while ESM2 with CNN effectively
extracted local features through convolutional
operations, significantly improving the model’s
overall performance. However, despite the
improvements in BACC, SN, and SP achieved by
these combined models, there remain some
limitations in capturing the complex dependencies
within sequences.

In contrast, the final ESM2 with the BILSTM
model achieved the best results across all
evaluation metrics. By combining the strong
representational power of ESM2 with BILSTM'’s
ability to capture Dbidirectional sequence
dependencies, the model not only retained the
global feature extraction advantages of the
Transformer but also optimized the processing of
temporal information. As a result, the model
performed exceptionally well in terms of SN, SP,
and BACC. Notably, it significantly outperformed
other models in the MCC, demonstrating its
robustness on imbalanced datasets. The results
are summarized in Table 3 and visualized in
Figure 3.

Performance of ablation experiments on the
baseline model

In the ablation study, we evaluated the impact of
removing specific components from our model on
its performance across various metrics. The

Table 3 Results of common deep learning methods on the
Test set.

Model BACC SN SP MCC AUC
Transformer 0.909 0.878 0.940 0.812 0.854
Transformer + GRU 0.914 0.866 0.963 0.839 0.935
ESM2 0.924 0.924 0.924 0.823 0.975
ESM2 + CNN 0.930 0.900 0.960 0.862 0.910
ESM2 + GRU 0.969 0.975 0.920 0.920 0.990
ESM2 + BIiLSTM 0.976 0.975 0.978 0.944 0.997

Note: The highest score in each column is shown in bold.

results are summarized in Table 4 and visualized
in Figure 4.

First, removing the ESM2 component resulted in
a significant performance decline, highlighting the
crucial role of ESM2 in the model's ability to
capture relevant features. There was a noticeable
decrease in all metrics. The BACC dropped from
0.976 in the full model to 0.901, while the AUC fell
significantly to 0.925, indicating a reduced
capacity for feature extraction. Additionally, the
SN decreased from 0.975 to 0.844, and the SP
dropped from 0.978 to 0.958, suggesting the
model’s ability to distinguish between positive and
negative samples was impaired. The MCC, an
indicator of overall prediction quality in binary
classification tasks, also fell from 0.944 to 0.814,
further underscoring the critical role of ESM2 in
the model.

On the other hand, the removal of the BiLSTM
component resulted in a smaller performance
reduction, demonstrating that its impact was less
pronounced compared to ESM2. Specifically, the
model with BILSTM removed had a balanced
accuracy of 0.924, an AUC of 0.975, and both SN
and SP of 0.924, with an MCC of 0.823. These
metrics are considerably better than the model
without ESM2, indicating that while BILSTM
improves performance, its contribution is not as
vital as that of ESM2. BiLSTM primarily captures
sequential information, whereas ESM2 is able to
capture more complex evolutionary features,
which may explain why the removal of BiLSTM
leads to a smaller drop in performance.

The complete PLPTP model achieved the highest
performance across all evaluation metrics. The
balanced accuracy reached 0.976, AUC was
nearly perfect at 0.997, and SN and SP were
0.975 and 0.978, respectively. The MCC was
0.944, demonstrating that the combination of
ESM2 and BIiLSTM enables the model to
effectively capture the complexity of sequences
and make more accurate predictions in the
classification task.

Comparative performance of PLPTP with
existing models

In comparison with existing prediction models
CSM-Toxin,* ToxinPred2,”® ToxIBTL,*® CAPTP,*



S. Gao, Y. Jia, F. Cui, et al.

Journal of Molecular Biology 437 (2025) 169115

Comparison of Models on the Test set
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Figure 3. Results of common deep learning methods on the Test set.

Table 4 Results of removing different modules in the
model on the Test set.

Model BACC SN SP MCC AUC
Remove ESM2 0.901 0.844 0.958 0.814 0.925
Remove BILSTM 0.924 0.924 0.924 0.823 0.975
PLPTP(our) 0.976 0.975 0.978 0.944 0.997

Note: The highest score in each column is shown in bold.

the PLPTP model exhibits superior performance
across all evaluation metrics, significantly surpass-
ing other approaches. As shown in Table 5 and

—— Remove ESM2
Remove Bilstm
—— PLPTP(our)

— e /
sp

Figure 5, the PLPTP model demonstrates excep-
tional performance, with a BACC of 0.976 and an
AUC nearly reaching 1.0 (0.997). The model’'s SN
and SP were 0.975 and 0.978, respectively, demon-
strating its high precision and stability in peptide tox-
icity prediction tasks. In contrast, although other
methods perform well in certain metrics, they still fall
short compared to PLPTP overall. For instance,
while ToxIBTL and CAPTP excel in SP, they do
not match PLPTP in SN and overall balance. Nota-
bly, CSM-Toxin shows poor performance across all
metrics, with a BACC of only 0.478 and an SN as
low as 0.041, highlighting its limitations in peptide
toxicity prediction.

Figure 4. The shows the results of removing different modules in the model on the Test set.
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Table 5 Comparison of existing methods on the Test set.

Model BACC SN SP MCC AUC

CSM-Toxin 0.478 0.041 0916 —-0.076  0.400
ToxinPred2 0.642 0.959 0.325 0.299 0.874
ToxIBTL 0.916 0.916 0.916 0.803 0.916
CAPTP 0.916 0.906 0.926 0.811 0.959
PLPTP(our)  0.976 0.975 0.978 0.944  0.997

Note: The highest score in each column is shown in bold.

Furthermore, although ToxinPred2 achieved an
SN of 0.959, its performance in other important
metrics like SP and MCC is less satisfactory, with
a BACC of only 0.642. This indicates a
shortcoming in balancing prediction results. In this
context, PLPTP demonstrates a clear advantage,
not only showing balanced performance in SN and
SP but also maintaining a high level of model
balance, as evidenced by its MCC of 0.944.
Overall, PLPTP represents a significant
improvement in peptide toxicity prediction tasks
through its innovative architectural design.

Meanwhile, to further validate the model's
performance, we adopted a more stringent
threshold to divide the training and test sets. The
results of PLPTP wunder this stricter data
partitioning remain outstanding, and the relevant
evaluation results can be found in the
supplementary Table 1.

UMAP visualization and analysis of model
attention

In this study, we utilized UMAP (Uniform Manifold
Approximation and Projection)*'“ to visualize the

performance of the model on the test set. UMAP
is a dimensionality reduction technique that can
embed high-dimensional data into a lower-
dimensional space, making it easier to observe
the structure and patterns of the data.

As shown in Figure 6(A-B), Figure 6(A) depicts
the raw data after encoding but prior to training. At
this stage, the features have not yet been
optimized by the model, resulting in a scattered
and disordered distribution of data points in high-
dimensional space. The points from different
classes are intermingled and difficult to
distinguish, fully reflecting the high heterogeneity
of the original data. To further investigate the
model’'s classification effectiveness, we applied
the same UMAP dimensionality reduction to the
features after model processing. Figure 6(B)
illustrates the features extracted from the layer
immediately preceding the classification step in
the DNN. At this point, the UMAP visualization
reveals a striking transformation in the data
structure: the data points are distinctly clustered
into two well-separated groups. This clear
separation demonstrates that the model, through
training, successfully extracts and differentiates
the key features of samples from different classes,
highlighting its exceptional classification capability.

In addition to the UMAP analysis, we conducted a
detailed examination of the model's attention
mechanisms and compared it with the motif
analysis obtained from the data. Attention
mechanisms provide insights into which parts of
the input data the model focuses on during the
classification process. By analyzing these
attention maps, we could identify how the model
emphasizes different regions of the data and how

Comparison of Existing Methods on the Test Set

AUC 4
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|
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Figure 5. The performances of our method and existing methods on the Test set.
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Figure 6. (A) The UMAP visualization of the input data prior to model inference. (B) The UMAP visualization of the

data after model inference.

these regions impact the classification results. The
motif analysis*®** further complemented our under-
standing by identifying recurring patterns or motifs
from the data, which help to explain the features
the attention mechanism focuses on.

To enhance the reliability and transparency of the
model, we performed motif analysis using the
traditional tool STREME,” with the results dis-
played on the right side of Figure 7. The left side
of Figure 7 shows the sequence attention score
heatmap obtained from the ESM2 model, where
the brightness of the color reflects the score level,
with higher scores corresponding to brighter colors.
By comparing the left and right sides of Figure 7, we
can observe that the sequence fragments captured
by the model effectively map to the motifs identified

by STREME on the right side, further confirming
that the model is able to recognize and capture crit-
ical sequence information. Our motif identification
results are highly consistent with those detected
by the MEME Suite tool STREME, validating the
model’'s effectiveness in recognizing conserved
sequence features. Additionally, both P-values
and E-values are used to assess the significance
of the match between the sequence and motif.
The P-value indicates the degree of deviation from
randomness, while the E-value represents the
expected frequency of the match occurring in ran-
dom data. The smaller the values, the more signifi-
cant the match.

Through both the UMAP visualization and the
detailed attention and motif analysis, we gain

N n
a2 sbe M e s p-value: 9.29e-9 E-value: 2.0e-006
.S‘AAKVKVSLypnp(cyupac;,\uusnlca‘na SD
5 LE
p-value : 5.0e-001 = - ¥ 57578 o v e
E-value: 2.0e-001
M S D ILNA TRLPGAYUPPVPMPCVGDADNTFTIULTRGENLSC
—
p-value : 3.1e-002

E-value: 1.2e-001

Figure 7. The correspondence between motif analysis and the attention heatmap in the model.
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comprehensive insights into the model’s ability to
classify and differentiate between samples. The
UMAP plots illustrate the improvement in the
model's classification capabilities, while the
attention and motif analyses provide a deeper
understanding of the model’s internal processes
and feature extraction mechanisms. Together,
these analyses validate the performance
improvements and offer valuable perspectives on
the model’s operational dynamics.

Web Server Module

To facilitate peptide toxicity prediction for
researchers and users, we developed a user-
friendly online web server that allows users to
perform quick predictive analysis using the model
trained in this study. By integrating the trained
model, users can directly upload sequences and
obtain prediction results without needing complex
programming or hardware support.

Users only need to upload the target peptide
sequence in FASTA or text format to the platform,
and the server will automatically run
preprocessing steps and predict the peptide’s
toxicity through the model. The backend server
uses ESM2 to extract high-level semantic features
of the peptide sequence, then BIiLSTM captures
bidirectional dependencies within the sequence.
The entire process is transparent to the user,
without requiring any deep understanding of
machine learning or deep learning models. The
PLPTP web server is available at https://www.
bioai-lab.com/PLPTP.

Discussion and Limitations

In this study, we employed a model integrating
ESM2, BILSTM, and DNN to address the issue of
peptide toxicity prediction. ESM2 is responsible for
extracting deep features from peptide sequences,
enhancing the sequence representation using
evolutionary information, which enables the model
to capture the potential functional characteristics
of peptide chains and provides high-quality input
for the subsequent components. BIiLSTM
processes the peptide sequences bidirectionally,
capturing the temporal dependencies between
amino acids, allowing the model to better
understand the contextual information within the
sequences, especially the influence of distant
amino acids, thus enhancing the feature
representation. DNN then integrates the features
from ESM2 and BILSTM, utilizing its nonlinear
mapping ability to help the model recognize
complex feature relationships, ultimately improving
the model’s ability to predict peptide toxicity.

Although the model demonstrates significant
performance improvements, there are still several
limitations and potential areas for enhancement.
One of the primary limitations is the model’s
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complexity and computational demands. The
combination of ESM2, BiLSTM, and DNN results
in a complex architecture that requires substantial
computational resources and time for training.
This complexity may lead to longer training
periods and increased resource consumption,
limiting the model’s scalability, particularly when
applied to larger datasets or real-time scenarios.

Additionally, given the model’'s complexity, the
risk of overfitting remains a concern. Despite
employing techniques such as dropout and
regularization, the model's complexity still
presents a risk of overfitting, especially if the
dataset is not sufficiently large or diverse. Without
proper management, the model may perform well
on training data but struggle with generalization to
unseen samples.

The issue of data imbalance continues to be a
critical challenge. While Focal Loss has been
employed to address this problem, the model’s
performance can still be affected by the inherent
imbalance in the dataset, particularly with lower
accuracy in predicting underrepresented classes.

To address these limitations, future research
could explore several avenues for improvement.
Simplifying the model architecture or employing
more efficient training algorithms could reduce the
computational burden and improve scalability.
Additionally, incorporating more  advanced
regularization techniques or ensemble methods
could help improve the model's generalization
ability and reduce the risk of overfitting. To further
tackle the issue of data imbalance, methods such
as data augmentation or synthetic sample
generation could be investigated to better
represent minority classes and enhance the
overall model performance.

Conclusion

This study presents a model based on the ESM2
combined with BILSTM and DNN architecture
applied to peptide toxicity prediction tasks. By
integrating the powerful representation capabilities
of ESM2, the efficient sequence information
capture of BILSTM, and the deep feature
extraction of DNN, the model demonstrates
outstanding performance across multiple
evaluation metrics, achieving significant
improvements in balanced accuracy, AUC, SN,
SP, and MCC.

Furthermore, comparisons with classic machine
learning and deep learning models further validate
the model's superiority in complex sequence
pattern recognition tasks. Combined with the
interpretability  analysis of the  attention
mechanism, the model not only performs efficient
peptide toxicity prediction but also accurately
identifies and focuses on key motif regions within
sequences, providing biologists with a tool for the
in-depth understanding of the relationship
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between protein sequences and toxicity. Overall,
the PLPTP model offers a precise, robust, and
interpretable  solution for peptide toxicity
prediction, with significant research and practical
value.

Availability and implementation

The data and methods are available at https://
github.com/birdsmart/PLPTP. For the convenience
of the research community, a web server has
been established at https://www.bioai-lab.com/
PLPTP.
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